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TERE T 2 B T & 280 AL AT 55, ol Ak
iy S sz H A IS, EGAE SOy B0 2%, Hod i f 4
VPR 1£:45. BABENKO % B85 CNN H5 & 2 1 30%
i AE PR B B AR A R R R A, T A E R .
ARANDJELOVICZ ' #E VLAD Efifi b3 H — Fh 3 3ok
Fi 5 S NetVLAD $#AE R G 1k, %7k mid sy
BeKE CNN $EHU R EREIE 2 BC B & R 2Ry, U T
BRAE R T VA B R RS B, A2 24 AT 2 R H BRI R A
HZ—. NetVLAD HIER KO iz B A 1] 22 2] 24,
REKBEINGHEA EPENAMNME, EHERERE S
I e S 56 Y, IR K 2 AR VPR B R Iz 4k
PEUTL @M (generalized mean, GeM) U™ i@ id a]
& R A E AR I IE 4R oK CNN 6 BRI B 2
A N RRIARTE, @iz iER AN ERRARTE, &
AR 1] f) 25 [F) 5% BB A58 52 o KEETHA 261" 97 i 3%
F Transformer I 25 A DINOV2PY $HY E1% Jm) 8
FEAE, dEiH B RE T IEAE R RHARRF. ALL-
BEY P 3t —Fh AR MixVPR 773, HAFER &
BN A B A R B B RE M, ST R SR AE 1
ARG . ERERFREGT, FAEEX RN ER
B M X I, S R AR AT RN TU AT Bk T AR AE
WA J7 AR B 5 SRR SR & o & R R FF i, X370
AT RIS R D, REAEIR A, HisER s
—, MMRMAEK KA EHEESETN, XTREY R
N VPR #F 7R IEANZ WL, VPR {E1%3% 5 F i3 FH HEE
it — PR

BESHR = B e R LS A0 R G5 VPR BAR K 52PR
TR, DA Ja SR A S 5 1 I G A VA 40 i B
A BRARAS,  FN A ik A2 A7 LR 1 TU AR B8 e SRR AIE 7]
B, RO PR T A AR R R AE R A R

VPR J5ik. fE3 5 UG R AR IE R R I N “hidR” %

HX A

ARV TC AR BIE FRFAE [, JR) AR AIE 56 & IR e
fEH e, R AR AR AR Bh A8 AR o PO AR B AR X e
2w B R IK . 4545 CNN Fl Transformer HIHLH,
TR % 3w BRI SRR SR B 4, DUIA S 3R 8
REAIE 1) 1 254 BORITARRAAE () 25 [8] 9% R A RU@ G, AT RE
KWL/ RAE W R ASE
mEMGCAE IR AR
1.1 RN EIRFNELRR

AT 500 W = A0 A7 B AR B SRS R AT
%, BAREARNEZWME 1. SHARMERFEAR BN,
e RER —RBRENZANCHMEFIEE, IS
EEGE Q, RN AEESEEGIREMERR, #—
W AL FE R AE S IORURFAE 58 & I R B BR 5 f . W R 2
FEUR T, € QEEHOAN R A /R A, sl (1D fro:
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F;=f(1) (D
KNP F ALK RIEARR, 2R e —MEENEIG

ERFFILMIR A E. A 25 BB SRR TS
HE Ao X TREBIHLE AR BRI &, K
HAE RS 2 A2 Ao AR LR S AT 7 5 e v B
KB, [FIFER 8 Lo R R 5 Fy o FIFAE A
R EAMUSE I REIE, B F,S A FRFZ—
BEATHBLE B, AU Sy, sk (2) Fi:

S, =sim(F,,F;) (2
A sim TR HAURE FE 5 R B, AN T8 10 B A R A
SAH, BRARSZAHMUEEAE Jy sim (SR8 e HE— 2554
AL EE S 72 AT S — A R R, A3 0 il B
SERAER, AN S B EES LE T R 5,
WS NAL T 1505 7 A7 B G LA, AT S 24 i3 55 1Y
A &R

RS JRITRRFIESR THERE LR IRTT
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Query im
e IRPEANZE M 2 & FHER G #if)Query
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Prediction result
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Greenhouse visual place recognition technical framework
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AGG) BRI ERENF, ZiEEATHR (3).
(4) FIR:

