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OpenCV 3k B &, % =5 4] K AE ~ cv2.COLOR_BGR2HSV
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\_ cv2.COLOR_BGR2YCrCb
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J7 48 LBP

skimage.feature.local binary pattern(image, P,

R, method=‘default’)
P: RFERHEE,
R: é}/\j # ’/fé o
method: 7€ % 1% I .
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x+1 bx+1

C% Sx+1

1. HALAE: )ﬂ//I\Eﬁ)lléff\é@*}iéi&%%f_x%%ﬁﬂiﬁ)\@T%Eﬁ%%ﬁ@, ohJa
iJni‘_//M/%Eb x, FEIEHEHEC x;

2. THRFEAE: £ i’kft/\%’%’z\ Nt ZTh— MMk, ARBI MWK,
WM&, FB#EL—SigmoidB4x, P AEFFIEBSES (x+1);
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2.2 imFimAICNNI=EY

CNNA& M 8y 3 A5 1T 42
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input volume output volume
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First filter output  Second filter output
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- Filter 1 Filter 2
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2.2 IRAICNN{=ES

W WL o 2 3 BYCNNAZ A . VGG, ResNet. AlexNet. BagNet%

56x56x256
28x28x512
14x14x512  7x7x512 1x1x4096 1x1x1000
y y y
f Convolution+ReLU Max pooling
1
@;@ | VGG16%: 7% A ’ Fully Connected+ReLU Softmax 20
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Features:

Sky: 0.413
Building: 0.220
Road: 0.158

" | Mountain: 0.101

forward/inference

<backward/Iearning

N

096 4096 150

¥ =B G®X 08 % F
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R4 HE T % 2 ADE20K [ 35
l W T AR KA T

384 384 256

image convl pooll conv2 pool2 convd pool3 convd poold conv5 pool5 convé-7

FCN-8s F %E_k % \Z];\__ o
e s . T . W - A—— https://groups.csail.mit.edu/vision/
8xupsampled 2x upsampled datasets/ ADE20K/
(B)

(A)FCNAE 2 py iy A\ An iy
(B)FCNAE Ay 45 4 401 7
Long, J., Shelhamer, E., and Darrell, T., 2015. Fully convolutional networks for semantic segmentation. In: Proceedings of the IEEE 29
Conference on Computer Vision and Pattern Recognition, 3431-3440.
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BiSeNetV2 - &

@ Best version
ICNet - e

Other version
STDC - & of the model

FCN - @
PointRend - 2
FCN (D6) - f e
EncNet - ) [}
APCNet - e
SETR - 2
ANN - @
NonLocalNet - &
DNLNet - S
EMANet - e
PSANet - - @
PSPNet - @
UPerNet - ®
ISANet - &
DeeplLabV3+ - e
OCRNet - $
Segformer - @

70 72 74 76 78 80 82 84
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GroundingDINO#Z A

1. Model Overall

Contrastive loss  Localization loss

1

Text dg N -
desk \
Features persud§
dog \
nouse N\ T
table\ T
sets \\
Model Outputf/
Keys& %
il [ Cross-Modallty Decoder I
Values |

/// Cross-Modality

Queries

Query Selection
Text Image
Features W Features
Feature Enhancer
Vanilla Text T Vanilla Image
Features W Features
Text
Backbone
i

cat . person . mouse )
A cat sets on a table )

Input Text

Figure 3. The framework of Grounding DINO. We present the overall framework, a feature enhancer layer, and a decoder layer in block 1,

block 2, and block 3, respectively.
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> GAN W % J7 32 .

v & K ex W 4G (Generator)

v A 7|2 M 4D (Discriminator)
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> Pix2PixHD 4 ik A AE 2

v’ N\ Paddlett £ FIGANE A 77 7%
v DIU-NetfE & i & s (ZRIEBXEZNAEK) -k EWEG]
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Residual blocks
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2x downsampling
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» Stable Diffusion+LangChain+LLM=DiffusionGPT

vV NG XARE|E R E K E AR S

All-in-one Prompt
Prompt-Based
Instruction-Based
Inspiration-Based
Hypothesis-Based

Human
Feedback

A
DiffusionGPT

Step 2: Tree-of-though of models

Diffusion Model

Example
Prompt

Step 4: Execution of Generation

" R ————

S I ———

User Input Prompt Parse TOT of Models TOT o Models »| Model Selection 3| Prompt Extension ~ lilzzs
Agent Building Agent Searching Agent : Agent Agent Generation
i
e e ——————— e e e e o o e 2 e e e e e e e e
Example
. ) The woman on the magazine cover is
LENE L L an image ofa ->(photo) laughing joyfully, her eyes twinkling with
of a laughing . | laughing woman, Built Model Tree | —y, ~>(cinematic) FilmVelvia2 delight. She is wearing a fashionable
woman, fashion | fashion ->(FilmVelvia2, outfit that accentuates her curves, and
magazine cover magazine cover CineStyle5) her hair is styled in a way that
\ complements her features.

Figure 2. Overview of DiffusionGPT. The workflow of DiffusionGPT consists of four steps: P

rompt Parse, Tree-of-thought of Models of
Building and Searching, Model Selection, and Execution Generation. The four steps are shown from left to right and interact with LLM

continuously. The upper side shows the detailed process of each step. The lower side shows the example of the whole workflow.
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3.1 T RERSIRTH S 4Rk

> HEERG ST L2 ERM. WHZE T IEINE,
v 5 /\T | THY B 0 A0, A (eye—level)’ fﬁ

EE&

Street view

imagery

R
photo sharing

service

Z W, ZR 3% Objective world + W AKX L Subjective world 39



3.2 EFHEMANIHABETSIER

Step 1.Image Segmentation

Accept Good
o, Score:>60 ~ T~ <y,
B 7 L
S = | 3 | Starting
. X | Median | Retrain
Recommendation I Score:30-60 | - - . -

| when
score Refuse '@ g?:rre: <30 ! :’;ﬁf&ﬁ
| | e
Y 4

Ground-truth
Collection App.

