9 XX 5 XX A5 T Vol. XX No. XX
XXXXAE XX H Software Guide XX XXXX

BeERWEMESUEERENERNTRIRN

. =2
%4&{7‘]&1,2’£ ‘”«%1,2’3 }EZ,B

(1. # BB EAZ B TR R PO,
2. KGR KRF HEAMBALFRFR;
3. GFRIRE R L AL TSR Fu AL KX 430200)

B E: TN RPEANEFRERE NBAFRESRLE NN E R 2L ERIA @GR KT, ERAPER
% (CNN) A& BUKR AR IE S M B3 XK R AR A P EENEBEREBRHX L, FHEANGTRAFEEZ
W2 AL T BB (VIT) BRI KIE BIRHB, TAH L RAPX — s, A, BE—FaSCNNS VITHEARG R
BA Tk, BEASEASTERBARITRAE . Bk, R BRI RAE T Bk B WK F T 0 B
3% 3% Agent—CSWin Transformer 9 By 3f B AL AL 7y 5 FL ok, MBS B A ARAP 2 W 48B3, A IR UG — Aok B
ResNet50 A 45 m % AArn B A B E LI T N Y715 L3 A 2324k s, ¥ Lk /| AN A3 5 R 45 ResNet50
A ES , ARGESNEAGTHAELT, RS LAECNN S VIT##RE# ., A MIT-67.SUN-116 4= Places365-120
EAREREE LW EBRER BT, P ke iR A R R 5 5 ik 3] 87.84% .81.22% = 63.77%; iH fk 5 3 R AL E
T AR RO, T BAE SR T S A ey B

) oo DE0]
KEER : CNN;VIT; 35 5U1E B £ R 5731 A e
DOI: 10. 11907/rjdk. 251601 EE RN Vel Sl O 6 T
FE 4 %S TP391 X ERERIDAD : A X EHRE:1672-7800(XXXX)0XX-0001-09

Joint CNN and Vision Transformer for Indoor Scene Recognition
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2. School of Computer Science and Artificial Intelligence , Wuhan Textile University ;
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Abstract: Indoor scene recognition has great potential in smart home, robot navigation and other fields, but its accuracy improvement still
faces technical bottlenecks. Convolutional neural network (CNN) has the natural advantage of extracting low—level features and building local
associations, but it is difficult to model long—distance dependencies, resulting in restricted performance of indoor scene recognition; The Vi-
sion Transformer (ViT) is good at capturing long—distance dependence, which can effectively remedy this defect. Therefore, this paper propos-
es an indoor scene recognition method combining CNN and ViT, aiming to fully combine the advantages of both to improve the recognition ac-
curacy. Firstly, the local enhanced vision converter module is designed to enhance the local modeling ability of Agent CSWin Transformer by
capturing rich local features; Secondly, the semantic enhanced convolutional neural network module is constructed, and the ResNet50, which
deleted the last classification layer, is used as the encoder and the convolutional layer is used as the decoder to effectively mine the semantic
information of indoor scenes; Finally, the above two modules are fused with the original ResNet50 model to generate a comprehensive repre-
sentation of indoor scene features, giving full play to the collaborative advantages of CNN and ViT. The experimental results on MIT-67, SUN—
116 and Places365-120 benchmark datasets show that the recognition accuracy of the proposed method reaches 87.84%, 81.22% and 63.77%
respectively; The ablation experiment not only verified the overall effectiveness of the system, but also confirmed the necessity of each module.
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Fig.1 JCVT model framework
El1 JCVTHREIMES