{t,—lie [1,N],tieRD} = DNN(/) (3

F = AGG({t;}) 4

Apltili € [LNL G € R g 1y J3 s A4, LR féTiE A

{t}, RN TR XERAE 7 &, D N s 4,

Nt z=H. 460 (D, (3) M (4, WHE
® (5):

F = f(I) = AGG (DNN(I)) (5)

WLt f AT B DNN Il AGG E-&5 15 8. Awf i
%1t AGG Fl DNN, kA EIE T %= VPR L f.
1.2 ETFsRMfEmeFER a8t

DNN $2 U B S SRR e 4 4}, e TR =35 5t
BIG 1 & R s 8, T bl FRiE R & % AGG,
B 2 A R FRERAE TR A N %35 508 UE B 1A R
RFF Fo NetVLAD %55 A1 1 100 5 14 i 32 SR i (0 4 1iE
e, HyEkkiafe M nmkais XMk
{Cxe[1,X],C, eR"}, C.RKIRE x ANFRMHORFE A &
CRFEFL, W AN RN RS IERE, I
SRR AR AR AR R 22 R SR B4 SR IR 7 . PR SR G it
BEEGERERFRER GRS —N4E, HEES5E
HRE R TC G . AR SR 2 O C ) 75 I i I Sk
ARSI, FAEHEE [ e ROk, HANFBE R SR E
M.

BERB RN Z0 BT 5, MRS EDE
RZHE, SN 137 50] 58 5 I SRFEA I 43 A5 AN A,
[i] 52 P SR 2 o a0 C AT ASE 2R 56 A A6 )1 25 3R A5 1R VA 90 O
B, M LUE N ASF R = B UK 2 AR I SRR, it
PR 4] VPR BB &bt . AExix— a8, AREFeEh
RIEIR 3 5 UG R SR 0 A, Bh A TR i 5
e, BPEESHO AR e, LUERIER =Sk,
B AGG AN Fif 2 =) [l i i RSty 172 2 2] AR )=
SRR 5 0 A 1T B 25 VA 40 T SR WS 1)

1.2.1 AT mMAA 4o By 3R45 B

A R I 5 4 S I UG & R IR R, AR AT R
EI 5 EUG R ESE () e s X MR (o RoRE x
ANED o NetVLAD ZER BUE I 2R A, ph o 1 2R 2K
HUG C R UEE A TR RN S AR L], SRR, AHE5T
Kix— YR B B AR AL (optimal transport, OT) )
W, S E R AR AR () SR U % 0 R A L h &%k
AR AT T (), AR 2 MR (fully
connected, FC) JZM)Z 2K AL (multilayer perceptron,
MLP), KA, W=k (6) FiR:

ST =MLP(T") = Woor (W, T" +b,)+b, 6)
XS e RN AN FERE, JTLRMESGoRREL,
SEEw RN (1545, TeRVPHNH{t}E LRI
PRI S SRR AE AR B, Wy e R™P [ by e R W, e R¥M
b, eR* 535159 2 A~ FC E HIBCE BRI B ) &, MM

FEMauiiiE, oRpRIELTERERE. SH kT
{7 BC s, B e RTINS, i AGG HR¥E % 5
RGBS R RO RN T RTRE, X 3R VPR A7
(P FE R AL T 2L A
R =BG, AnTdE o B . 25
PREE X, IX e X I Sy S AEAE BAIX 43, %) VPR AE5%
K, BTIURBICHIGE, HHXEEHMEERES
e RRARF R, TRRSTIHA AN BRI, 2
SuperGlue /=P IR K, 1E X ANREIHEER L, KRBT
HE—BEIN 1A W7 5%, H T8I0 RRIE 2 B 1%
%, FFH S eRVERE () &R ERE oo sy B
TR . — PSRRI HRFIE 5% VPR HRE, T4 &0t
KEW 5 BUR 40 5= 21 4 Re s 2 W, BISR. B AGG
PR R EFEARM ) kM. Kk, AR 7R/E AGG
HOlN—AAr 2] S 8w, eR, FH@d (7) ARS:
s=w.ly, ly=[1,...,1]"eRY @)
BB, AR5 AGG BT % 21 25084 MLP B
S Mw,, AR TA A R AR B AR T
W, et fEd, W FEDDRHEE, MLP &8+
STHXHE Y IS ECRRS,  w kA8 TOARRHIE 1Y
BN B RES RS IS IS, B (8):
S =[S,5] e RV**+D (8)
FEARM ARSI b, BBt Bk ) h & o &
SR SRR, ISR P, PREAS K (1)
R TIR 3 A = Ly o (X)) DM RER R 1 7 A
r=[1LN=-X]' I, ®HPHEHLR (9 FrRgmn:
Ply=1 Ply, =u (9)
AR R (9 Frow 4 sk #f PIO S 4% B W s
CUTURI 2P 3824, fEARN A FE3ERE £, S Sinkhorn
HVRKR AR OT Frila B Mok P, ARH 03, Tz ok
fi#P. Sinkhorn T 78 £ VOE AT FEd, A2 B M
exp (S) AT R BIBEAT A —fk, HAFEI S BLIERE, %3 72
AR A (10):
P = Sinkhorn (exp (g),K) (10)