Local Database { Urban perception & Driving factorsi
____________ || pdeaatendonciantie el T T T - o 7

AR AR

KHEREFIMBRRIBE-FLEE LK (BRHENLZFCN+EAZARFE) , HEAHNA
PR RER, W DARE B R TR R AT B e (R R Ay P

StreetViewRatings v1.0: X F A AL 089 B 7 37 23 4
(http://47.99.65.164:8090/archives/streetviewratings-v1-0)

¢

i
-
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Street View Rating App (Man-machellone Supported) @ HPSCIL ? X

) Open Dir Save Scores [Shortcut Keys] (0 - 9): Quick Score, P: 100, +/-: Add/Sub Scores, R: Rating, S: Skip

%
Cﬂ_‘ Image ID: 724, E:/Data/streetview_photos_Haizhu/streetview_photos 11113231904 23.105702_180.png

Rating g

You have rated 311 images (total count = 1499). Skip (S) Rating ! (R)

R, ERBFERX MR ENBETREARRSERNOERTET XS «



3.2 BEFHEMHANIHREEESELS D

Street View Segmentation Street View Segmentatlon

BAEE FHERAEN
81.44%, T R#LIEE E
HN VEE R 4 66.83%

EHERE T =87 F
FAREAT A E R E T A
HRNEXR, 1&%%&&@5
7 '%@Wﬂiﬁ&éﬁ =3

HTEE ¥ A% WL FCN) AT 148 X085 14

(http://47.99.65.164:8090/archives/semantic-segmentation-software-for-visual-images-based-on-fcn)a.
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3.2 EFHEMANIHABETSIER

60% | T I REAAL /AR, H240%1E 940 Fo 2048 E AT 45 AL B0 0IF

Perceptions  Average error RMSE OOB Error OOB RMSE
Wealthy 1.84% 3.00 5.38% 8.60
MM I R Fn AR A Safety 1.37% 2.58 3.97% 7.32
Lively 2.36% 3.48 6.92% 10.11
Beautiful 3.88% 5.06 11.37% 14.52
Boring 2.61% 3.78 7.77% 11.01
Depressing 2.02% 2.91 5.99% 8.57
Perceptions Wealthy Safety Lively Beautiful Boring Depressing
Wealthy -0.143
Safety -0.284
,rg— R R 41 7FE] ju‘ ’fi Lively -0.192

Beautiful -0.203
Boring

Depressing
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3.3| kTR RO E R A TR A

BrotX: e

BERK. K. FREK.
BRE . kXK. 58
X, 6K
kT 7~ R e 0 T SRR JE 5 5] A R
A

Python X 2% T % - 38 F Z of — City of Light

Legend

—— District border

—— Road network
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3.3 Ipkri RN RS ) R Tt I8 X 1k

Step | Human-machine adversarial scoring process

FCN net Object-oriented Features
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A: Wealthy, B: Safety, C:Lively, D:Beautiful, E:Boring, F:Depressing
XK A (1D FRAF, (20 B, Q) dxds, Q) FE G , &) FEK




3.3| kTR RO E R A TR A

N1X & R?>0.80,Pearson R>0.90; )| %k & R?>(.50,Pearson R>0.70

Training dataset Testing dataset

Perception RMSE MAE R’ Pearson R RMSE MAE R’ Pearson R

Wealthy 2.210 1.784 0.904 0.957 3.700 2.972 0.657 0.810

Safety 1.117 0.873 0.949 0.979 2.734 2.082 0.765 0.884

Lively 1.981 1.548 0.893 0.965 3.568 2.745 0.654  0.810

Beautiful 1.560 1.192 0.875 0.968 3.249 2.495 0.344  0.594 / i }’)f&
Boring 1.250 0.973 0.830 0.938 1.974 1.597 0.490 0.710

Depressing 1.397 1.053 0.926 0.972 3.282 3.282 0.583 0.776

RF AU 23 55 338, 717 377 &6 A0 3F B 0 B0 R 0 79 3% 34 (B e A a4 51
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4.1 MEFEECNESERETER CREA ()

&wmmﬁ%%%ﬁﬁ%%&ﬁ%ﬁgﬁﬁﬁﬁi*;Qmmm&iTﬁEﬁ F1EH JZ B9 K/ Enclosure = 4] 14 35 BT SRR AT AV EH K AR

Imageability & 3 A~ X3 Py, 4 30 77 & KR

B M A5 M S BV AR /7 BT I BluenessIK T FEY I & S AR 5B R OB ERFE— E I REK;

Walkability 57 15 {7 7] A7 V& 4 TAT AT & B8 B Z & X ; Trafficflow ™ LUK B 112 3t B B B B X 3k 0 — B850 8, 9t A AL AR v )

Indicators Formula Expression
G 1 4 T T; represents the proportion of green vegetation pixels in the
recnness 14 =] J street. The trees on the street generally determine green.
4
Openness 0.:£ S S1j represents the proportion of sky pixels.
1 4 j: ] J
Encl £ 1 24 B] is the percentage of building plxels  1s the percentage of
relosure Dalui=1T 4laj=1 tree pixels.
B 4 RI J-is the percentage of road sign pixels,S2 jis the percentage of
Imageability li=5 Z —7 RIj+7 4 Z —7 J 4 1= Plj landmark pixels, P/ Ji is the percentage of road street pillars pixels.
It /d P2;s the percentage of pavement pixels. Fjis the percentage of
Walkability Wi= 7 P2j+- y 7 street fence pixels. Walkability mainly reflects the access to the
=1 =1 street.
1t 1t 1t 1t P3; is the percentage of pool pixels.R2 jis the percentage of river
Blueness Bj= Zz _ P3j+ 0. R2j+- 720 S3] 7200 Lakej pixels. S3 ' is the percentage of sea pixels.Lakejis the percentage of
=1 =1 I J lake pixels. Blueness denotes the water body space in a city.
C; is the percentage of car pixels. P4 is the percentage of
Traffictflow J P s P J P 58 s

] ]
T-=—z Ci+= P4;
L4 =] J 4 =1 J

pedestrian.
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4.1 MECERYESANEHREROERM D

i
et .

