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ETF 1DCNN-BIiLSTM-DOQN W ARBFEIEIFE R &8y

P RRA. BEM . R o, H & EWR, Fas”

(1. I RZFR LSRG, T 212013 2. LA L RLA R & AT 78T, P95t 210014)

W OB B SR EE TO 5 VA DA IR B Y A R R SR S K B B, 3 T I A 2R N R AN ) 1) R
TR IR — Rl Rl & — 4E B AR 4 M 4% (one-dimensional convolutional neural network, 1DCNN) . X¥ A4 i 124048 ™
#% (bidirectional long short-term memory, BiLSTM) HiRE Q M %% (deep Q-network, DQN) [#] IDCNN-BiLSTM-DQN
WL TS o XY SR R TS 5 2 B 1 2 RO ARARHAE 3@ B 0 B A SR IR B ) T35 5 0o s A 4y e
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T ZMEINEAY  FURE TR K AR RO i SR
J7id, GEIE I R R AR RS AL AL AN A 8 R
LMk () O, R VR KB R RS R T2 I e AN
o BEAEBHE IRBNHR I K E, PEP PR R 2 K H AR A
BEBIN, P DU SR 5 13 50 (1 B o) st o 4K 3 251
MK ICAZ M4 (long short-term memory, LSTM)
X i AR A AT TR, 38 A& R 2 AR
AR, SRR AR T, PO REAEEN 0.938,
N 0.703. BHREL £F xR = PR i BE AR A )
W 7 AN e AROUE A28 AN 78 70 1 ) 8, X ) o
28 2 R RN = DN URIEEAT S5, B SR 2 iR 2 Tt
B, SRRSO — BRI A M4 (one-dimensional
convolutional neural network, 1DCNN) Fl[ 1421 3 ¥t

(gated recurrent unit, GRU) &5 &4 42 il % 5 55 T 45
AL, AEH GRU XJ [y 520 B2 £ 48 AT RRAE SR I, AL XS
1~4 h B3 BT T, ke RECH 0.970, 577
%1358 °C, i IDCNN 5 GRU #A). AgEE"" £+
XAV it A iR R A AE AN A S e, AR
Transformer 424 1A I, ¥ o4 B ip A8 46 52 Y 22 A
7 JE SRR, SIS U R AR TR, A e RS
F) 0.918, FHILXTREZE 0.501 Co BTSN bt & 4
Pl P R AR 2R R L S5 G E ST i (principal
component analysis, PCA) . 3¢ i {1 #% -5 % ¥ H 1%

(Levenberg-Marquardt, LM) 7 #h % N AR B
[5] )94 7 (nonlinear autoregressive with exogenous input,
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NARX), ##H PCA-LM-NARX %!, SZHL T & i
FELETRM o X1 RLEN AT Sy L e g <o I B TR P, R
FERD A ITHERZEZ RIFTURE R, RS
J3 (support vector regression, SVR) F1H [\ 775 5 F- 13
1 A (autoregressive moving average, ARMA) , {fi
SVR XA BEAT T, 5 B ARMA #5578 (1) 5% 22 T {5
IR RTINS, XA 4R 20N 0.1832 °C,
YIHMRRZEN 04540 °C o IR AT DLSE AR ML 2 31
(DU R TN, L S Y B 2 B AR I 5 s TE v BE A 5
WA NH W, BN EENERZE, JLHELE
FEWZ BN R R T, BN EENMEIA L,
TR B . DRk, R TRARR GE AR A B B A8k
SIS A 25 B T T v

NRAME SR 8] 75 SO Y S A TG RO PE 22, $THA
TR f) TN R o PR A AR E M, B AT BT S A AR
A0 7 T BE AT Skl 10, AR ST ) AR 4 R T i
X 5T Informer 224 FIHK 10 124 28 I 2% 1 a5 o) A4
AT EZHA, DR B AG f J2 iR B2 000 RS 2
R e REUEE] 0.978, 554l Informer FHLL, 77
MR 22 FF IR T 0.448 'C; PEREA %5 U'SVf 8 4% 5195 An
Transformer &5 &, HHAT AR k— MK E TN, 258K
HHANJEE TNN (transform neural network) #EFRUFHLL, BT
BT (R T HE R SR T 89.8%; SR R A K
LI AZ 0 2% 4 R R A4 B Bk £ 88 2 o) SRR K
TR S G . SR PR bR AENL 2S5 ) B SR AT
DA, &5 53 I3 O 2% Ja R R A 0 PR ABE 28 40 S M 2
EH) 09875, BRiEZEA 000936, iRHFFERM, @it
A 2 HOR AR A AT DA A 28 By 765 3 I A R ot e o
itk B, K SHOERRAABE 5] B & & TR A5
TEPE BTN, AT DARR AR AR 0 PR R B A AR A R I R

