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Abstract

Deep learning technology has demonstrated its significant value in the field of landscape archi-
SRR .
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tecture, particularly in terms of landscape perception evaluation and digital planning and design,
showing a broad range of research and application prospects. The technology is capable of ex-
tracting complex features from large-scale datasets through multi-level, multi-stage representa-
tion learning, which aids in constructing advanced landscape evaluation and analysis models,
thereby greatly enhancing model performance and applicability. However, parallel to this
progress, the development of technology and practice may bring new challenges, necessitating
that researchers and practitioners maintain their focus on and adapt to emerging directions of
development.
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1. 518§

PLER 2 SR HERN N LR RE R AR BEER AR, X T KB MR B0 B B . ISR RENS B 2h R
P IR CRISGIRG, DA TE AR IR A FOALH R X B B AT 00 . SRS e, IR BOR KB HE RS ek 55t
PP GRS . JEHRIRIE S, BN — AN EE T, ST 7T e 5%
WAEREfE, M T A MR T00E, BB T EmmSEIRas R, F19F VRN AT . IR IR
BEG . EEASCRE EI5H CIE T HAC, XA TR M Bk 102 )2 Z AL 75 IR 32
WREFT, AEFRATRE S SRS B i SR AT AR AT R A IO SO o AR SR TR B2 22 20 2 SOWPP A v 1) doe o gt
J&, orHr AT G Pk, FEEIHACR K K R AR .

2. HHXxHE2
2.1 REZEINET

VRRE 2 ST RN S ST TR B0 37, VR IEE 2 ST 300 i R PR e 28 I 6 DL A A 28 0 28 S e B St 5 e
SR, VRRESE SIHARAR bR R AT R A ST AR R AR O BT 4T,
PREMORIT ST 1, IR 3E R RO, DUE ST AN IR 2 R G0 (I AT )
TAE[L]. S HER AR, TSR R A, TR R — N 2 1 B R AR 2).
2.2. BBV Z

SOWBCHZ 1 AT AR AT IS5 P (s (A EC B R AR AN SE IR AR IS AT AT X — R
WRBILE S AT TR A B A S AR S 2 A AR UK. SOOUECRITZ I A — ANy
WIS RGS L i DU AT, JF BT DRE MR RSO 5t M N B A2t

3. REFIJENREXRZIURMTFN PRHARER
3.1 FREFIEAERAPERITPHNA
1% B> #7 (Sentiment Analysis, SA), SRR s #24 (Opinion Mining, OM) [3], & F %A1 & 4bFE (Natural
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Language Processing, NLP) [314U38 1 #4 s T 55 o 1098 B FEIR R A0 TR I T SEFR iy . 7= i R 55 1)
1B BEREE, DKIREEE RN HREH SLRE . H RTE BT 2 o NLP A ) #4
TR FE R, 7577 i S PP AR LSS R S A4S 21 T T2 (R