VLI 48 47 5 30 77 15 S R S B9 A R

Indices Greenness Openness Imageability Blueness Enclosure Traffic Walkability
Greenness 1.000 -0.294 -0.152 -0.090 0.452 -0.117 0.110
Openness -0.294 1.000 -0.151 0.172 -0.874 -0.38 -0.378
Imagyeab‘ht -0.152 -0.151 1.000 -0.046 0.017 0.047 0.051
Blueness -0.090 0.172 -0.046 1.000 -0.235 -0.145 -0.106
Enclosure 0.452 -0.874 0.017 -0.235 1.000 0.309 0.386
Traffic -0.117 -0.38 0.047 -0.145 0.309 1.000 0.036
Walkability 0.110 -0.378 0.051 -0.106 0.386 0.306 1.000
Vif 1.466 5.025 1.111 1.08 5.556 1.299 1.215

vV BT BRI FZBIK R R AMEVIE, <6, BX B A GFE %= EE A,
Fv 156 BP0 5E 45 s A2 A XL

v' Openness BT/ 3% B EF T 8RR FE 5 Enclosure It AR R AL B FF AR EEAH )2,  Openness 5 Enclosure
25 E T (-0.874)

v" Enclosure 5 Greenness 2 1EFH 5(0.452), FHH 5P X 355 P4 253 B o Eb 451] 58 BH 2. 60



4.1 MECERYESANEHREROERM D

|
et .

ETZUEFNRT RS R AU K

Indices RMSE MAE R? PearsonR
Beautiful 0.082 0.062 0.777 0.881
Boring 0.110 0.088 0.600 0.775
Depressing 0.047 0.036 0.949 0.974
Lively 0.147 0.121 0.545 0.738
Wealthy 0.134 0.106 0.538 0.734
Safety 0.106 0.083 0.649 0.805

W % 70 2 1k B A A 3 S AR R T Z 3R &, RMSE#F7£0.1500 T ; MAEA#)
F0.13VL T R>-FHME 40.676. H = 3 T Depressing. Beautiful TN B & ; X
T Lively 1 Wealthy 89 Tl 8 B A8 % 311K
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4.1 MEEER MBS AHEERROERM ¢

WA 384T 5 N R NE 4 Ran Z |8 oy BT

Indices Beautiful Boring Depressing Lively Wealthy Safety
Greenness 0.770"* -0.574™ -0.624™ -0.544™ -0.655™ -0.427*
Openness 0.796™" -0.010 -1.250" -0.209*" -0.073* -0.100"*

Imageability -0.025™ 0.013 0.107 -0.102* -0.244™ -0.136™
Blueness 0.129** 0.066™*" -0.029"* -0.230™ -0.210™ -0.044"*
Enclosure -0.108™ -0.251* 0.166™" 0.393™* 0.488™"" 0.534™*
Trafficflow -0.002 -0.500™ 0.116™" 0.735™ 0.525™ 0.635™
Walkability -0.006™" -0.037* 0.022* 0.184" 0.119" 0.160"*
Constant 0.144 0.776 0.820 0.526 0.501 0.340
" p <0.100
AN 1<0.050