FET G, BPOTRS AR PR T AL . 2 A
B 0 DA S 3 A A 2R 2 4 ] o 5 B AR PR TR
AR R, 42 H—Fh IDCNN-BiLSTM-DQN 404 Tl
BRL, 2% R RGP 41 s Ay & A R AL
ARy A B A I TR AR I, T8 B ey L AR et
B 7 B4 o il o R & . IDCNN $2 5 i
35 1 SRR RFAE, fd A BiLSTM (bidirectional long short-
term memory) $&HUIA 73 & I I 3 AR AE, K5 PR
KFFIEPHZ G 20 420 42 )2 W o 45 208 B T AR . %1 X
IDCNN-BiLSTM #5170 R AR A5G T RS FE AN 2 1+
@, R E Q M 4% (deep Q-Network, DQN) 4 ##
FE A ST P A A (1) 8 S HOE AR AL, AR B Y AE T
XPE R RN I TRONRG B2 5 B e, Y& R B R
(AR S NSRS

1 #RFEE

1.1 REBIBERES T
111 #ERE

ARHIF T8 B0 R IR VT 7548 M T v S T v S S 4 ]
145 M7EMNE, REMNEKE 10lm, EE 12m, B
75 T 3ok ) 7 XURIE 7 XL, 44 i@ i ) 7 A XL
I ARIE S 2 e 3 AR S < P BB R R A A

(18 SM2110B. M &3 Hl-30~85 °C, Wl HE &
9+ 0.5 °C, @I Y RS485 MODBUS-RTU Atk i
MO, REERTH N 2025 45 3 H 22 H—2026 4£ 3 H 22
H, REERIFGWEN Smin, Rt REZIE 105408 4.
RS L LRI NINSREE . R uFsE. M4
1.1.2  FEma 2

BT REMIA BRI S NAE, A 75 R85 5
HATEAR A — AR B

X—X
x _\/Var—(x) D

K2R E, X&FHE, var)& %, x 2
HEALAE -
1.1.3 841 Sh 698 E 4038 AT

P 1A X R < P A B A IR R A il 2R, S
SESNINRE RPHE ST, & NREAR L ES
&AL ABFTIE 3 AN H A — AN F AT B
X5, BEEGT 3 A TR, Rk e 22,
KEHXZE, BEFINEER BFHER, MHXT&EIMNE
AR, SWNIEERFEONTS; EEZEREN, &
AN FE T, SRR B ShiB 7 RWLBEAT PR R E,
AN T ENEET R, SWIEERE ETHEEE S
KTa&oh; RESNIMNRERDE R, & NS EE
NV AT MR RS PRAG, I PS5 38 i 5 P
IR RNLIS AT HCE s ORI, 15 & NIRE B e
T b

o # Wil Indoor house temperature  © %741 fit £ Outside house temperature
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Fig.l Annual temperature variation inside and outside the duck
house
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S BRI SRS BT T B 0 R, A SO M 3 T AU ) iR
O T AR SR 2R A . W 2 Fios, B 1IDCNN-
BiLSTM Al DQN 320 A%, SR 5 HCfe 5L A8 o e P
Kd ol R m sy BRIy &, o, mi &8 H
PN B DR SRR, AT O AT S SRR, R
UK FE) A B PO I R S A A ] T R B 2R (S 5
FEMIERY b, FIF 1IDCNN $2E 400 5w (1 5 S 4L
FIH BILSTM # BUE AT 43 & 1 B P AR BRI, 45
FPFAEE I P SRS SE M 2 REER A, S8 EZE
3 U TR 25 SR e o AR )R S o N TR
ARG s R I N 2 ) T, KRR P Q X8 B NS iR
TR, 4 2 DQN 54 RE 1A S2 B 2 30 14 1 2
DQN # e R AT R 2 5 5, Wit 585 H,
H 8RS R ., FaUZ % Dropout R SCHEH S 51
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12 M Pt A, KT IDCNN-BILSTM-DQN (1] P 55 5t A 4 3 75 F ) A 5 75
LA S, FETHEL TR _M i 2)
120 AF B Dot EHE HIIE S =2, x0T ?

FH T 5 U8 B2 P 8 R AE 22 B R A BB N s,
SRS P A I . DRI, 7 o0 B BGR E E H
% ] JARR A XS R A TIOR3 B B OC L, AT AR
RO L AR e AT S < P LR N AR 2 ) L A
SfE L, IR AR B (X ) PRI &
(Xiow) o i JEAS 5 S (k) B S Bk A8 e (discrete
Fourier transform, DFT) B PAERRA

__________________________________________________

S (k) s B B v A2 i Hh e 505 ool B OR B

i, C: TORRAEM, min; NALRFERE (N=

87600, INMEEUALL; k BRI E; KRR,
PRy ke R R BEHUAA T (min) %€ SCN

n:%@:LGwm) (3)