3 kK 7~ Sinkhorn 5 7% (1 3% AR Wk £, A B TR H
k=121 i F Sinkhorn 5733 FE & AT o0 0, DR L
AN T ISR, SEI B > .
122 AB#EFERT X
FEAMBCHERE PROFERE b, K37 50 EE 1 R B iE 4
RENERWRE Fo N FROYERE, R H5®
AGG HKiERe 1, HEHEA 24> FCJZ) MLP X} 1 11
JR R IE R B T AT AR LR MR AR 3, il (1D FioR:
T" =MLP(T") = Wpoo (Wn T + by )+ by (1D

AT € RV )y THIREYEJ 12 FRHIEFEIE D'y e
Jo iR B REAE ) B 4EE, H D'<D, WjeRYP,
b[leRM\ szeRD/XM\ bfZERD,ﬁ:}‘%[J%jZ/I\FCEE/‘H‘X
A (i L [
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HTF AP, LR (12) Frrsss, T
A CRFD Bl Q) ML, WA
0=PT (12)
0 e ROV 43 B2k AR RE . O G — 17 1 R
REESEAE “HidR” #% L4 AL, A4 NOh 2k, 5]
H RUR FRHIE Ay AL 45 REALPEO € RN, Hrp fg—17 43 )
FOR IR ESEAE A AR ORISR B xt 0
FOAT I IESEAT G006, SREUIR 5 5 5 BRI & R R 15 F

m=R (13) FiR:
F = [01,*,02’*,...,0)(,*]1-7 FGRXD[ (13)
Ko 258 0 15 1 AT e R R M & .

BT B ACAL T 0 R SRR 5 & 8% AGG I 34K 45 1,
Wit £oRNE 2, Hi D, M. DA X EBAERN AGG |
HSH, HE 2 A MLP PR ESEEE. AGG Al DNN
PEHLA MG R R IR R A N & R iR 7T

RS Rt e SR
Local features Score matrix Tk, Assignment matrix
D. NxD xX Row normalization V> (X+1) EDEiBYE
? ..... WL N . Global descriptor £
o & 5 ~ : NN
: OP{OH> — = 5 Fl
{4 anmEE EE o B\ ) L.
—————— ' o E b
s 2] b
..._-...._I_)_LfStbm score &) _ .. w <
MLP [ 1) Il N | %ﬁ%ﬁé
3| Q| : =]
3 N > N B 3
7RISR | , W

Feature dimension reduction NxD'

W NFHEREANEG DM DA R IEAT L AR AE I e X FORRBMIREG MLP Fn 2 Z AL FC,, SRRt ety M 48R

w, NS 8. .

Note: N is the number of feature vectors; D and D' respectively are the dimensions of the original and reduced feature vectors; X represents the number of clusters; MLP
stands for multilayer perceptron; FC_, represents a fully connected layer with a neuron count of M; w. is a learnable parameter. The same below.