Meksksk p<001

62



4.1 I CENMES

LI 38 AR B AR

EREEERCESM ¢

Enclosure Enclosure Enclosure Enclosure Enclosure Enclosure
iati i iating variabl é S Mediating variabl iati .< iatino vari iati o
«“"’%Q\ (Mediating variable) "//ng;\ (Mediating variable) '°v0\\/~0, ‘;/“ZQ\ (Mediating variable) /9"\1\ (Mediating variable) Y /,Q«)“; (Mediating variable) /g’-\l\ (Mediating variable) (06\
D QLQ‘ 0> B \'{Qp- ‘c(‘z@- V(Q@- 0.0/9
?r?enn? 5 b=0.90 Beautiful ﬁ:de ;r:fdiif =084 Depressing gf:;?&e;f =0.70 Safe Blueness b=0.14 Beautiful Blueness b=0.01 Depressing B}jueniss b=-0.09 Safe
mnaep P<0.01 i P<0.01 ari P<0.01 ari Independent . (Independ p. L (Independent .
variable) (Dependent variable) variable) (Dependent variable) variable) (Dependent variable) ( \a:'?ah]\:) P<0.01 (Dependent variable) variable) P<0.01 (Dependent variable) variable) P<0.01 (Dependent variable)
Total effect, b=0.52, CI[0.51-0.53] Total effect, b=-0.25, CI[-0.26—0.23] 'I:Ota| effect, b=-0.20, CI[-0.21—0.19] Total effect, b=0.31, CI[0.27-0.34] Total effect, b=-0.47, CI[-0.51—0.43] Total effect, b=-0.47, CI[-0.50—0.43]
Direct effect, b=0.90, C1[0.89-0.90] Direct effect, b=-0.84, CI[-0.85—0.83] D{rect effect, b=-0.70, CI[-0.71—0.69] Direct effect, b=0.14, CI[0.11-0.18] Direct effect, .01, CI[-0.05-0.02] Direct effect, b=-0.09, CI[-0.12—0.06]
Indirect effect, b=-0.38, CI[-0.39—0.37] Indirect effect, b=0.59, CI[0.58-0.60] Indirect effect, b=0.50, CI[0.49-0.51] Indirect effect, b=0.17, CI[0.15-0.18] Indirect effect, b=-0.46, CI[-0.49—0.43] Indirect effect, b=-0.38, CI[-0.41—-0.36]
Indirect effect Indirect effect Indirect effect i i
Indirecteffeet 1y Indiecteffect | Indirecteffect Indircteffect Indirecteffeet _
Direct effect Direct effect Direct effect Total effect . Total effect
(a) (b) © (€3] (h) (0]
Enclosure Enclosure Enclosure Enclosure Enclosure Enclosure
ediating variable S, ediating variable é B Mediating variable ediating variable sdiatine variable sdiatine variable
g _5%0\ (Mediating variable) ‘%;‘9,7 \G//Qr_,;‘b%\ (Mediating variable) 0%\\0«* ‘0//“('7@\ (Mediating variable) ‘%:\\0-@0 //g’.\”;\ (Mediating variable) A:\\‘O_ﬁ //Q«)‘;\ (Mediating variable) ":\\0.9 //“r‘\";\ (Mediating variable) A;S\\GJ
?&- 0 < QLQ» %0 QLQ- %0 R 0-0/ 7 \0/‘2 R 0_0/ a ‘OQ 7 o_g/\,«
Greenness b=041 Boring Greenness b-089 Lively Greenness b-092 Wealthy Blueness b-004 Boring apjueness b=028 | Lively hueness be024 | Wealthy
indep X cpende P<0.01 Jari pende P<0.01 Jari Independ; ependent variable Independ, = ependent variable ndependen X ependent variable
variable) P<0.01 (Dependent variable) variable) < (Dependent variable) variable) (Dependent variable) variable) P<0.01 (Dependent variable) variable) P<0.01 (Dependent variable) variable) P<0.01 (Dependent variable)
Total effect, b=-0.66, CI[-0.67—0.65] Total effect, b=-0.37, CI[-0.38—0.35] Total effect, b=-0.46, CI[-0.47—0.44] Total effect, b=0.49, CI[0.15-0.18] Total effect, b=-0.62, CI[-0.66—0.58] Total effect, b=-0.50, CI[-0.54—-0.47]
Direct effect, b=-0.41, CI[-0.42—0.40] Direct effect, b=-0.89, CI[-0.90—0.87] Direct effect, b=-0.92, CI[-0.93—0.91] Direct effect, b=0.04, CI[0.03-0.05] Direct effect, b=-0.28, CI[-0.33—0.25] Direct effect, b=-0.24, CI[-0.28—0.21]
Indirect effect, b=-0.25, CI[-0.25—0.24] Indirect effect, b=0.52, CI[0.51-0.54] Indirect effect, b=0.46, CI[0.45-0.48] Indirect effect, b=0.45, CI[0.12-0.13] Indirect effect, b=-0.34, CI[-0.36—0.31] Indirect effect, b=-0.26, CI[-0.27—0.24]
Indirecteffect Indirecteffect Indirect effect Indirect effect Indirect effect Indirecteffect
——— =038 ———— |- 058 | ————— F 050 —_— = ——— =055 ———— =052
Total effect Direct effect Direct effect Total effect Total effect Total effect
) © ® 0 ®) U
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Legend

Sampled neighbourhoods (population density level 1)
- Sampled neighbourhoods (population density level 2)
- Sampled neighbourhoods (population density level 3)
- Sampled neighbourhoods (population density level 4)

Legend

Sampled neighbourhoods (SVG level 1)

| Sampled neighbourhoods (SVG level 2)
- Sampled neighbourhoods (SVG level 3)
- Sampled neighbourhoods (SVG level 4)

(a)

(b)
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Variables Proportion (numbers)/mean

(SD)

4.2 TREETASERE

N N N N \ Life satisfaction (%)
s BZWMAXE: KESELFABERA, & e s 0997
. ~ ’ Low 14.332 (662)
N Independent variables
il:é ‘L}%ﬂ 7§ Xj’ % o SVG in residential neighbourhood (0-1) 0.130(0.082)

SVG in working place (0-1) 0.125(0.072)
Covariates
N M M A3 = }]é b Homeownership (%)

c HEBTEE: EF Y12, (£ : o
IWHMIALR ': AT ADE20KZ ) e s
N \) \ 2 > ) Sector of employer (%)

EXE B2 E 25 A P % (FCN-8s) Rpls .

= —1 MK | 3= o tional status (%) .

REAEEAAEHESZ, S ssroc
ers .