DQNE RefA i 17 2 4
DQN agent tune model
parameters

Discrete Fourier transform

BiLSTM

Feature fusion and

[
N | ) it D IDCNNHitk o |
{m )3 | foho iti N [ 1 i |
Temperature data : High-frequency decomposition : : %}D}lE'DCNN module WAL ' : ;ﬁj&&ﬁ% SR |
| components [ = Pooling layer | | Concatenation I a1 !
| | | Convolutional layer L model Fully connected layer |
E ! = [ [ |
! — [ !
|
— | w— 1 |
! 0 P :
I 1 : H 1
| i | |
! = ! TR | 1
! I /) | PTTTTI T oo mmmemmoommoommees 1 e IR I
| Low-frequency decomposition | : IEMLSTM IERLSTM | | |:> :> [Predlctfd |
: components : | Forward » Forward : : emperature :
' L LSTM LSTM Ly :
| — | | |
: / \ : : I :
| P XFILSTM TEFLST™ b |
i ! : Backward |« Backward | i FEIE R 5 T i
! P T bl Lt b P Besk |
! ¥ ¥ |
| P L i

iLSTM module

prediction module

DQNE Be M AT S 4
DQN agent tune model
parameters

7E: IDCNN & 4B R4, BILSTM ZXUA KEICZMZ R4, DQN R Q 4
Note: IDCNN is one-dimensional convolutional neural network, BILSTM is bidirectional long short-term memory neural network, and DQN is Deep Q-Network.

A2

IDCNN-BIiLSTM-DQN A2 A! #4k 5 4 B

Fig.2 Overall structure diagram of the IDCNN-BiLSTM-DQN model

122 AT %A 2 R %6) 5 M E4F/ER I

HRMZ N4 (convolutional neural network, CNN)
B¢ FLEH LECUN 252U 7 1998 4EHE . CNN V& Ji 2% =] i
MO R E S5 E . BREMSIEREE
FEHCEHE A 1) R OB AE, WL ETERE EEE RN
RIS T 5C BURFIE B4, 8 A SEI0 & AU R AE SR B
REAE RS . 1S 8 e B AR e ) s A s, A
IDCNN [P RUALAE I [ 4EFE W B, $HUI 7 50000 1) Jm 3
FFIE

IDCNN i 3 E—4E GBI, B KN
N5 3.3, IEIEHUKION 32, 64, 128, H, FH1ZE
K KGR DA IR RS2 B il 8 55 5 0 [l 1 3
Bk, J5 2 ERABNERZ, £ 1 B EEEAR E
PREUEE EH 0 ST 0 SR SR AE . A ns 2 U Sl, M ek
Rk S, EEZEBEREEAMIT—1LE ReLU ¥
TR VYT [A) 4 B AR E B A, &l A R HE M
SERIA K BEAN B P LE R AR N R — RN, B b MREAR
128 4 [FIRFAIE 17 2 [ b, 128] .

123 A FREAh 2 R 4 69 1& 5 B 4FAEIR IR

TEN 7 HE AL FE A, IDCNN R i 25 AU 7 I ]
YEPEVEEN, A RGREUR A AT, HE R 2 AL
5P X DA RS B K R 0 R P2, b A e
5N LSTM AL Ak e ML, % REEI B LSTM 3%
T3 s B (t0 — O A SR IBCIR S by, TEE VT ) A SR %]
(> t)RMER . ASCEA 2 ML R LSTM #4780,
KX ] LSTM &5 44, [R) B 4ifi sR 5B 7 0 I i 1) 5 )5 1)
I PO ¢ R BILSTM 25 a8l 3 frzx o Hif ) LSTM
J2 b R B o x ], BT D RARCR B T JE
LSTM J2 4 85 51 [x, %y Xol, 460 5 140 B GHOIR 245 I,
Frim LSTM Al JG ) LSTM % i R E 45 5 3347 B i,
i b AMEEA 256 4ERIRRIE ) & [D, 256] .
124 4HIERRA-5 FMAE R

Kl 4 RFRFERRLA 5 WSR2, K IDCNN A3 Y
FAY R A4 BT 128 HEARFAE ) B A1 BiLSTM AR $2 B (11K
Aoy B 256 4ERFE ) BT B, 183 384 4ERRHIE
W&, PHEERR RS =R SRR W% IE R R,
B & S ELR R T
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DRSSO (V= = R R TR =g 2
Dropout 1AL 2 AL B JE A N2 1. R 14
R R RN ITER S, RIS B E W, ,
SRAIEIN b Aw B ) J5, I ReLU WU ef B AT IR 2R
WA, 1350 64 4ERIRHIEAIER, . tHREAIA (4.

384
1 _ 1 1
h! —ReLU[Zwm f,-+bp] (4
i=1
INE RIILSTM)Z JG [HLSTMJZ =

Input layer Forward layer Backward layer Output layer

B

= hy(b)

I
|

) 4

- EI
=
v

e X, X, 0 X NI FRINT A 1, 2, 0 ¢ DR & hy(f),
hy(f), -y B(f) TG LSTM FE5E 1, 2, ..., ¢t AN 8] 25 4 HH AR BRORIR 25 1) &
hy(b), hy(b), ..., h(b) NJ5 17 LSTM FESS 1, 2, .., ¢ /M ]2 i A R bR 2
;0 0,,..., 0,9 BILSTM 75 1,2, ..., t N[5 (R 2850 L 1l o
Note: Xj, X,, ..., X, are the input vectors at the 1st, 2nd, ..., z-th time steps of the
time series input sequence; h,(f), hx(f), ..., h(f) are the hidden state vectors output
by the forward LSTM layer at the 1st, 2nd, ..., #-th time steps; h,(b), hy(b), ...,
h(b) are the hidden state vectors output by the backward LSTM layer at the 1st,
2nd, ..., t-th time steps; O,, O,, ..., O, are the final output vectors of the
bidirectional long short-term memory (BiLSTM) network at the 1st, 2nd, ..., #-th
time steps.

