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Aesthetic Evaluation of Bridge Images Based on
Transfer Learning and Convolutional Neural Networks

YE Tianzhao, ZHAO Shaojie, YUN Jibiao

(School of Civil Engineering, Xiangtan University, Xiangtan 411105, China)

Abstract; In order to realize intelligent evaluation of bridge schemes in bridge design, an automatic aesthetic
evaluation method for bridge images based on transfer learning and convolutional neural networks is proposed.
First, the VGG16 network model is optimized by freezing part of convolution layers and modifying the dropout
rate. Second, the known data set AVA model is applied to bridge images evaluation by transfer learning,
which can automaticlly output the corresponding aesthetic scores. The results show that compared with the
manual subjective evaluation, the average coincidence degree of the proposed method is 90. 2% , indicating that
the intelligent evaluation method has good accuracy and engineering practicability.

Keywords: bridge aesthetics; convolutional neural networks; transfer learning; aesthetic evaluation

WA N TR BESOR Y H 45 A 8 T B E X i B AT A o A2 R T e . AT A
8 U5 2 A A7 7 AT S5 B R Ao PRI SR TSR LR S B 40 5 A 2 004 e PRI R AIE 1 %
WLSE 27 B 1 PPN T I EAR IR AT

IR T 113096 2 7 TR AR I PG 06 24 R AE X RR HEAT 26 2 A R IBUAG T — e i . EARBESE
T H IR AT IR A BUR 22 P 45 19 BB SR I 0 2805 s N2 A A BE X 1B ) b AT A5 AR A A 3 S IO >, A
19 3 5 0 S8 R 0 SRR IA . IR OR S T o AR IR A R A R 96 2 AR B T LA 2 ) v R
ST S JMER . Sun S5 HR B LGE S 2% B B X PR 1 96 24 BUREHEAT 43 26 . Zhang SN
DR A TE R B R 2 M 4 (MRACNN) B gl 42 BRI R B9 o SERFIE . 8 SC i BRI T4 —

KRmBEH.: 2024-10-21
BREEE: BOARA82—), B B#EZ B, FENEHRRTREZETEEMWPFF . E-mail:shaojiez@qq. com,



% 2 39 PRSI SE . R IE RS ST A0 AU 8 ) 2% AR 5t R AT A 177

WSETUNAT 55 . SCRRES-7 Tl 3 40 et i R 45 45 4, B A Jmg SRS 235 45 A1 25 18 22 Bl RS AR I
B LUK o 3 A 5 PRI B SE2 AN (B . R )T o 22 T 28 0 B R 47 20 28 © B AN A 80 R - 5 B 22
P 25 CCNIND S 25 Tl At 22 [0 2% o 5508 K 110 27 S 5 h 2 — LG /0 T T AR R (LR i 6 2400 A . SR 45 4R
WMBF R NG I R A AT ER R —F IR m T B9 R A R A 3L L R R A AR A 4 T
FIR M E T B R AR R I T BRI A R AN [ BT 3 R A5 R S AR R AT S a2
FEARBESEFT =00 i M R BEAT 264 . FRRAE 5 Hh 2 ROBE 5 AIE B2 100 2% 11 €] 15 56 2 T WL ik A
PR T7 1  F F 22 ROBERFAE B0 0 18] b 47 R 2 U2 4+ 58 B0 Y M 199 26 27 3 Al . Daaichi 450 by gt —
AT ST M 1 B T IR B 2 2 (1 4 BRI 8 IO 205 R, L o R 3 92 L 26 20 Al . Luo 4579 4R — R 51
H PERSEAS o T 43 10 84 43 0k DU R 24 3t SC AR )T 2524 R AR A5 . Wong S5 1) TR 58 1 2 HL A
B0 B BT 2 DI AL ] At =% i 5 DIR853t 22 [ AR I 2R Ao A DX AU 19 9 48 R S Ol
AT VRN . Datta S - T — O 58 19 £ 24 B TS M ah ACQUINE., 52 i 75 2 4 [ A
PEATAT A3 . Hou S5 5 B T IR P9 25 (i A GO 2 B 28 000 28 D7 10k P A TR 96 2 o o+ T AR e b i
PRAR UL/ ] R