Income level (%)

) =t » N » ) A 5
e MTESIT: MEXNNMAETEA D &1t e e month 2

N . ( N N \ >155e,)i)0§/)0 RMB per month 16.606 (767)
%%@%%éﬁﬁﬁ*X\ %‘Lﬁ%ﬁﬁf‘i%ﬁ]—] N reizl:) igg;}gg:gg
FOFEL. ZEWN. HA. S8, ZHF Aweo ost0 5550

> N NN NN \ — )N > 39 and < 60 years old 23.079 (1066)
BE. POk, BRI HAT ST, - 0sear o a9

Educational attainment level (%)

High school level and below 33.622 (1553)
RN > ) -7 Y N N Above high school level 66.378 (3066)
« RSN RBKETEX T ETEH s 9
¢ Local hukou 62.741 (2898)
= B / None-local hukou 37.259 (1721)
/Q\ X.) E A) ;% u H o Marital status (%)
N Married 58.519 (2703)
Others 41.481 (1916)

N A Population density in residential neighbourhood 15274.214(8630.954)
= N
¢ %‘ZEZ\I\ {% /l\é j)]’\]]J 'L‘I‘t (persons/kmz)

Population density in working place (persons/km?) 24311.515(15340.609)
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SD = standard deviation.
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4.2 TRBETHASEREEAEEMRE  Eh

T | R TN W

Model 1a
OR. (95 % CI)

Model 1b
OR. (95 % CI)

Model 1c
OR. (95 % CI)

Model 1d
OR. (95 % CI)

Model 1e
OR. (95 % CI)

Fixed part
Independent variables
SVG in residential neighbourhood

SVG in working place
SVG in residential neighbourhood x SVG in
working place
Covariates
Age(ref: < 39 years old)
> 39 and < 60 years old
> 60 years old
Homeowner (ref: Non-homeowner)

Local hukou (ref: non-local hukou)

State sector (ref: Others)

Highly skilled (ref: Others)

Income level (ref: <4999 RMB per month)
>5000 and <14,999 RMB per month

>15,000 RMB per month

Male (ref: female)
Above high school level (ref: High school level
and below)
Married (ref.= Others)
Population density in residential neighbourhood
Population density in working place

Constant

Random part
Var(Neighbourhoods)
Number of individuals
Number of neighbourhoods
Log likelihood

AIC

1.190(0.929-1.524)
0.741(0.398-1.379)
0.612%**
(0.485-0.772)
0.838(0.666—1.053)
0.982(0.757-1.273)
1.040(0.820—-1.320)

0.629***
(0.510-0.775)
0.360%**
(0.256—-0.506)
1.040(0.905—-1.309)
0.850%(0.687—1.003)

1.133(0.912-1.407)
1.001(0.999-1.001)

0.384%**
(0.252-0.587)

1.307**
4619

2370
—2038.572
4107.146

0.473**
(0.136—-0.639)

1.196(0.934—1.533)
0.747(0.401-1.390)
0.610%**
(0.483-0.769)
0.841(0.669-1.057)
0.983(0.758-1.274)
1.040(0.820-1.319)

0.630™**
(0.511-0.776)
0.359%**
(0.256—-0.505)
1.088(0.905—-1.308)
0.856%(0.691—-1.009)

1.137(0.915-1.412)
1.001(0.999-1.001)

0.418***
(0.268-0.652)

1.297**
4619

2370
—2032.873
4102.746

0.704(0.160—2.094)

1.206(0.908—-1.602)
0.749(0.244—2.298)
0.616%**
(0.471-.805)
0.797%(0.614—1.035)
0.871(0.649—-1.168)
1.214(0.935-1.576)

0.602***
(0.473-0.766)
0.351%**
(0.239-0.517)
0.962(0.779—1.188)
0.778**
(0.610—-0.993)
1.123(0.880—-1.434)
1.004(0.999-1.014)
1.001(.999-1.008)
0.383***
(0.198-0.739)

1.168**
3687

2034
—1526.927
3087.854

0.634**
(0.160—-0.948)
0.902(0.198-2.673)

1.213(0.913—-1.611)
0.755(0.246—-2.312)
0.614***
(0.469-0.803)
0.799%(0.616—1.037)
0.870(0.648—1.166)
1.213(0.935-1.575)

0.604***
(0.475-0.769)
0.352%**
(0.239-0.518)
0.962(0.779—-1.188)
0.781**
(0.613—-0.993)
1.126(0.882—1.434)
1.004(0.999-1.014)
1.001(0.999-1.008)
0.404***
(0.198-0.739)

1.157**
3687

2034
—1522.331
3083.663

0.624**
(0.093-0.924)
0.906(0.196—2.697)
1.080(0.414—-2.373)

1.210(0.910-1.607)
0.743(0.242—-2.276)
0.615%**
(0.470-0.804)
0.799%(0.615-1.037)
0.869(0.648—-1.166)
1.219(0.938—-1.583)

0.607***
(0.477-0.772)
0.354%**
(0.240-0.521)
0.961(0.778—-1.187)
0.783**
(0.614-0.999)
1.122(0.879-1.432)
1.004(0.999-1.015)
1.002(0.999-1.009)
0.382%**
(0.196—-0.746)

1.167**
3687

2034
—1525.550
3085.100

OR = odds ratio; CI = confidence interval; AIC = Akaike information criterion. *p < 0.10, **p < 0.05, ***p < 0.01.
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4.2 TRFETHSEREEREE

EXE D

REEN AL R

Model 2a

OR. (95 % CI)
Buffer size = 800
m

Model 2b

OR. (95 % CI)
Buffer size = 800
m

Model 2c

OR. (95 % CI)
Independent
variables = NDVI

Model 2d

OR. (95 % CI)
Independent
variables = NDVI

Model 2e
OR. (95 % CI)
Excluding

respondents>60 years

old

Model 2f

OR. (95 % CI)
Excluding
respondents>60 years
old

SVG in residential
neighbourhood
SVG in working place

SVG in residential
neighbourhood x
SVG in working place

NDVI in residential
neighbourhood

NDVI in working place

NDVI in residential
neighbourhood x NDVI in
working place

Log likelihood

AIC

0.402%*
(0.225-0.805)
0.886
(0.234-2.122)

—1524.595
3085.190

0.415%*
(0.256—-0.823)
0.827
(0.181-2.108)
1.562
(0.286—2.253)

—1523.875
3085.752

0.631%*
(0.265—-0.955)
0.933
(0.190—-2.156)

0.978**
(0.586—0.998)
0.729
(0.405—-2.276)

—1526.254
3092.508

0.622%*
(0.293-0.934)
0.931
(0.189-2.292)

0.948**
(0.578—-0.995)
0.759
(0.393-2.279)
1.344
(0.403—-1.758)

—1525.477
3092.954

0.628%*(0.256—0.919)

0.937(0.191-2.196)

—1511.417
3056.834

0.616**(0.279—-0.964)

0.912(0.140—-2.433)

1.096(0.279-1.714)

—1507.066
3052.133

Models were fully adjusted.