B3 W& KAZITIANE W 4 LhH)
Fig.3 Structure of bidirectional long short-term memory

(BiLSTM)
IDCNN
T B [b,128]
?#ﬁ%*%ﬂ _’Dropout_’ éliiﬁ)?l
[5,256]+[h,128] [,384] B | |15.384]- [b,64]
BILSTM i
&AL 5 - [5,256] Dropout
B
1
=91t Standard scaler | __| LERE3 - Y=Y
TE WA [6,32]2[b,1] [b,64] [5,32]

VE: [b,128] H b ALK/, 128 NRFE4ESL, FIFl; StandardScaler ¥ 48
HIbREAL AL, o YR T A

Note:In [b,128], b is batch size, 128 is the feature dimension, same below; The
inverse transformation of StandardScaler restores the single-dimensional output
to actual temperature values.

B4 4FfEaeebBaliaizn
Fig.4 Flowchart of feature fusion and prediction
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Kl 5 5 DOQN FREA R 45 H B, DQN 5 BEM K A XU 2%
gk, o 3 W4 38 SR IR B ML AR S E P B R gk AT
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(ke e, A5 2 o 3K o5 X 4% 11 2 B0 2 ) 31 H A X 4% o
I o8 B, WA H AR 45 35 2% S B R F B
BEAh, N T YRR A AR R, SR E BRI R,
SN 5 B LA, 38 I E 22560 A i 2 b X TR AR A KR
FEARKCHE, 1% AR 7E 5 P 858 52 HL ik R wp 8 6% B AL 4l X
22 B AT U RPL 2L B SR AE I 5T 46 1 TS A7
it 78 R BB FEARVE RIIZREE. Rk, TEBIEIZRM B
SR REFHANBEEELRAAMENX, —HEF
HEIAPTEBIE, R KA RN, @i
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Fig.5 Structure of the DQN agent
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At ESE. FT 1IDCNN-BiLSTM-DQN ) PAI S 5% 58 FF 15 1 15 T 5 7 77

T RS ES W A A G R 0~2 TR R
JBUE R /ANVIRZS 73 885 UL 128 R HEREAT IH— 1k MR
HORZE 7 S N B IRIE ;s IR NARZS 70 5 S5 18 ] R
M AL AR R ALRE 0 B SR it il g i, Forp
Adam AP 254 1, HARMALE A 0: IIZRIEEDRZ 5
S RMAT I G fR B B REAR T IR R MR
BERIPEREIRZSS o L 0 — AL IR ZEFR AR IR BV E S 152 o

2) ERENEFS, BREREIEA R A B 12 40 E
HUEE, 2 NESSHOR BN E B S RURmE. ES:
SHOREEXT IR BRUE R/ M Z . Dropout %
KANEZHOIAT IR, @SR e RS EI E .
P ESE S HOR B S G L AR IRGI, #h RS A
EHVEEN. BSOS EH Tt KR ik %,
AR I FE B R AL %, R b g i RS
FRIRTS, ERRR AR, RENESS B0 B
SRR BIAE, B ORI ) R PR AT AT

3) IREHR, IR HE R G B 5 2 B EH LA,
xF T IES SO B E TS

St+1 = St + B(SL)AG, + e,,e,‘prl,,f(a,) (D)

Rt S, BT MREHE, S, W UARAIERE, es) N
BHS, WERIIEF R, A, Joit L BER A 115
WO, o, AYERSRAERER, A, WEARAS
i,

4) FOREBCSH TG, SRR H T

1 & ,
um=ﬁglgmoum%m—gu%mﬁmx (10

KA LO)VAMGE S ITUR R, NANEAREE, Nk
HIREAR,  Omax (501, Oma) NTESIRES T HI B K OMH . 4T
Xof a7 AL AL AN, AR TSR TR A AL,
FEAHE: 1) RMSE B384, S5 K RMSE
BRARES e N B, R NUE; 2) R® B3 2 mpL
i, RS BRI A A O B, R R UE.
T 0 o R SR AR TR P LR R AR S . RN T
ih TR BB SIS, IR

5) FEESE, FE MK YIRS S QBT R
FEIRES, DL L e- o BWLHIA TN EIE e, ERLAEI I

=
— {arandomp & ( 1 1 )

argmaxQ(s,a,0)p<e
:—Et EP argmaXQ(S7a7 g)j\j ﬁgﬁff%l‘ E,:J HE_I‘Xj( Q{E E,:J Z‘jj ’ﬁ; s Orandom
NEENERE— A E. A PEIRESRA, 5IANTEE
WEREREe, eBEINGRER 852 .
&(t) = max (0.01,1xd,") (12>

A d, NI T, BN 0.995.
6) QEIHE, BRI 2 Fy B Xy L 2 il A 5
Il JE AR B TR — O B, R
Q(s[,a,ﬂm,) = + ')’er (S1+1 »a; (SH-] ) emax) ;etar) dl ( 13 )
Kby NI, FoRARKENEFTIRG O A UG
S AR re 8T RSB RNE: 6w N H
N RNE S

1.3 MEERESSHIRE

A AR SR 548 python3.14.0, pytorch2.9.1
FEZESZEL, AbHEZS A AMD Ryzen 54600U .