£ b HETSEE RO IR AR A SETEAR AR G 2 5 Th ) T PR B . AT S A A8 280 oy B 3z i P 4
JI s PR i AR A REAR A 3t AR R SRS PR . DL A SCES & VGGL6 R8RS, R T IE 5 24 )
B2 o0 i BT 32 T 0 A7 2 56 2 T IR 5 R P TR PR A8 R USRI e SR ) S0 A A A 4 31 5
— Pk 23 18] R PR AT AR G 0 SR I S A D o AT S M2 A A R ) e IR TR 9 56

1 HFEEHHE

TR B 2 2 SR RO T B A A 1 4 T R o R M T A I Y A R e A MR R L iR A ) 4R
P53 0 U R A S 00 R A 1117 38 o 58 JURR A 2% 2T S8 PR A 5% IR 11 36 27 1R Al
1.1 HIEE

B AR B A 8 B AR RN S AT B A oLl AR 4R O Alesthetic Visual Analysis (AVA), H
TR 2 BRI G5 s SERR B0 4 Oy B e SO A o F T B8 2% 2 45 BUMi 5 ) 24 A TR 1 )1 25 R30I
111 AVA #%3#% AVARIREQ ST 25 FiEt B R BEE R RE TR A 200 DASFEBOL
AN FEIAE W B P PF 43 VRO B LR 1~ 10 43 DUBR DR D753 1 2 WL PR AT 2 4% .
1.2 SARMHESE SO B SR G UM (R0 (R R AT 4 25, T B SRR A 0 2 X A
DR HEAT ARG e TR RO A 3 A AR AT BB B AR (I DL DL AR Z B R T S £
FRESR BRI ZR2E > o BB a8 17 12 862 sk v, Horb JHEAR A 3 237 3K ¥R A 2 625 5K RHL IR
A 3500 5K ERMA 3 500 1K,

>

(a) JIA (b) Jighk —20° (o) Jiekk 45° (d) Jigks 90°

(e) JKIEZ AL D w s (g) JKBEHLfih (h) 4 i
T & /R S
Fig.1 New dataset

https: // hdxb. hqu. edu. cn/



178 A R e Al CA R B 2R O 2025 4F

2 ETHERMEMFZREGEFTM

Fe T BB 2 2% 1 G 36 22 AL D BR AT - D B W R A B AL 315 2) 5 FRA 22 N 2%
BERIRE A 5 3) BEALI S 4) BORIPEAL 5004k :5) N7 FHRE RN AT UG 56 2 AL 1E 47
2.1 HRMWERME

B BRI 28 P 28 A Sy — PR R 2 ) R A R o 8 U E B B Dy A R IR 25 19 46
FNEEFBE B G 5 2) RRAR AT M AR IURRAE I ) 42 R 45 15 B 5 3) RRAE 4 BRI ASE =X 40 28 K %5 A 3 L )
238 1 22 26 UM M AL B R B 3h2E 2 BE I AFAE s 4) AR 82 0] DL /b I 2% 1 Y1 5 2 50, W IR 7Y
O FR B TE AL PO MU (R B0 o B e s M RE