OR = odds ratio; CI = confidence interval; AIC = Akaike information criterion. *p < 0.10, **p < 0.05, ***p < 0.01.
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4.3 BEAMFBHBANERZAHXE &)

> FHERE: PEARAFHAINEARE, ZRELN “UrREFACERRERE” , T201143H 284 #A1T,
> BB B SR R

v RGBT, EACE T IEE KBRS MEE DK

v XA BT %, EE A X P EGB0A

v REHBESEFIZIME R RENE, #kT R EEERNEENZ(ERERZ A13501),

> T E:
vV QB @ ERT: £ FWANE 2 & (GDS) f1 F & K & & (GA])
v R ERIE: B IR RERIL(SRH)IE R E

A B B T BT 5= 3k BUZE 58 P 35 1Y &% 40 (Wealthy/Safety/Lively/Beautiful/Boring/Depressing),
R 2 B A A Sk it BRI IE S @R Z B8 x &
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4.3 BEAMFBHBANERZAHXE &)

BT RS

Ny

X

X EBEEERZL

4 % %

Model 1 (DV: GDS score)

Model 2 (DV: GAI score)

Model 3 (DV: SRH)

Model 4 (DV: Chronic diseases)

Coef. (SE)

Coef. (SE)

OR. (95% CI)

IRR. (95% CI)

Fixed part
Perceptual indicators
Wealthy
Safe
Lively
Depressing
Boring
Beautiful
Controlled variables
Gender (ref: female)
Age
Education (ref: primary school)
High school
College and above
Minority (ref: Han Chinese)
Marital status (ref: single)
Married living with spouse
Married not living with spouse
Local hukou (ref: non)
Functional ability (ref: not restricted)
Population density
Land use mix
Intersection density
Constant

Random part

—0.265 (0.248)
—0.187" (0.085)
—0.124 (0.212)
0.199" (0.087)
0.156 (0.126)
—0.146"" (0.070)

0.040 (0.164)
—0.042"" (0.013)

0.128 (0.196)
—0.017 (0.236)
0.070 (0.392)

—0.332 (0.196)
0.403 (0.759)
0.420 (0.314)
0.922-* (0.162)
0.001 (0.008)
—0.081 (0.435)
—0.003 (0.006)
7.5427" (1.143)

—0.016 (0.017)
—0.021"" (0.008)
—0.020 (0.019)
0.017** (0.008)
0.058 (0.079)
—0.024"*+ (0.007)

—0.598" (0.269)
—0.079""" (0.021)

0.053 (0.320)
—0.240 (0.377)
0.850 (0.636)

—0.331 (0.321)
0.153 (1.241)
0.534 (0.503)
1.155"* (0.263)
0.002 (0.010)
—0.552 (0.542)
—0.004 (0.007)
9.591"* (1.714)

0.987+ (0.722-0.989)
0.862" (0.692-0.957)
0.927* (0.818-0.983)
1.237 (0.918-1.454)
1.155"" (1.006-1.261)
0.874 (0.735-1.053)

0.639 (0.414-1.088)
1.011 (0.979-1.042)

0.907 (0.618-1.641)
1.194 (0.684-2.085)
0.902 (0.304-2.674)

1.094 (0.686-1.744)
0.860 (0.099-7.441)
1.104 (0.476-2.563)
1.174* (1.108-1.282)
1.131 (0.885-2.668)
0.937 (0.758-1.280)
0.902 (0.735-1.014)
2.957 (0.145-121.573)

0.871+ (0.553-0.914)
0.711* (0.705-0.880)
0.859 (0.711-1.901)
1.208 (0.693-1.954)
1.191" (1.022-1.244)
0.869 (0.727-1.912)

0.946 (0.847-1.056)
0.997 (0.988-1.005)

1.097 (0.959-1.255)
1.240* (1.059-1.451)
0.772+ (0.581-1.027)

0.887 (0.776-1.013)
0.839 (0.492-1.430)
1.230" (0.981-1.541)
1.007 (0.902-1.125)
1.042 (0.899-1.098)
0.931 (0.701-1.237)
0.996" (0.992-1.002)
3.158" (1.514-6.584)

Variance (neighborhood-level constant) 0.807 0.192 0.033 0.029
Variance (residuals) 6.232 16.941
Number of respondents 1231 1231 1231 1231
Number of neighborhoods 48 48 48 48
AIC 5816.423 7020.051 5011.510 4835.343
*p < .10.
= p < .05.

= p < .01.