W7 R F 5 221 DON & figfk, 42 ik zh &
A 2%, 1DCNN-BILSTM #1 DQN % R 44 X% F
x4, #HEARBE R/ Baten_size=64, Dropout
IEMEZ H 5 E N 0.2,

*1 RESHRE

Table 1 Model parameter settings
Mozflgéifeter IDCNN BIiLSTM DQN agent
JZ% Number of layers 3 2 \
HeAk# Optimizer SGD SGD Adam
%% 3] % Learning rate 0.005 0.005 0.005
A E T, Weight decay \ \ 1x107°
WS R Activation function ReLU ReLU ReLU

e T R %S
Note: “\” indicates that the model does not have this parameter.
1.4 EEMMEEITTNIERR

S VEA W 5 G < i B TN AT A R, U T B 2 )
% Z% (mean absolute error, MAE) . #J F#Ri%Z (root
mean square error, RMSE) i€ R % (coefficient of
determination, R®). HAKIHHFIAXSHWT.

1 n
MAE=- = Vi (14)
. ,§=1 ly: —yil

I e
RMSE= n;(y,» ) (15)

D YN0

R=1-Z——

PIRCES

Aoy RSB, ST, TR SRR, 0 K
URITGRE

2 GR5H5

2.1 RENNGZERS SR
2.1.1  ARE TR o oA

9 7 B4F IDCNN-BILSTM-DQN i J& i ] 45 7Y 1)
PERE, o AR A X IR0 5 40 B A0, I BUEFE E WS
7 BILSTM. IDCNN. TCN. Transformer 2§ 4 57
HHATILH . 3R 2 A AR RS ) T 45 SR Xt bk, AR ]
PLA H, IDCNN# # P f8 it T TCN. Transformer
1 BILSTM Z5 A 7Y,

®2 TRIEEBETUNERIIEE

Table 2 Comparison of temperature prediction results friom

(16

different models

T

o o 2

Predictionmodel MAE/C RMSE/T R
TCN 0.96 1.10 0.98
Transformer 0.60 1.10 0.99
BiLSTM 0.41 0.83 0.96
IDCNN 0.33 0.41 0.95
IDCNN-BIiLSTM 0.15 0.22 0.99

¥ MAE P45t 2%, RMSE N¥ITIRIEZE, RMUE REL
Note: MAE stands for mean absolute error, RMSE stands forroot mean square error,
and R? represents the coefficient of determination.
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il IDCNN £ 7 #F 5] X BiLSTM J&, MAE [#1% ~
0.15, RMSE [£{%5 022, R* &3] 0.99, #i%PEaEsE
FI0A B 52T
2,12 IR REMKRILT 69428 FRORH AT

NI IEH ) DQN 24 BE AR FR 858 IR 15 5L R X Tl
MR AR AR, FEARFRAEMET, X E S
(IDCNN-BILSTM) #& ¢ &5 DQN % fig 7 1 tb = %
(1DCNN-BiLSTM-DQN) 5 B (] i B T 14 g 647 1
WA, SERNE 3 s, [l S B0 A LR AN F
RABT NN EZFHE, EHRELT, BT &M
FERE AR T 2%, R TUIIRG P s SRS R
FH T HE AR A4 5 35008 P AR A B R, A R T A A
%y EM KRBT, HTFRIRERE, SEREMKTT
MR ZZ K. 25k DON & R IE R R S 405,
3FRA T R Y E RN, MAE 1 RMSE K. #
5 211 DQN % fig A BE AR 4/ 4 IR B AR b 1 38 B 1

BRI 2% 5] % . Dropout A ZH, A RHRTHEH
FER TR T TS 5 B bt

&3 EESHIEEF DON MUSHIERAEE
FmLE R
Table 3 Temperature prediction results of fixed-parameter model
and optimized-parameter model

R [i] 7 ML S AR Y DQN itk 2 Hhsi i
RRM (1DCNN-BiLSTM) (1DCNN-BiLSTM-DQN)
Weather type - - > . - 5
MAE/C RMSE/C R MAE/C RMSE/C R

BIK Cloudy  0.29 0.36 0.77 0.18 0.23 0.91

i X Sunny 0.48 0.59 0.79 0.23 0.31 0.94

K Rainy 0.54 0.70 0.72 0.33 0.46 0.89
2.1.3 RR#AT KR

kA5 BAIE T H AR AR AN R B N D KT 1
fe, A RBEEARMANSEK (24, 48, 72) F, Xt
Et 7 IDCNN-LSTM. 1DCNN-BiLSTM. 1DCNN-BiLSTM-
DQN 3 MEEATEA R ZE T T e, 45500k 4 s

