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Research on Quantitative Measurement of Automatic Classification
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Abstract: The traditional manual collection and judgment methods are affected by many factors, resulting
in slow efficiency and fluctuation of evaluation results. This study explored a quantitative evaluation of
multiple characteristic indexes of residential buildings based on deep learning method. CNN neural network
structure was used to automatically classify the characteristics of residential buildings. The results showed
that EfficientNet was the best CNN architecture. Adopting such a research approach will help to have a
more comprehensive understanding of the evolution trend of residential buildings and the formulation of
relevant protection policies.
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B4 s A
R
)R SR A R A R
MobileNetV3 0. 344 0. 394 0.473 0.488
ResNet50 0.439 0. 500 0. 655 0.473
EfficientNetB3a 0.469 0.484 0.547 0.733
S {E 0.420 0. 460 0. 560 0. 560
F6 EWMEIEHRP
Bl 2
A
L2 A% fEiE Ny AR
MobileNetV3 0.767 0.765 0. 790 0. 870
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EfficientNetB3a 0. 838 0. 887 0. 837 0. 881
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P55 Y
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ResNet50 0. 454 0.474 0.556 0.487
EfficientNetB3a 0. 499 0. 557 0. 506 0. 755
SEHE 0. 46 0. 49 0. 54 0.59

3.4.1 ik E B4R
X} 2549 B AR R AT T B E AN (R &), MR YT AR 2 FPS, BIVAAIZE 1s 2 N AEAb B &2 /b 5k &
Fs W B i 4 2 RTX3090.
RS EEIIR

CEES
e : P
SRS HE SRS R SR
MobileNetV3 173 177 172 176 174.50
ResNet50 121 115 114 123 118. 25
EfficientNetB3a 78 84 83 76 80. 25

4 HRRKITIE
4.1 #£R

MEER FRE IR B 2 I B ATE 4 R SR 4328 B dR bR 3] Uik 3] 80 DL |, Hih Efficient-
Net BEARIZE YU bR - RIMEAF . LR G805 RIA NS5 1M MobileNet 78 B R E AP, (H &K B2 AR X 55
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K. MER [ AR 7E e A0 A% . A ST fat R SRR 1 RN A T AR SRR 2 MR R 2%, Ay
e T PR S B U2 A A e T . 3 A 55 B 3 R UM X T L VAR Al 2 O 4% 4R IR VR BEE R A ST RS A TR )2
AU, 5 2 RIS AT SR R SO0 #0120k 1 e s SR 2 UM M vl 36, 53 40, A BVIARHR B R . AT
FEM AR I A TLF] 90 DA b, R R ACHIE ST 180G 2 R4 LS5, R SR B AR 2 W 2R i 5
SO 2 > {9 AR GF PRI, 5 45 T LA a1 SO A Oy R R v 0 R T S DX R A R R TR A o
R .
4.2 BHHIENRIWVEBEHRRIPHME

ARG I B K F 2021 45 (1 7 B 22 AR AT . s 25008 R R A B 8ok 10T L AR S AR L b IR B A 5
H A PR B A% 0. FR T b 3 B 05 R e b DX A e ) D R RR T, 2 i A Ml A% 8 7 1 R R R 4 A2 3R R Y 5
M, BRAT ) HE R 07 1k 2K T N TEL (6 A5 R B A AR AE A5 B S, I TR JR L AR OO O 4R
AR S T s X SR A B 1 AR A 1 A3 SRR BT B 1 B At . N H RTINS ROk R, AR XS
BB 22 TURRAEH6 A7 7™ A — AN AP B PF I 45 51 . A B T 080 oK R R 95 B S 5 v BN T OA 0 22 S5 T 3
MZE R AT ENE. A A 25 AP BIRE . B4R T35 B B 09 SO R B A7 B 3 58 T AS 8] 09 2 550 X
K o AT ol 2 SR XU AN [ R b R oA 8 %) S R AT T AR AR A S b B 2 0000 S 1% 15 m A 5L AR S 800 A
B, ARWBIFSE B Fh 7 RS TR R G i EL R P S W R . AT DA AL GE R IR R B B F o 4R R
IRl =3
4.3 FRERRKHIME

AU I R A (R B H T 2 2K EE N Tk T g4 e Gl A7 . AR S H il i I R 208 R
B AR 3 GEWOCRE | BRI RSO M L. A T RER B R A /N . T8 B w5 A SR 40 1 i
At M S R s (LR B30 1) SR B 2 R v i A7 AE — R Y O N R AR O R I B AL L 28 B B % O A
kT WP AE. A, BT aMANRBERS, NEEMEAER S, SBRBEAET. EMR
T B8 A DX 38R0 A XU 0 3 0 3 — 25 4R w3 B SR B0 . O L A 1 2 UG — B i iR, 4R E
— 8 AR CANAS A 58, W SR BRI S B0 1T T Z2 50k, IS R ACC A Fy (E _E# HUS
TARGF A ED , TR R, A X S E R, T RVE 1 ONN B G A N M B g b o R B A
RAF s T1 s XSG T — 2 7 B — A5 A R 52 3 11 b

5 4

AT T — A R SRS B FERELR . B REAE X I R AT T 19 2 26, %5 R R R
Jar S SR B9 R AE 0 R A B IR BIRS BE . 8 T SE X R 55 . ARTTEMEE T — A 4 A R E @ HURRE
O N TR AR ARG 4 . T T INGRAna, dlad O 58 3 AN Y CNIN Z2H 2 #6258 5 95 b 3 Bl A
HLHY EfficientNetB3a JEAT A )UZ b B9 R G A SURFE 228, X FERIBE S A5 RA W) T 1 A v R JE K S A 52
A ML

9T B AR R 2 AL 3 AU I SR BE A v A R OR A T AR AT DURE A A S, kR S B R
AP R 7 B SCARAE B LA R b AR AT B 9 1 20 5 15 8. b O 1 R4S S A A R A
R AT LSS 5 28 S A5 P A5OR R 3t B 5 9 BT 5E 52 TET 15 850 R SR B M 1) 47 2 IR Bt £ i
PSS, FEBCIERD b, b A T A B T, A SR AR S S B BIF T R A IR ] 4 BE A 5 i i BE S XA
v BT S A8 A0 A T A v Y B Al i 0 s X TR R DR A Y B I B AT O B T L
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