Model 1: =T REmE
WH & #GDSHE 41 % &

Model 2: =T REmE
WA EGALE 41 * &
Model 3: =T RaE
W B & # SRHH = &
Model 4: =T L5
WREH B MR A RELH
xR
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4.3 BEAMFBHBANERZAHXE &)

> Model 5a-5d: X &
o X EE N
2000m

> Model 6a-6d: #HE[R
FAT B {:T’fé’?
A % T

> Model 7a-7d: #HEFR

85% K854 DL + %
i

BB 5 % B
R 2R B H % R

Safety G T A M E EE RE B EF M K. £ F AX Depressing 1 Beautiful 7y B 40 5 /0 72 # B 48 %,
Boring 1 Lively 8 R %1 5 & 1R 2 & T F 40 X,

(B V1 A Ay AR

DV: GDS score

DV: GAI score

DV: SRH

DV: Chronic diseases

Coef. (SE)

Coef. (SE)

OR. (95% CI)

IRR. (95% CI)

Perceptual indicators
Wealthy
Safe
Lively
Depressing
Boring
Beautiful

Perceptual indicators
Wealthy
Safe
Lively
Depressing
Boring
Beautiful

Perceptual indicators
Wealthy
Safe
Lively
Depressing
Boring
Beautiful

Model 5a

—0.142 (0.211)
—0.125" (0.057)
—0.117 (0.215)
0.099"* (0.042)
0.102 (0.084)
—0.156"" (0.075)

Model 6a

—0.125 (0.237)
—0.112° (0.053)
—0.133 (0.215)
0.079+* (0.035)
0.142 (0.091)
—0.141"" (0.066)

Model 7a

—0.149 (0.213)
—0.125"" (0.061)
—0.142 (0.226)
0.093" (0.042)
0.116 (0.076)
—0.132" (0.065)

Model 5b

—0.018 (0.030)
—0.015" (0.007)
—0.015 (0.023)
0.027++ (0.012)
0.054 (0.063)
—0.024"" (0.011)

Model 6b

—0.025 (0.021)
—0.018" (0.007)
—0.022 (0.029)
0.018+* (0.008)
0.031 (0.090)
—0.048"" (0.022)

Model 7b

—0.017 (0.019)
—0.018" (0.008)
—0.023 (0.030)
0.017"* (0.007)
0.020 (0.071)
—0.055"* (0.026)

Model 5¢

0.918* (0.859-0.975)
0.937+* (0.824-0.991)
0.922+* (0.831-0.966)
1.009 (0.899-1.062)
1.119* (1.005-1.252)
0.989 (0.885-1.115)

Model 6¢

0.943** (0.919-0.993)
0.965°" (0.878-0.988)
0.899" (0.842-0.975)
1.009 (0.862-1.083)
1.127+ (1.085-1.315)
0.954 (0.825-1.111)

Model 7¢

0.945°" (0.922-0.981)
0.943** (0.914-0.952)
0.944" (0.915-0.982)
1.033 (0.899-1.032)
1.105* (1.003-1.231)
0.978 (0.901-1.057)

Model 5d

0.981"" (0.165-0.991)
0.990"* (0.852-0.997)
0.976 (0.913-1.059)
1.047 (0.937-1.110)
1.034** (1.009-1.126)
0.973 (0.834-1.133)

Model 6d

0.916°" (0.843-0.933)
0.923* (0.880-0.973)
0.916 (0.834-1.047)
1.046 (0.833-1.113)
1.044- (1.009-1.098)
0.990 (0.865-1.089)

Model 7d

0.945°" (0.832-0.985)
0.965"" (0.871-0.974)
0.955 (0.885-1.042)
1.008 (0.891-1.071)
1.065"" (1.002-1.096)
0.912 (0.801-1.056)

= p < .05.

Models adjusted for individual-level and neighborhood-level covariates.

% Wealthy .
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5.1 EFHSEIGNSH S HRATMN

ERFIBFFENHEF, FRERANRE 2 A EH (rural perception)
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V ONEHBENE. IHEE. EFAKTFLERERA, FinE 2
/%%ﬁ%ﬁ%,ﬁ%%&%éﬁ 8] & JF, %?%%%éﬁx% ﬁ éﬁk%
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5.1 EFHEEIRISH 2 BTN D

> M 5 MR N E R
B, EAREERERMRT RAHIE S E R WRCIAT, FRE A TR A A B R B (Zhang

etal. 2018, Wei et al. 2022, He et al. 2023) .
BEEEERIN ENAE T AN T @ EEAY, EHEEFREGIERENERZIET (Wang and Shen

2022) ,
o RNEMRXRENEWELARNGN. XUESRFMTFE, XA 25T HAZQEAEWang and Prominski 2020) .
o A7 T A% R
= MEFYRLR, ®RETE, ZBRAERS, REXNFBEENL
HE LAk F YR, KRR, AR TERE, AHRRETE
B oA, BEEEELNFER, KRENSLEHLRE
WAl RERNEEMEY, HEEHEBIEME KR

N3 FNAF s ERE, LAkERET, RERFEALNRATTERT . KEML,
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5.1 EFHEEIRISH 2 BTN D
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5.1 EFHERGHS % SHRETN D

> TrueSkill & H 1F 4~ & &

v A FINGF AN RN R EF SRR AN R R AT B3N, BERKEZREERW
FEALA0TK R HAT A, |EINWER (Dubeyetal, 2016)

v ZJa, B HTrue-SkillF %, ZHE R Fomet. WorEH. FTonea a2 itoE R
W A0-100-Z BN 3T 718, HJEAZG PSR, DETHATX LA,

B\ ERHREIREN BT
—BEA LR
HEMGIMMEE | ) 0
e MERERTFS —>  EES ——> SRR
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BERHRERSHER

44 A
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5.1 BEFHSEGNSH S HRETRN
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5.1 EFHSEIGNSH S HRATMN

> A )| SR 4R

(a) Model loss (b) Model accuracy
[F Wealthy 0.80 -
10 7 11 —— LlVCly . ,:L‘_, \/\ N
0.91 “‘ Tidy =S \/c‘/\/*‘*w/"\/\ KT S H /% = = }L/J
| — Terroir 0.70- { =N B AT
) 0.8 1 s; § |
§ | = 0.65
". 0.60 1 Wealth )
s N Vel | B A
: e N NN A SN, —_— N
SO A 0.551 —— Habitable R =
0.51 Tidy
0.501 —— Terroir
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