2.1 LEVTM

Agent-=CSWin Transformer il £ 4> Jay 3 52 Sy AL A 24l
BRAC I B OC R (H L AE AR R A 15 I AETE AR 2 L 4
oy BRI SO D G 5 AR AR B o TR N 5R )
AE55 v V8 2200 B IR T SRy PR A5 # (o #f LT TAE
FULR AR ) , Al kM 4 e £ B AR & S BUR R 28
[A] FTRYE . ML, A SCHE Agent—CSWin Transformer Z Fij 51
A LEVTM, LIS 5 A5 R0 iy A RS Y R i8R AR RE 1 , HL4
I 2 7R o A RAE ORARE 4 Jy LSO Sy [] -, ) ]
J A B G B 25 kb ST SCRER I 2 S5 01 (5 5L L DT S5 B JR)
W5 4 Ry R AR 1A ACE AN . HAOR UL, LEVTM 1 5l i

HW,3 H/4,W/4,C,
Vo N | Tt
\ @
‘ Local E | Agent- D
Patch Comvolut @@ ! CSWin
Embed ional ! Transform !
Encoder ' erBlock |
AL > - _\_'i{_ o
X
Stage 1

HZ& B4 % A (Convolutional Token Embedding ) #F

i A PG5 40 Ry 5 B (Patch Token ) 5 HEUK 7E 45 LA ik

AL Agent-CSWin Transformer 2 [B] & i1 — A4~ H ¥ B 4 FL

5 BB U R B A L T T 0 2 R R A it

KR, RAPFAFTEMFEE MR IERR . BRI
T

A, = Conv,(Conv, ,(DWConv, (1)) + (1)

A&, = Conv, (Conv, ,(DWConv, ,, (1, ,))) + A, , (2)

AP AN T HRIC 5 Conv, N IZ S AT s DWConv

KIRIE BT DWConv, K 3X3IRE B R A, Rk R &6
FRIE .

H/8,W/8,C, H/16,W/16,C, H/32,W/32,C,
—————————————————————————————————————————————
( Agent- i e Agent- ) e Agent- h
cswin | 1OV®i | cswin Cov@: | cswin

—i
Transform Transform ! ! Transform '
er Block erBlock | erBlock |
I__\_ _____________ \_ i'_/__l |__\_' _______ {__I
X X X
Stage 2 Stage 3 Stage 4

Fig.2 Structure of LEVTM
El2 LEVTM4#

FAE BT A RIE R it 00 JR TR AE W A B el 4
M JZ 9 (Stage ) 2H A AT Agent—CSWin Transformer X 25 1, £
— RGO BEAS ) R AR E R 7S, JF 8 ik B R SR AE 2 )
23 ) 43 B 238 10 366 DA 5 30 S 248 32 ) 4 Jee L DT A A S22 TR AL 1Y)
FHIERIA . ATEMBGZ M AT 1 i, A7 A —4>3x3
B K 20 B2 2 48R CH A W) i, (6]
Ik V4 0 T A B A o 5§ A AR A (HP2i+1) %
(W/2i+1 )4 token, 55 CSWin Transformer 25l . H T4 JR/IE

BRI B A B, AR SO M S0k [ 24 ] P 9 7 ik 7
TG 871 =0 41(Q, K, V) 5l A— 4 HSM token ¢,
JE Wt e A Q. ¢, K, V), TR 9 AR EE R )
(Agent Attention) . Agent Attention 7] 387~ A :

0" = Atten® (Q, ¢, Atten® (¢, K, V)) (3)

Agent Aggregation

Agent Broadcast

LI



-4 L QRO | XXXX 4
0" =0 (0q")o(gK")V (4) &, = ResNet50(.1) (7)

g HAFARIC ;0 (1) 4 Softmax BREL. A, = SECNNM(.T) (8)
= (3) Fis , A% HETE 25 1L & A Softmax 75 75 A, = Concat (4}, 4, &) (9)

TIEEAE A 5 AR B R & (Agent Aggregation) FIL B~ 15
(Agent Broadcast) . 156, ¥ CHARIC ¢ N E ], 76 ¢ K
5 VZ TR EE LG ME RS HACBRRE Vg s H
U g VERBE, Vg VERAE, S5 AR R Q EAT 45 O
FITHEE, PR AR B ARRAE (Y 42 5 15 B 46 2 44> & 1) A
il i 070 ARHRTE R ML SR —Flop 9 T 2038
LA TR A TR AR RE . MLk,
LEVTM B BE 4 53 i ARF Ak 09 )R i R n BE 1, LREfRFF K
L HGE S, vl A5k FE Agent—CSWinTransformer Y
A RTERE PSR, BE3RAT & A IR R
2.2 SECNNM