B2 AFREAREITFIERE S
Fig.2 Optimal-transport-based local feature aggregator

1.3 REZREGEIFHERBMNEMR LT

TENLER NS R AL S SRR = ) s B g+,
SOk, EHRA. EEHmeE L EGE N k. DUE
W N, H& R B AL, MERAX 4y AK
PR 22 BEAE A LK 28 1) I, = B A e ey 3 X 33
FIE RN FERIIRIEAE S B . AGG BT A& R IE4E,
AR EUR I A R R, R SRR AT o VX 4 R i IR
FFRIRT o PE O B, AR 537 35t SR S R E 5 3
RN E KR E G BRI R M. 54, R
FHERTE SRR EVCEER, AR TERERRESR
AR . R G AT 90 7 A 2 RS JR SRR AE S HUM 26 DNN
BF, W BT RS TR R SRR AE RN 42 JR PR R A B T
FRAE[A) HLA S I 2 2544, [R] B =5 18 X 8% 1) AR =) 3
fiEHEHLRE
1.3.1  4FAEGRIR A 4950t B 3%

2007 AT T AR R R B A R 4% 32 B CNNEY
Transformer™ # fli 27, CNN £ 4/ 35 14 5 & 40 5 15
BomBARA, EX2FRE SRR
Transformer f] £ 3k ¥ & /J (multi-head self-attention,
MHSA) HUHIBA 4 Jm B2 B Re e, fe s PR g 57 7 i
FEAE A 1) EAS S, AH G X R R 34 1 {5 B e HLGE
7. BUA RT3 5 R — Al R 4 45 ) sk SR BRI 4%
FRAE, AHFFLIN4E 4 CNN A1 Transformer [0 34 K et
DNN, ffHREEEA R EG R SR i ae 1), ae
I MHSA £ 5 5 REAE [A) 37 BLAS 2 I EAFAE T RN 3
Bif5 B, 1 DNN B8 THRE D 5 m 4t xiE = 3 5t B G 4%

o AW DNN B THEEE 2, 7EALSE Transformer
(vision transformer, ViT) P/ Z0kg3Enti |-, @it F K4
Wi CNN BUR R NI VIT B2k N, [RII
Bt VAT 4 i 2% 1) Transformer A4 3% B, A 76 6 2 &
A BRI RGBT T, SRR EE
B
1.3.2  CNN B AR %+
152 2% R JE 0 2 2% A e i o282 Sl B, Bt
CNN i A, YU 2:28 38 33 9% Transformer f] MHSA
R JyialiR &%, i 7 1& 3a Pros ) Transformer 76248
Fo LIZEP it — 53 i B B R AL BB (depth-
wise convolution, DWConv) 1} 76 42 #4 1] Vi & #s th
EAME), AR ZAAAEE, R SERN SER
(point convolution, PConv) HUfQi@EE MLP H [)Zit)=,
Hit—% DWConv # AP~ PConv Z [A], VAMEZEHAT
SR AR A, ES Transformer JGCHEARAL A 4 A5 AR HL
(ConvFormer) , Z5#UnlE 3b, H S CK RSB
F@ES, HA#A—4L (batch normalization, BN) 1E
A Norm JZ . H T AW 5% 1] ConvFormer M Transformer
TCHER AT R, IR H A B AR A Transformer 2R &
et
1 it ConvFormer #E & I #5304, &
CNN Eg i N, g5t 3c, HAPMESEH C %
PesE 2 B8 BE, AW C=64. C,=128. C;=256
M C=512, Ly S8 MESIREE, 485l L=2. L,=4 #
Ly=4 P, S NG 130 5 i N e sz B i N 1t FE W) R
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RAR (14): Ksk&, hxwRN E S EYERE. ¥ E fEBIE4EE L
BAFHE RE,, eRP,xe[0,w),y€[0,h), {ERJ&IHE
BN . T CNNEmb (UG, E B TR
FH CNNEmb £/~ CNN EG ik AfE, E AR HEEE SSRGS RS 2

E =CNNEmb(J), E eR>P (14

A
A n ( l ) v
>+ i H
A A | Lyx ConvFormer-C, PConv-D
Norm \ 4 / !
Channel MLP A Conv-C,, s=2 D
X PConv-C p A
A RS ConvFormer-C; h
Norm { i
Norm . 4 / > ,
—4 & Act Cony-C.. s=2 {RFE
—>(+ X » i Feature
4 { A ] | maps
ok ; DWConv-4C | Lyx ConvFormer-C, [)%/\ v
oken mixer A { A W &
Norm Conv-C,, s=2
4 & Act T
Norm i L N=hxw
* Conv-C,, s=2, Norm & Act PRI
IRClwiw-C ' Patch embedding
Input L 4 A E
N Input 4\ [ 1% Tmage 1
a. Transformer G424 b. ConvFormerfi £t c. CNNR A 4%
a. Meta Transformer b. ConvFormer module c. CNN embedding network
JRy RS AE£E
Ean
AL Local features
(N+1)xD N Global feature
I 1}
I y oM 7
(N+1)xD|Q (N/4+1)xD| K (N/4+1)xD|{V MLP ZiF0 5 Encoder
Concat Concat Concat 4
A I A T X Transformer
Dl i - N/AxD LayerNorm BB
N/4xD %
. ) )POOI el 4 Position
P o 4 pe (G embeddmg
3D i ;isl_ | Nx3D f ‘ M ‘4
Linear -y Linear
Shared AMIRIA
D N<D i) G
Split LayerNorm CNN’E:‘J')\H%
T (A1)%D T CNN embed(img network
Input i\ Input i A\ 14 Image 1
d. A 2 i S e. Transformerfi i £ VR B2 W 245
d. Pooled MHSA (PMHSA) e. Transformer module f. Deep neural network (DNN)