F4 TRIMASKIOTHRE UM ARG R

Table 4 Statistical results of the impact of different input step sizes on temperature prediction performance

B HK IDCNN-LSTM IDCNN-BIiLSTM IDCNN-BiLSTM-DQN
Dataset Stride MAE/C RMSE/C MAE/C RMSE/C MAE/C RMSE/C
ES =] 24 0.60 0.72 0.65 0.80 0.15%* 0.21%*
Late winter and 48 0.47 0.60 0.62 0.91 0.10%* 0.17%*
carly spring 72 0.65 0.88 0.49 0.67 0.14%* 0.19%*
HFEAREX] 24 0.60 0.77 0.31 0.39 0.14%* 0.25%*
Late spring and 48 0.73 0.98 0.25 0.32 0.20%* 0.28%*
early summer 72 0.58 0.78 0.28 0.35 0.12%* 0.16*
5% 24 0.61 0.80 0.50 0.62 0.42% 0.82
s v 48 0.72 0.98 0.58 0.78 0.13%* 0.25%*
ummer 72 0.60 0.77 0.62 0.84 0.15 0.18
R %) 24 0.85 1.00 0.87 1.20 0.74* 1.34%
Late autumn and 48 1.10 1.30 0.88 1.10 0.37** 0.48%*
early winter 72 1.10 1.40 1.10 1.40 0.51%* 0.72%*
g 24 0.66 0.80 0.77 0.81 0.40%* 0.52%%
Whol ’ 48 0.75 1.00 0.55 0.77 0.21%* 0.29%*
ole year 72 0.71 0.95 0.63 0.80 0.44%+ 0.53%*

Vi *RORERE (P<0.05); **FRIRMEFE (P<0.01); =3 (P<0.001).

Note: * indicates significant difference (P<0.05); ** indicates highly significant difference (P<0.01); *** indicates extremely significant difference (P<0.001).

T2 RE 2R ET L E s, MPKM 24
P % 48 i, 1DCNN-BIiLSTM A1 IDCNN-BIiLSTM-DQN
A ) MAE fil RMSE 38 2 F2{%, A8 T BILSTM #&
I AT A B A0 0 R A0 % 287 T VB RO A B RE s TP
KIINE] 72 2005, o T B B 1) R SR A 4 R
2395, ALK MAE A1 RMSE X300,

BERT ARSI, M T KL,
TR 4 B S ) A V% S . IDCNN-LSTM 1 1DCNN-
BiLSTM #i 4 MAE A1 RMSE Fifi % #5 K 1 54 in i 384 i,
2 WA TR 0] A 358 1 4% 5 35000 3008 B0 1) S SRR AE SR B R
A7 ¥, 1 1DCNN-BiLSTM-DQN #5 B i %5 5 K i 39 b
RMSE ¥J[#{%, MAE 7EM B KM 48 3802 72 I B A 1
hn. FREE T DON IS tith, BEEL XS 135 40 11 3
Ak T N B 15 ) B A

KAKA], 7E 48 KA, 1DCNN-BiLSTM-DQN F]
MAE H1RMSE #; IDCNN-LSTM P#iX 65.4% #164.3%; %
IDCNN-BILSTM &1k 57.8% 1 56.8%, #E— 2 it B 8
It DQN b2 5] JE T RS 18 M AK A B S IR IR I O -

BEM KR, IDCNN-BILSTM-DQN 7£ 24,

48, 72 5 K I I AR 22 B B AR T IR 4L RRE A (P<
0.05), 7F 48 LK FAAIFM M RE k. RAFNDLK
(4™ T LA T R 6t K AR R i 42 A 70, (H2 it K
KT ER T REEE, 2R R i Fl v gt .
2.2 HELIRALE
221 BEAE Rt TR G R

U0 E B M L A e A o i R AL
ZREEMI R, A kP IDCNN BLAY . BiLSTM B |
A BIN 25 B B AR e ) SRS IDCNN-BILSTM #5%,
DA e 8 28 e BEL o g ) i N UL B S AT (A Ay
2y fif ) ek IDCNN-BILSTM #5744 20 45 7 T g i 565
5 RN 5 s, B— IDCNN BRI 2 K S H &
BN, {HRBEARSE A S . IDCNN-BILSTM A7l 25t
KHSEREIER, (BT TN B 5L A8 6 (A0
HMINGEE, MAE % 0.15 °C, I K4EHE
49.58 s, ZEEI/DE 194 K, R FI0AS 15 581
O . 7R B RO R A e T Ak B A A RO SR IR
JE 7 B HIRRAE AT 201, SEELRE s I TRIAS B, (R PR AR
PR IR A S TH R 2R B
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*5 RESHERERRD

Table 5 Model parameter complexity experiment

BAIRAEL MAB/C RS U
Prediction model Training duration/s Params/K
BiLSTM 0.41 152.75 725.0
1IDCNN 0.33 19.85 36.0
J:fih IDCNN-BILSTM 0.37 86.30 380.5
ek 1IDCNN-BILSTM 0.15 49.58 194.0

P, EAMEER, B RFIAEG R T &
BeJFURRR o ) DOQN B Refk, wIesi RInE 8 fiur.