I, B VGG16 £ B 28 M 28 45 48, 0] 1 20 BRKr 224 X224 X3 il BB A B RZ . 2 FIH
RN 3X3 BB AT FRAE S B0, B RUL BRI AL K BOE N 1. B2 R ¥ same”$H 58, LR UERRIE 4]
MRS S A M. U Z )5 8 T RelLl U B4IG oR Btk 47 JF 20k Ab B il 25 190 265 )2 01 448
s B A 73 A T RE 23 1] T 0 AR R DX RO BRI R . O T R — ) A X g A B AT A 1k
S ILAF G BE N 007 220 1 WIES S bnie . e AL JZ (T 22X 2 /il Ak 2% 0 A7 R AE
P& Yol D R AE T B RST S (RIS OR B T OGS AR AR B . it 4 5 DL B ry SRR AL B IS L R R AE
{5 A5 2072 25 (0 42 BORURS 17 o M R RRAE {5 2RI AT 3F N 42 52 )2  F R AE 8119 157 L 9 R0 38 T8 5000 o — 4
4096 4Ef 1) . XA FRRE AR YRR I T A Dy — 4E L O 8 b 4 i R R AT P R AR ek AR e L I
Zhg R a R,
2.2 EBEI

TEH 2 2] 11 32 S B A R R s rp A Y DR A v Bl 8 2 D AR B AT 55 b R B I 5 B o

. o R KB T B B B an
P HRL F R O AE B S B 0 0 L [ o L e ]
AR A T T 0 1 5 B L DR 5 5 2 I I

R BTN 2 R, ERELER R | [T [t [

MERZEMAL . ELINAFMNEMSUREA S I

ST L e T T . MHBEE

S L L R TN EN T —

A I % 2445 M 5 R 75 9 PR 00 4 R0 308 71 - = i
Ui ST O A R AR AT T U DRI 190 45 45 K 1Y G I I
Sk RS RS

2.3 EFE

A Z 3 )2 (dropout) , i 42 3% 45 )2 17 s B ALK 16 5 9
DRI LA A B, BAR AN

r ~Bernoulli(p) , FO=pL 0, 2D =)D GO D Y=Y, (D

X (D Bernoulli BBCE VIR p BEHLAE R — 4 0.1 A1 HEs v R85 L2 BEHLE 15 BB AE; v s
YUV INERIREE LR L1 BREE sV 01TV A R RN (1 J2 B S BORUM B 2 R
TR GG BN S (1 JZFRE; £ (277 RIRBERRIE 28320 0TS R AL
2.4 ETIEBEIN VGGL6 M EIER AL

WAL 3 TS24 2 B9 VGGL6 AR, I 3 ff . ML 12 )2, M AL T VGGL6
BRI 2 4 HERZ G 12 (28X 28 X512) FI% 5 AR (14X 14 X512) . 1 9 MERZ 3 442
R 2 AN EFEM . N T IE N R E I RAT S5 KR B Sy e AL B B2 4
4, BRUZMEREM R 3 X3, 5K Lk Z BRI 2 X2, 5K 2, s 1 4449 2 JZ 64
A BB 1 4 B L 5 B0 R AE  RoSH A8 224 X 224 X 64,3 3B $07AE K 64, FE 4T Ak b 35 45 2 41 &
it 2 )2 128 MEBEMEREREE R4k 112X 112X 128, J@E 5 128, 5@ i i k)2 5565 3 A&
i 3 2 256 A BUZ & BURAE . RSHAE S 56 X 56 X 256 , il i $0 48 Ky 256, PRl s 5 4 40t 3 )2 512

https: // hdxb. hqu. edu. cn/

K2 g R

Fig. 2 Principles of transfer learning



52 W AR ER, AR BE T IR RS AR ST RLE BN 2 R 45 1A e LR SR AT M 179
MBI EFRAE RAFAE 28 X 28 X512 il IEHUE oy 512, fR ATk s 5 - 20 AN F
FE ke,
24X2243
224><224><64
BXBXSI2 7751 1409

1X1X1000
@#f”)?ﬂ%ﬁ«ﬁ@%ﬁl
COHRKItLZ
AR EBIE R
1 EFE
K3 ETiIEB¥ M VGG16 LR

Fig. 3 VGG16 network model based on transfer learning
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Fig. 4 Experimental results of VGG16 network model with different dropout rates
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Fig. 5 Experimental results of frozen convolution layer
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