VE: Norm NIH—4L/Z; PConv-C R/NBIEHCH C MEAER: Act RARBIGE; DWConv-4C RNBIEECH 4C MIIREMER; Conv-C,, s=2 ER/NEIEFHN
C, KN 2 MBPER L ERPBIRE SIS L IR b, w NFHEEI 2048 MHSA £R82 ki1 J): Concat RN FHESUBAIRIE: Pool A bHRAE:
Linear F/RZk VA Split ARHEASFIHRAE: 0. K. VA FoR&EW. REFAHEE: G FRERHA: LayerNorm 2 H—k. TR,

Note: Norm denotes normalization layer; PConv-C represents point convolution with C channels; Act means activation layer; DWConv-4C represents a depth
convolution with 4C channels; Conv-C, s=2, etc. represent stride convolutions with a channel number of C, and a stride of 2; L,x represents module stacking repeated
L, times; h, w is the spatial dimension of the feature maps; MHSA stands for multi-head self-attention; Concat is used for feature concatenation; Pool is a pooling
operator; Linear represents a linear transformation; Split is a feature splitting operator; Q, K, V represent the query, key, and value matrices respectively; G represents
the global embedding; LayerNorm stands for layer normalization. The same below.

B3 BEBRAFAERIR M 4%

Fig.3 Image feature extraction network

133 EEHAAALEHATIA cosine L BRI, IFRIKME,, F E LIEEE,
R 2 1025 3 R b B Rl e FLE B PBI R IR B] E dR, 1y i
W, LR AR B ROE N fi R A B g e BN, WHE < P+E.
W E™. 2% DETR BAIPY, A 52 F & 52 1 sine oA 5 37 5 R R B R AIE fE A 2R & 4 SR A B
T cosine 1 EA I 7k BAS BRI B p sy, (R ARBPTLE DI R B Gl
mR (15) Fis: NGeRP), FEMLFEAMERN, HG—G+
' PosEmb(0). 4N G 5EGHIEN E—f2, %55
Px)=POSEmb(ﬂ(Exy))’ ﬁ(Exy)=X+yW+1 (15) ViT gﬁﬁg%%m&ifi 'Tﬁ Gi@ﬁ MHSA L‘{iﬁ%ﬂ/*\g/\lf)”
RPN E 60 B W B, PosEmb % % sine Bl MIZE, DAIKEUR KR4 RAGE, E., et fie
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e G, FRERAEEER.
1.3.4 Transformer #Ji& 3 49 5 it

Ji Transformer ¥ & He P73 52 oy 35 ok 22 3% 2 10
MHSA Fl MLP W§#85r ¥4 i, Hoh MHSA fE 15 2 /i
BN, TEXEWER Q. BT K AERRE v
R B IREIEE, PARS T EER . Lol
WMANFRATTER AR, 2 RN T,
RIFFARM 28 TH . A FUEAT MHSA THER, 56
At (PooD) 7E K. VHiFER)T A 4EEE B AT B dE#R 1,
WG FATERE R, DR AR, ot s
) MHSA Fr A ith A6 2 Sk ik & 1B E (pooled MHSA,
PMHSA) , &K 3d. f1F PMHSA ¥ K. VI
FEHIAE L B R JER 1) 174, HoatSE TR JER T 25%.