FE G (PN 27 20 1 B AT 5 12 0138 BN A5 3T R A T AN T H I PRI 3, R 2 ) IR 1 B o M
BIMA . RS ST RIS 71T DL A e 22 I 4% 1 SR BUCCA R, AN 75 Bl N T A AR AE
R Kim [AR SR E AT IE S, BT T HER S8R . Kalchbrenner £5[5]FI H 4
FRPH 22 IR 28 S BUH) 110 SR BRI, 75— e FR RS B3I 7RSS 23281 Hochreiter %5[6]7F K 1 LSTM
BEAY,  BEAAG SAR T FE A 20 X 25 11 2Rl R B A A PR R RO B 3 2R 1) . T 25 [7)F RIS &6
MR AL RESR 1 H AR SOAR (15 SR DG, 368 Jok i Fy i) ] o B AR RA AR 4R 1) S0, 308 T 1Y S A 2R 7E 43 AT
ZHRIL. Wang S5 [8]HE Hi BRI T A A 3d e SR v S L, AR AR AT I B A i, B B
ISR A TR B B HI Wr B OGRS . Tang S5[914EHH T —Fh 5 B brAH R BT I IZ 22 I 28 A5, 4
AURERE @ % FELE B 1A Y B LSTM, I R 2 Ao AL et B m) = A7 AU . GRU W42 LSTM [
WA AR, 51 Cho Z5[10]4E 2014 4EH2H, ¥ LSTM HoTi =R 145 MRtk 7 PR 1454 . X Fh
FET A A B AN RE 08 A SR FE I R HIME IS, B A5 I B A ) Y 34 17 0k 553 B3 R AN A S T 4 2, Sk
TIFEACE . Xue FH[1LFRH T —MEET CNN 51 LS T 1 GRMARL . IR E 2% 2] (1) Attention
MUl 5 -4 Bahdanau 55 [12]FH T-HLAS BT, S8 5 1245070 f1 5 o A0 A0t 0 7 4 12 FH 310175 % 43 284145 . Yang
SE[13]3E IS A 4 BE R 5 H B R SCZ A ORER, SR H T PIRR I T LR B 7 v DO aR AR T R . B
IRPE 2 SIBOR M RF L0, V8 20 038 AR R 2R A [ I 265 B 48] Rk I FH 115 448 90 B 003 D T e 12k
Cliché[14]243# CNN 5 LSTM XA M2 g i 2 A ke ok, 78 Twitter [RITIR AT IH B35, B T#¢
UF R SIR 2

WA ORI, FER P IS RGN SUR, K2 HCCAEREET ORI 8, RAH HARE S b
A o0 B 22 IR AN AU A KA TR R 2 IS 2 RAS [15] - Bl 2 AR ER SRR 3
F P AEARAS AR Badd S A AR A B, g &R ISR . BT B Al T SOR M1 B B T e e ik
AP ERAN T, R A 290 B sl ORI R IR B 25 20 AT T I I o A R SR B o W E L P 1%
S50 7 THI () BB e LR -

3.1.1. ERIERS

NN B2 B 5 AN A (Ao R AR Ak, DR EAIE 2 N 53 TR AR AR — R AR50 P9 250 R T A ATT (15
SN, 3K — A3 M IR R R A G 1 14 BT (Image Sentiment Analysis) [16]. JT4EK, MG RS>
B 52 357 R SR B 1 507, M IRl e FL b e B R AAZ D T el 2 — o BRI RO BT — 1
2 FRNAE SCRITIE FUAE, 48 1R & ) T ST o 0 B 257 ST B 73 A AR P 22 DA ol A6 B g )y v £
KRR, XA A T B E . BRI TR, BT NLAE W B T A
FiE NRMASG . OB MBI AR 0 R AT AENT,  FEH I HE T SR D¢ (10155 28 S B B
RS

RIZ S SIERT U B RERBE AT 28 T 0 IR AL BERLEE, 4 R ML o AL BE R PR AR AN B AR . NI IZ =
MIMEER, EeMREGES, NEHTVPNE SO, FEREERNHMBMEG, REREIR
X R . X ZAE R K T B Z W 4% (Convolutional Neural Network, &#%: CNN)JHEAE
CNN il i 2 JZ W 2 S5 A 57 NBRIAL B 77 3, AEBUI0ZE AR A S O RAFAE , IFdidid = Ik, T8
FE R LRE HIRFE,  DLSEIUN B R A R0 28, RBEI Rt R LA 1.