48 CNN AE R IR 77 T e A 52, (H RS2
AR XE LA R 3R 42 Ry B SR SO, U HAE S 20 = N
Gy, AN R 22 8] 1 SO SR ARAE X 37 504 1) HAT %
SEVEHT, v R+ UL ST BEXS BT, B AR R T
FIREXT I AR B2 X SRR BRI D) A
Xf B — JRy B SR HORE , S BOZ AL TEREAS L o BT A
SCBET T SECNNM. HAARSR UG, AR ST e b B 419 73 2K
JZ T AR A i 4 B2 FA 2 A R St & s R, (]
S RRZER R, DU m R AR 181 A 23 HE 3 s R,
SRR TS YRR AR B A B AR A AR R B 1
024 W /0 3| 512 5 Ji5 , P ReLU W0 pREL, 1 0 — 145
FRIZATE g firk i 5 B A 0L P e 4o Ry i SO0 o A :05R
A

A= Decoder(Coan(UpCOHV(Encoder(/lfn)))) (5)

Kb A, A ARRE ; 4, A%t E 2R ; Conv,
A FURAEJG H2 Re LU 3406 BREW; UpConv o FoRFEZ

TEZBE T gt & O B T IR IE 2 R 7, T i
T 2 DUDE AR AT P61 B A Ry v il SCRRAE , X Rh 2549 A 11
TP B i R R UE B . TR &R Sh gl A
T ST SCEEAAIL AT 5 R R A 4 220 5T A ) s
RN L ERIKEE ST, AT R M CNN 7E4 Jm) 518 LOC R
BTN
23 ENZFEREERG

2 N7 SR BT 55 1043 (] ARt J SR 0 B L 42 S 45 4
FEE X G0 e R, PR 75 2 —Fp A 300 2 FR AR il & 3R
W&o A2 SCHR[28 MR & , AR SCI T T =43 LR AE Al &
e, TR AE 9% 9 %K 1 LEVTM .SECNNM F1 ResNet50 ()3
TEEAT PG o 58 8 DR s B8 4 Sl A 21 3 4l sy
B 43 S EA TR AR R B vk, SR AR AE L, A A
WATEEAG s B Ja I A TR I RIE R OR i A 7 8 1647 40
¥ BT HAXERR R

X = LEVIM(.Y) (6)

A 4 LEVTM $2BUSRRAE 5 4, 4 ResNet50 45 7
PEBUR AL 5 1, ) SECNNM $2 U RRAE 5 1, N Fe &Rl & 45
fil ; Concat H 3% % RSN .

LA AL, A R [ I B R AT )R BT
SR, TSI A TH RS R R RN, I
T R R 512 LRE T .

3 KRBWHESERSN

31 IRRBESSHIEE

SRARIE S 56 48 R 4 ] B B A SO R 25 5 i
JUT {68 D A9 2T 7 A 358 B M S S0 A T80 — 1 I - DR 37
5, SZESYERLER NVIDIA RTX 4090 GPU(32 GB .47) I
11, BEfE I R B G575 oK s QR PF 3R BT . BRI
TR E 22 S HESE PyTorch SEPL, 1547 T Linux $EE R G,
CUDA ,cuDNN Jifi /& 5 GPU FRES AL L ; @)% AR E . FT
A A BUR G — PR3 Ry 224x224 18 %, DATE L 9 CNN 5
ViT By A BRI S50, it K/ (Batch Size )
Hr 64, A 2% K F AdamW , A5 36k 2 50K 0.05, 3h it 5
Boh0.9; @Y . BLEUR S — B ZRms , 76 AN [
Bl 4R bR — B0 LA B DUBA O S50 X E B A
32 HIE&E