F PMHSA & # )& Transformer #4 i 8 47 ) MHSA,
M) 3 o HE ) Transformer $t (& 3e), LI KiZH &,
BHEEHES LR, FN DNN K VIT 4f s, S50
K 3f, HrHSH L doe g asmiim s, Autsik =87,
ML E 2 RN G FIEB RPN E L RE 5
FHEFF RS HAF R, iS85 5 — 1 Transformer H 1)
B GY . ED 53 R A R HNRFAE ) A U B N

JSEIEERE S

Rl 4 R RN R RFAE 2R 4
Local features =~ Feature aggregator with global feature (AGGG)

L5k, HPGVEE 7RG RIE, EC N 1 &

BIRERAE . X EC BT IH—ALERAE, R IH— L4 RAE

NEIN B T RERAEAERE T, s (16) Fs:
T=y(E®) (16)

ey R A LR
135 #EfF5 &R IR RRE

il AGG %2 BRI R BRRF AR T, T2 el 7
F=AGG(T). %) 234 142 5 BNKHAE 17 G th
O T HRERI RIS, AR IR F 4,
DA — AR B S 5 VPR e ). NI A R AT
FIAERE, %6 MLP % G AT AR LM R e 5 e, 7351
WELE IR 1 4 RHE VB U, 4086 U R F ORI — 1k, 3K
BAMER SRR Fo, 0t A7) B

Fo=y([y ),y (P)]), U=MLP(G") (17)

R Fe R mRAEN )RR . HEBGIERF IR
WE 4 %R, Hbkada AGGC BAE4 RS &/ NE:
TEIEEAE SR 2 N o — R IE R & 8% (AGGG) , FLXF
() 8 2 %0 4 ) % B ND =768, M=512, D =128,
K =64, D" =256!",

L,-Norm

1 2
%5 Image 1 i & §—>..
=, = i —

RS
AR HRNRFAE |
Global feature | *

...............

Iiﬁll*l*

AN
Concat
v
L,-Norm

ESEBuY
Global descriptor F|;

L,-Norm

E ' EEEE

e DUARRYE S A RARE R YRR . L,-Norm %R L2 7 —4k: U R BR4EE 104 R RFAE o

Note: D" is the dimension of the reduced global feature vector; /,-Norm represents L2 normalization; U denotes reduced global features.

B4 BgLSRmaE AL iR

Fig.4 The process of generating image global descriptor

14 BEWNRMEIRIEEGLBEIRENX

P 0 7T ¥ 1 DNN A AGGG #) i e 28 W 5 f
GiRZ VPR BAL) , ZHME LS REH H R SRR
B REGNSG, AT VPRALS . ML H AR
B AW SR, B E A B 5 B A R R R
PEES, [FRHEZ A R B 5 B A R .
Z B (multiple-similarity, MS) #12:0 #Eix 2K H
P (1 B 2 S0 b B R PO ROR, ANF 58 LAIZ A 2R 1 i
IMEPE R FIeAG B Ar, S s (18) FrR:

1 m 1
=— - -a(Sy-1)
fMS m;{alog 1+Ze :|

reP,

1+ Ze’f(sw)” (18)

reN,

1
+—1log
B

A lus RN MS UK, v By ANCus KBS HL, m3FEoR
gk — AR IINZRREAR I -G8 S, R B L,

I3} B4 JR IR A 1A] AR 5Z AR s Py NOR/NRETRE
AP FLIIEREA (35 MffEAR (ER-—
Yo wHlES, Mk, SEEA @ S SCER [31] 19792
YR
2 EREMRAZIRANIE
2.1 BEIFRHIFEELE

T 2023 /£ 10—12 H, FETLBEARM K 2 E05 Bt 2k
HE R HRENIT R = EGRE, FEEY AT,
TR, PR 1.1~19m, FRIEZ) 03 m, 1T
FEZ) 1.2 m. 7E 09:30—17:00 N BCRERG . HEZ K
G GREA G 2 FEME XT3 i VPR A RLZ AL PERE 2 0 B2,
N FH R BL A B R 1 e 2 30022 7 7= A 0 AR 38 A Sk 3 i
AN Z R, RIAESRAE M Bt i A A R AH B R S B
B G REA R B3 7. 43 {8 i HUAWEI Mate 50,
VIVO X16. XIAOMI Note 10 F-#L, ;% Intel RealSense
D435 5 S RERIE, HAFHL 0Pl E N 4 000x
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55 22 ] BRI I T IR VoA R T A I S 5 B R vk 167
3000 18K, WG KPR EEN1920x1 080 8 K. X 3 SHRE5SH

FAAS AL IR B8 RAE MIREAS I 28 VPR KETY, 75 SZRR R )
0T 8 RS 2R S AN [ A A B P I B o KR P
AFEGLE, WARBERT, 2 XA RAE . BEBRE
B, 10 RESH. i B A B .