B4 Web2.0 BRI EISK, FIEAAS & OIS T KENAE, XL M2 23R4t 7K
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Figure 1. Schematic diagram of convolutional neural network (CNN)

1. HFMEZ ML (CNN)RIEE"

B BE S . BEXTIX 5, You S5 [17]52 H 2 T U0t v & o] i B A i R B, 2B e 1R
TN G3 B 5 NS 17 i S AH OGP R o (1R 58 [X 4. Song S5 [18]44 H R TV 5 MLl 1 ) 156 SR i 6
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BIRE IR R, FAERAE B IERERAS . MARET 2018 T st B f, I8 76 22l 1 a5 i AR Vs O
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LAGRIPZE I 2 9 ARR R 22 ST B, HESIAE LA B AR TRt [ P 1 IR A 557 KL
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Figure 2. Example table of visual element spatial proportions drawn by Yang Miaotian
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3.1.2. XFBRoH

SIS M (Text Sentiment Analysis), 3 BB 7 b & W24 (Opinion Mining), & —Ff FH A& |
FEEURN 23 BT SCAS A 75 S ) P R H AR RN FE [21] 0 B B EARIE S AL B (NLP) . SCAR M R BT & 2445
ST, H R AR PSR I ST B R W S B E R EBORAS IR R AR E AR TR
VPR HAZHARM T SR IR TR R HARIE s SCAR . B A 2 G4 R L B - 65 138 S R R
&, HERMAFRR TEEH PR SOR, REPPR AL SEFENIHRGE. 22T SCA R
S IR P RIS B, ORBUR . R TSR IR AR SRS % .

TEFOBATTAN Y, SRAEISOAREHR 5 328 VS 2., ARG b 7 i e T 2 A0 oA T i
ARG TGS AR ZE R R . R 2 SRR BRI A A B OSSO, 2% ) FOE SUCRHE, R
IRNBARMB RSO K EA IR, > T FE e R 5 5. TR )@ A g i) 2 A (DR He,  5%
JRIESRAEREAT # R AL, PRITTAE SCAS 73 B AR S v it 17 OB AR 10, 2 B v 2o M O HERf Ik S5 808

Dong 5 A\ [22] ¥ it T —Fh HIE RIS HFHE NS, B REBHNT RIS SR ST TH I S 2. ot
FEN[23PFR T — M2 E BB AN, B 7R I 2R 75 B (a], i 4 5 SOAR 1R 2 R AR
SRA BN RN T . Zhou 55 N [2414EH T —Fh ] 8 - 15U SCAR AR S8 5 TR 15 (1 25 TR R )
B X ] KA I AZ N 25 o 7 T A7 1 43T A 25 4l — A R PR A AT 55 — AR 1) 7 1,
RN N 3K T T 1) AR S )

EIRBEAN AT 553 0 R FH R 7K 26 11 77 AR m] DASRT A [ R, AR (5025 P R o 4 o o i ) 2 2% 12k
HAIRe FBERAES Z MM AERR R B, A7 sRx Sl @, B 7038 F A6 8 A o B AR, X4
BR R F S B Sl AT 55 (AR B A RS B0 XU, JF ELRe S m kit b B 2 AN FA1 45 . o B I 250772
DT G 157 B 1 10 24 485 R AN — 28 B0 7 58 1 22 A A 25 IR P T & 52 BB 58 51033 2 ZE3X U7 T, Luo 55 A\ [25]
PR T —ANXAS SO RNN HESE, BEAS A ¥ 61 H S B I 1) 7 T ] RAH L P 17 S UL, L1
3. Li ZBEN[26]F K T — MURPAMESE, ZAESLE T Insn i N AR Z BRI R, A 80 7R S
B . ATPE[27R F word2vec J7 5Bl (1 4k Ak, I BRI ST word2vec (¥ RNN ¥R 2 3]
TR R g e 1 18] 7 RN SCHRFAIE 1 AL 3 i 7

TR 2 20 TP g 1 i A PR 3 5L R A VB BT R AR RN OGRS IE SR, B T T I HERR P RSCR
T G2 W B AR . X LR (1) R A B AR SCAR TR 532 Tt s s 6], 4z 7 B4R
B E BRI K, FIR AR 7 i A G g T U [RINE, BB E SIAE TN A A S
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Figure 3. Structural diagram of recurrent neural network (RNN)
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