EA G P AT R

83



5ﬂ§?w,l%mgﬁéﬁ SR

&1

P2t i

HE

B B4

H 7 K

AR A, AR
B EERARE KR, FB R R

> B ﬁk&m%@ﬁ AR

>%i%:ﬁk&%%@ﬁ,mm%%ﬁ
SR THAA. KXo




5.1 EFHRERHNSHE S EITMN
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aﬂEFN,l@mgﬁzw SR

> GDP 5 B st& b7 & 4 (F &BvsJE L) -
e BN HEATELAFRABE, ZHTFRLERAK T

S )55( R Au ?ﬁ ‘;75 ? ﬁ‘T T)E:{ A IEHREARARBEDATEFEL m‘f@ﬁ L
rEEeESFEF RIS RKER S A oo
, NN NN 1% (2021—2030%F) RUIEAN s
« BLKBRBEILNY, FPRAFETRETEN S HE R s (2021 1218) sm—
)l:.‘_‘l‘ (Yang et al. 2020) o &, BARKR, SERARMFSESH]. SERG: )
o MAh, BT RGBT RA KT A S AR, %meﬂrﬁﬁ@ .
e ‘ L . ¥
FHRRARELZHEFT TWTALN LR EWang et al. 2019), FFHRLS: X 138 40
H# X 20224 3 X GDP (1. 75) 20224 A #GDP (o) SEHE SHAIER/RLS LRI REHEL
B & 1,729 48,474 100+ 6.1 3
JE L 8,900 115,571 35 4.24 106
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s INAFEREATTERRTEFAF, MAXEZHEARNE e FR, w7 B AR E R



5.1\ EFHSEIRISH 2 BTN D

R& 0 % & 2 |B] B A K

B, BAPEEZRGFERBNEMAY, £085s, (NEEBRIERAR AL L, LG
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— b
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A

> ALLMSZ 3K B f

Question:

Please describe the visual features of this rural housing.

Question:
Please describe the visual features of this rural housing.

/Answer

The image depicts a modern, multi-story building with a contemporary architectural
style. The structure is primarily clad in beige-colored tiles, giving it a clean and
uniform appearance. The building features large glass windows and doors, allowing
ample natural light to enter the interior spaces. There are multiple levels, with the
upper floors having balconies that extend outward from the main facade.In front of
the building, there is a paved area with a gate and a small guardhouse, suggesting
controlled access to the premises. The surrounding environment includes some
greenery, with trees and shrubs visible on the left side of the image. The sky is clear
with a few clouds, indicating a sunny day. The overall impression is one of a well-

maintained and secure residential or commercial property in a suburban or semi-

\urban setting.

Tk 1 T

Answer:

Facade Dimension.

Material: Tan-colored ceramic tiles with secondary cladding of dark metal panels
Color: Predominantly tan with secondary black accents

Structure: Two-story building with rectangular planar configuration and orthogonal
spatial organization

Window Dimension.

Geometry: Rectangular openings

Type: Fixed-pane windows with some operable sections

Details: Black metal frames, no visible decorative patterns or additional components
Gate Dimension.

Material: Metal bars with metal leaves

Type: Double-leaf swing gate

Details: Surface texture appears smooth, no ornamental patterns observed

Roof Dimension.

Material: Not clearly visible

Type: Flat roof structure

Slope: No slope present

Decoration Dimension.

Structural: Not observed

Cultural: Not observed

Functional: Not observed

Environment Dimension.

Natural: Sparse vegetation including trees and shrubs

Cultural: Metal security gate and paved courtyard

Organization: Building situated within an open space with immediate surroundings

w
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Question:

Where should air conditioner outdoor units be placed on existing buildings?
2L O 2
v A

ﬁuswer: \

When placing an air conditioner's outdoor unit on an existing building, it is important to consider several factors to

ensure proper installation and optimal performance. Here are some guidelines for selecting the best location:

1. **Ventilation**: The outdoor unit needs good ventilation to dissipate heat efficiently. Avoid placing it in areas where it
will be blocked by walls, trees, or other structures that could restrict airflow.

2. **Accessibility**: Ensure that the unit can be easily accessed for maintenance and servicing. This includes having
enough space around the unit for service personnel to work comfortably.

3. **Level Ground**: Place the unit on a level surface to prevent water from pooling at the base of the unit, which could

lead to rusting or other issues.

4. **Proximity to the Building**: Keep the outdoor unit as close to the building as possible without obstructing the
kirﬂow. Typically, the distance should not exceed 50 feet (15 meters) for most residential units. /90
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Question:

Where should air conditioner outdoor units be placed on existing buildings?

HOA

ﬁ'xswer: \

They should be placed on the roof or exterior walls of existing buildings, avoiding placement in areas with dense
residential structures. If conditions permit, they can also be installed on balconies. However, they must not be placed
on fire escape routes. If there is no suitable location for installation, new building construction should be considered.
It is strictly prohibited to install them on the ground floor. If it is necessary to install them on the ground floor due to
special circumstances, approval from the local urban and rural planning department is required. The installation
height should comply with relevant regulations. If the installation height exceeds 3 meters, it should be approved by
the local urban and rural planning department. If the installation height exceeds 5 meters, it should be approved by

the municipal urban and rural planning department. If the installation height exceeds 10 meters, it should be

approved by the provincial urban and rural planning department. If the installation height exceeds 20 meters, it
Qould be approved by the Ministry of Housing and Urban-Rural Development. /91
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