EHYERELFES, BUHMIL S REMES. W
i, FHAEAFDEHRAAE T RAE, RN ED A K3 7
TR 5K fE, UMEARES. M. SelRAaEY
KA R AR BT REERR B, AL B
YEMATRY, APLEEMEATIE, PEES AR 4k R AT 76 P
B e B E A, N ZARE, BAPLE T L,
VATEEAE AT T FE AR, SRR — 3 5= N A R G BE
BEEG . EAAPLE e T =T R E M E L,
TEEE A G I G, RIE A SEA ARG . 7
— RN B A — s g, SREUE — 35 e i AR
I EG . HEIEMEKSIEL, XWHE—FE, 55
RS 1. 5. 9 13 KRME, RIUA—S/EmAKahds
A EUG . AR R, 3 EEF W HEMAT I BT
FIEE . NARAE, HASRAG SIS KIS, A
G aEE2HRESEER. EESANEE, RE
T 24000 ME KM%, 52000 MRS, B 5 12
TEEAG, HRIR = R
2.2 RBONG R 5 3E

$F PyTorch 2.1 iH HAEZLPY,  F Python 4 F2 523
AT =S BN AR, ERLE A Intel Xeon
Silver 4314 AL ¥ 2%, 128 GB N f%, NVIDIA Tesla A40
4, Windows Server 2019 #:1F 245, CUDA 12.1 /i
R AT ST R AR ()1 5 B R B

ViR = 3 S BOR B 4:1 HeAs) 4y Rl 2R B R 4E
LIRS, @i/ MR FEHLER R R IZ VPR B,
f— /ML AR 16 MR KIL 4 EEG, B4 5%
BEMLIESE 4 08 %, IR RE b, i BB N
320x320 1% 3, F I BEALECE 3 9 7 7P Skt — 25 1 hn
WEREAR I Z R VIMG IR N 1074, 58— B
1 10° YOk, o) KRG FHN 107, [FEE] %
Je, FHEAT 10° WOEARUIGRNT, BRSO Al AT U S B R
TR

LA MEE, WS VPR SRR GIRE 77, FH R
AT 5 B top-K B (Rg) WA IMERE.
MRS 400 Mg, WENRBEYLER | iEEE,
EFR R SRS E R GE Q, B4R EGH R E R
He AARBFF TR Q AR/ MR, Wks%
£ A XN T HMEREERERL, RS RR
F, URTZANUEEMENBE S T &, 76 A PR EZAMR
FFBOE I KANFEAR, g R &5 51,8551 E
B, WHC MR 1 Hs, =1, W s, =0, R BIHN
H F T &) B 1 s, F3ME, Wl (19) fios:

R@K::%ES:% (19)
X nRoR H IR

3.1 FEHLE
NI A R ITVER A R, FLFLFS VPR J7
¥ NetVLAD!"", GeM!"™. CosPlace™. EigenPlaces™".
MixVPRPY AT L . 85 7 VA I/ AR 700 2 R 5 3
SRR DT R SRR, R mE 1.
F1 TREMRBAEIRRIFHE ML

Table 1 Comparison of performance between different visual

place recognition methods %
7515 Methods R Rus Rano
NetVLAD 59.2 76.43 82.44
GeM 65.73 77.33 82.06
CosPlace 76.84 88.37 91.82
EigenPlaces 86.07 95.52 97.33
MixVPR 85.99 93.45 95.41
AR 30757 Our method 88.96 96.06 97.65

H: Rais Rgss Raio MBI (19) T top-1+ top-5 Al top-10 H [A]
%, FH.

Note: Rgi, Ras, Raio respectively represent the top-1, top-5, and top-10 recalls
calculated by equation (19). The same below.