*8 NEMRBEULILRERHRE TUNZER
Table 8 Temperature prediction results of different model
parameters optimization strategies

222 BEAFEZT EHRRAEM SRS

D e S U AR R A ARy A A, AR
1F DFT MR 4y Bk BE molie, 2 HEE =2, 4. 52
AR B, k=365, 730, 1460 AEMiy&, 4%
% 6 Fime.

&6 TREIEAHEEMERIMERNREFNER
Table 6 Temperature prediction results of different discrete
Fourier transforms frequency

A RMSE/ ,,  VIZm& IRIG R EL
Optimizer ‘C Training time/ s Number of experiments
DQN % fiEf& DQN agent 0.61 0.99 209.5 15
P42 Grid search  0.62  0.97 163.5 25
BEiAL3% 2 Random search 0.66 0.96 406.0 25

(i ey
Low-frequency High-frequency MAE/C RMSE/C R
component component
365 0.80 1.00 0.99
2 730 0.80 0.99 0.99
1 460 0.58 0.72 0.99
365 0.66 0.82 0.99
4 730 0.71 0.88 0.99
1460 0.56 0.69 0.99
365 0.60 0.76 0.99
52 730 0.89 1.17 0.98
1460 0.74 0.91 0.99

I R R, Y E 5 EE N 4 (6 h),
EA AN 1460 (30d) B, BEALK TR 22 /N
ARSIy BT A R

8759
Xhigh = Zx(n) ko
759 an
Xiow = ) x(n) ¥
n=0
o Xign NI B, Cs Xiew NS &
MR PP RFEE, Co
223 AFAEBREARR 3 TUNAR 49 #0h

SRR AE A5 2R K A I PP R AR Rl (1) 251k
I3 B8 PV 7 I BLE Al &R0 Cattention fusion) < HIAY H
T N Rl S (weighted fusion)  #5 # JR GG R A (1) B 4%
PRI, SRATAH RS T Iat, BT fioml &5 SR e 7
fin. BELEEPHESIEN RMSE N 0.74, 1K FiER AL
BG5S IR E NS i BEREPHERIE R R 15 0.99,
B A O B s ELEPHE SRS I 2RI (8] 26.38 s,
N\ II0H] 4.92s, KULAHE 7T ik 3 B 9%
B AT DULR U I Rl & P2 0 A RO E AT R0

®7 ANERREHHERE AR E UM RIS
Table 7 Comparison of temperature prediction results with
different fusion stitching strategies

C; x(n)N

il SR . 2 Y ZH (]
Fusion Strategy RMSE/C k Training time/s
Attention Fusion 0.98 0.99 21.46
Weighted Fusion 0.99 0.98 51.85
Direct Concat 0.74 0.99 26.38

2.2.4 DON % fe Rkt FRmAE 69 %k
NGR4T DQN 2 #7545 A 2 B4k i

AR R SRS B 7 1HD, 405 DON B RE A1k 2 %1
I RMSE N 0.61 'C, {I&T P48 %11 0.62 °C FlkE
HLAE Z ) 0.66 'C; DQN & AEARL AL B (K] R 4 0.99
m T MR 0.97 SEEHLE R T 0.96, BIAIHLIERUR
A

TEF R AR TT1H, DQN BRI 15 YAk 5
B 5E Al A, /T A% 38 % 5 RE L% & 16 25 Ik DQN
BRI KN 2095 s, T A IE R 163.5s,
BB T REHLIE R K 406.0s. LEEFEE 5UEKRE,
DQN 1 BE & g % DL /b 30 56 Ik 508 21 58 A 1 B 2 1k
e, 7RIS HMA R BA R SR
2.2.5 DOQN % #84K £ phA & 2+ TG %

N8 AIE 2 Jih R B EE 1 A A EE b, R AR R
BYEE N 8. BIMELET Ny 12 ANA8, 5 3 Jh R A E 47
WEhREE . R % B RMSE 5 R” 325 5 £ i AL & L
B4 1:1 « 5:104 10:5 A1 15:5 , RIG4E FUWE 9 Fin.
1:1 AL E L) F MAE. RMSE s A8 i s 5:10
55 15:5 WAL SOE AR EURAIK, HT0I R 2 &= T 10:5;
BCE LGN 10:5 B & TUH00 FE AR R AR 55 DR I Al o
RMSE 5 R* 22 il A 5 LL 1] 10:5 Jy A 18 7Y () e A i .