MIT-67 ¥4 40 5 15 620 5K % N %5 RGB #1144,
I3 R 67 A, FEAS 251 100~300 5K B4, 45128 514 )
80 Tk FMG HEAT U 45, 20 Sk PG AT . T 2SI A
R RE B v, L 03 5 2800 i R R A7 e 2 N i, 42
1255 PRl v g . sl ER N E 3 TR .

art_studio

g

auditorium

airport_inside

bathroom bedroom
it 1 ;
0
~ J n
i
p——
casino children_room classroom cloister

ﬂ [ @\l
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Table 1 Comparison of identification accuracy of each method

x1 BRHRRNERELR

ik R/ %
MIT-67 SUN-116 Places365-120

AlexNet 64.10 56.21 46.10
DeepScene—Net 71.00 64.42 49.20
Dual CNN-DL 76.56 69.96 52.53
Multi—Scale CNN 80.97 74.77 56.96
ResNet50 81.19 75.64 58.08
SWin-Transformer 81.42 73.38 56.42
SRRM 81.64 75.44 57.61
Scene Essence 83.92 76.72 60.01
TNT 84.33 79.28 60.15
Agent-CSWin 86.42 80.03 61.23
SAS-Net 87.10 80.80 63.32
CCF 87.30 81.03 63.54
JCVT 87.84 81.22 63.77
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Fig. 6 Confusion matrix of the JCVT method on the MIT-67 dataset
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Table 2 Ablation experiment results

x2 HUMLBER

B Lkl

MIT-67 SUN-116 Places365-120

LEVTM+SECNNM 85.75 80.19 61.85

LEVTM+ResNet50 87.09 80.67 62.94

SECNNM+ResNet50 87.01 77.38 61.19

ViT(Agent—CSWin) 84.42 76.94 61.23

CNN(ResNet50) 85.91 76.58 60.33

JCVT 87.84 81.22 63.77
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Table 3 Recognition performance of JCVT under different convolu-
tion kernel sizes

£3 JCVTEARRSBRIZKNTHIRF AL

L6/ S (G PNAN HE 1%
29 86.94
MIT-67 31 87.84
33 87.24
13 80.24
SUN-116 15 81.22
17 80.53
23 63.35
Places365-120 25 63.77
27 63.31
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T-SNE Visualization of MIT67 dataset
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Fig. 8 t—SNE visualization results of ResNet50 and TNT
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Table 4 Performance of different methods on MIT-67 dataset
F4 AEFEEMIT-67HIEE EHRN

itk Time/s AP/% AR/% F1/%
AlexNet 2.18 68.0 64.1 62.8
ResNet50 2.20 87.1 81.2 80.3
SWin-Transformer 2.21 85.6 81.4 79.8
Agent-CSWin 3.24 92.1 86.4 84.6
JCVT 2.73 93.4 87.8 87.6

Table 5 Performance of different methods on the SUN—-116 dataset
#x5 AEFETESUN-116EEE FHRM

PIRES Time/s AP/% AR/% F1/%
AlexNet 11.23 57.8 56.2 55.2
ResNet50 13.23 79.7 75.6 73.3
SWin-Transformer 13.51 76.2 73.3 71.6
Agent-CSWin 15.25 83.5 80.0 78.8
JCVT 14.3 85.7 81.2 80.0

Table 6 Performance of different methods on the PLACES365-120

dataset

*R6 AEAEEPLACES365-120 #iE&E LRI
Jiik Time/s AP/% AR/% F1/%
AlexNet 2.06 47.8 46.1 44.6
ResNet50 3.07 59.7 58.0 57.2
SWin—Transformer 3.06 57.6 56.4 55.7
Agent-CSWin 4.09 63.3 61.2 60.3
JCVT 3.33 65.2 63.7 62.8
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