RI9 TERMNEHRETMLER

Table 9 Temperature prediction results of different reward

weights
REAA - PR
Experimental | COWBUE o\ pre puspre | REUSTURE
Reward weight Convergence iterations
group
1 1:1 1.10 1.30 39
2 5:10 0.49 0.62 26
3 10:5 0.44 0.57 25
4 15:5 0.47 0.58 32
3 4 ®

AR — R ARG IR FE A B I L AR, A
SR FH 0 R L 2 8 7 g T P s v A AR A7)
B, A 4R AR BUR AR . XA
IS ACAZ P 28 SR U I PP OBRFAE, R BRI Q M5 3)
S S B I 510 BTN o R FH 4 4 S Hcdie ot
BERUHAT T 50E, L4t

1) ARSORE 88 Bl B A 5| N 210G 33 05 LTI, 4
BB R XUEIERFE SR B K THESE, ok
TP AE vh 2 ROBEAS B L 78 70 il e 1 il AL

2) DQN ' fig A 38 i 2 45 I 4 15 R 1y 27 2 56
Dropout Z45 KA S AL, TRk T ARG T IEAEIR R
A7 T B IE R RE AN AR BRI o
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() 5 FRAR 22 X 2%, Transformer 5 F0I 7 v B A SEAICH T3t
DGR 72, W] Jhy G A 05 48 fE R 5 B (RORG v A 0o S HE
FFRAAME B AL B SRR K .

4) R RLTICIN A e A D s ot 1) e A S AR

JU B R FE AR A A I R ZE T RESE K. B4,
£ DQN 467 2], 2 Jih bR BB B AE S AT B 4R T
e, ABAE AN R A0 X BAN ] S B AR 2T R i e 22 T
ReHE. JREEWE ST SNSRI AR GREE . DB
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Temperature prediction models for meat duck breeding environment
using CNN-BIiLSTM-DQN

LU Honglong® , YUAN Junjie! , LI Hulin! , RONG Qi' , HUA Ben!, YING Shijia® , WANG Jizhang**

(1. College of Agricultural Engineering, Jiangsu University, Zhenjiang 212013, China; 2. Institute of Animal Husbandry, Jiangsu Academy
of Agricultural Sciences, Nanjing 210014, China)

Abstract: The meat duck industry in China has contributed over 82% of the total slaughter volume worldwide. Therefore, an
optimal air temperature is often required for the comfort and survival of meat ducks during breeding. However, the air
temperature is susceptible to multiple factors, such as relative humidity and illumination intensity. It is a high demand to timely
and accurately predict air temperature for the high-density healthy breeding. However, conventional temperature prediction has
been limited to low accuracy, robustness, and generalization. In this study, a hybrid IDCNN-BiLSTM-DQN model was
proposed to integrate with a one-dimensional convolutional neural network (IDCNN), a bidirectional long short-term memory
network (BiLSTM), and a deep Q-network (DQN). Duck-house temperature was accurately predicted after model construction.
The temperature time-series signal was also decomposed into high- and low-frequency components via the discrete Fourier
transform (DFT). Given that the high-frequency component represented short-term fluctuations, the IDCNN was used to
extract local features from the high-frequency component; whereas the low-frequency component represented long-term
fluctuations, the BiILSTM was used to extract long-sequence dependency features from the low-frequency component.
Subsequently, the two sets of features were fused using a concatenation model. And finally, the temperature prediction value
was obtained after the mapping of a fully connected layer. Furthermore, the DQN algorithm was introduced to construct an
agent for iterative optimization of the hyperparameters. An adaptive mechanism was optimized with an 8-dimensional state
space and a 12-dimensional action space, enabling dynamic optimization of key hyperparameters, such as the learning rate,
number of hidden layers, dropout rate, and network architecture. Thereby, the prediction robustness of the model was improved
under scenarios of seasonal transitions and extreme weather. The indoor and outdoor temperature data of net-raised duck
houses were collected in Gaoyou City, Yangzhou City, Jiangsu Province, from March 22, 2025, to March 22, 2026. The results
demonstrated that the IDCNN-BiLSTM-DQN model achieved a coefficient of determination (R?) of 0.993 with an optimal
input step size of 48. The MAE and RMSE were superior to the conventional models, such as the Temporal Convolutional
Network and Transformer. Specifically, the 1IDCNN-BiLSTM-DQN model exhibited the following improvements under
different weather conditions: On cloudy days, the MAE and RMSE decreased from 0.29 °C to 0.18 °C, and from 0.36 °C to
0.23 °C, whereas the R? increased from 0.77 to 0.91; On sunny days, the MAE and RMSE decreased from 0.48 °C to 0.23 °C,
and from 0.59 °C to 0.31 °C, whereas the R? increased from 0.79 to 0.94; On rainy days, the MAE and RMSE decreased from
0.54 °C to 0.33 °C, and from 0.70 °C to 0.46 °C, whereas the R? increased from 0.72 to 0.89. The combined 1IDCNN-BiLSTM
prediction model achieved better prediction performance compared with the conventional models, such as BiLSTM, 1DCNN,
TCN, and Transformer. In summary, the 1DCNN-BILSTM-DQN model can be expected to predict the temperature in duck
houses. The findings can also provide data support for early environmental regulation, thereby reducing the risk of
environmental stress in meat ducks.

Keywords: meat ducks; temperature prediction; deep Q-network; long short-term memory neural network; convolutional
neural network
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