HHEE 1 AL, 7R VPR AR, MRTFHAL 4%,
AR EEA R AR MR 5 NetVLAD #iLk, A&
SCIT R Rais Ras 1 Ry 73 7 32 &1 29.67. 19.63 Al
IS21 N EH e KT T ML A T CNNA
Transformer HIE#, 5 NetVLAD H) CNN 454 HEHU 2%
ML, BA BRI SRAE A BE 7, [ A ST AR
PRGN R RS SR E L RHRFRE4 R, M
BT NetVLAD %A 88 4 M Il ik 2 mb 2% >3 20 169 V5 44 Ml
B, BAEHFHZRENYE. 5 GeM ML, A ik
[f) Rain Ras A1 Rgyo 73 BTG 23.230 18.73 M1 15.59 AN
Iy e RLMFFIER A BEARE R IR, HET
JRI BB AE R 1) 25 TR AR DS 1, AHER T GeM U F S50 =
B S5 AL SR I 4 SR R 1°F, A S 4 13 il Rk
ft/J. 5 CosPlace AL, AHEFITVELE Ry 55 3 Freabs
At 12,12, 7.69 F15.83 NF4r A, 5 EigenPlaces
AL, 4507 2.89. 0.54 A1 0.32 N . HET
CosPlace il EigenPlaces 1] B & 7 K AT %%, AWt 7%
VPR GRS 2 ST 5, BT AR i UG A 775 58 e
BRI EEEUER, BAREGRZAM. 5 MixVPR
LG, ARSCTTVEN Rars Ras B Ry 77 99 1 H 2,97,
2.61 f12.24 NEHI R AL IEM MixVPR fER G 2R
IR R R B BN T A R R I ALE], HAEE R T %
JREBAFAE () B B, (HRTE P B R T RS 4
SRR, (AL B IR — PR, AR
TR B R Ry, TR 88.96%, HAE® A [HIZ IR R
I HA 5 FhoOrvE, RHAERE VPR RS LA
XK
3.2 FHERA KRB TMEERMIIE

AW FANE T 2T B AL 0 4 R R AE R & 5V
AT T = 5 UG R SRS I 4%, itk —25
IOAF X S BT R AL B A R, TR T AN A B E M5
TR .
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321 HAERA T EA BUMIE

N B8 IE AR HIE TR AE R A T VAR R, B
NetVLAD. GeM. MixVPR %577 FIFFAIE 5 & 44K DNN
S R R E R S N RIR T, BT CosPlace Al
EigenPlaces LM ZHFRHER &8, AHESHABHE.
=P HA R BT R A4 AGG 1 AGGG A R4 &)
HIRTF, AGG NG RHFES, AGGG N B i —
¥ DNN %t 16 4 R i NRFIE RN IR FF o [ I# DNN
i A SRR NSRRI BLERAE N & SR F R 7, K amah
R AR G FAWF 7T BT DNN /E NE T M %,
KAARFMERAGRS, 6 MB, iR = A%
NGRS R, SR 2,

R2 FHMERESFHIEMRELER
Table 2 Performance comparison of feature aggregation methods
%

15784 45 5 Model No. fic & Configures Ra Ras Rano
1 DNN + NetVLAD 67.31 79.86 85.29
2 DNN + GeM 86.04 95.07 96.48
3 DNN + MixVPR 87.87 95.04 96.34
4 DNN + AGG 86.80 95.15 97.01
5 DNN + G 86.15 93.64 95.53
6 DNN + AGGG 88.96 96.06 97.65

HIZE 2 TR, AR T MM R A5 T, A0 7Tt
HERER (B 6) B BRI . 5 MixVPR
MR A AL, A3 AGGG M Rgin Ras Al Ry 535l

FEm 1.09. 1.02 A1 1.31 MH 4> A, 5 NetVLAD MR A
WML, R WHEE T 21.65 M EH 48, £ AGGG )
WX m VPR PEREZA 2. 5 MixVPR (R A7 A
A& RESEFIEAI EL . AGGG ESI SR A R BB F
W RE 7 DNN S 2 RFFIE, BA B sX 5
REJT. XFLUASEAL 4 FUEAY 3, HiE M Ros M Ry i T
Ji# . AGG Fl MixVPR #5518 | AN[F] & B REAIE (1) B 22 1,
ExrEEg g W 5K, HiBR T IS B4 R
ARFFHIFTH. XA 4 588 2, 1, RUHTE 3 Difats
¥ ETERE, P RHE T RRAR R RS
HERIAERNE. X AR 5 REAL 1, RiI4d 5 H DNN 4
AR E N RER T, wEREEsTEER
LB I TERE, KW DNN [ 4afid#8 @ PMHSA 3 R fl
G T EGNE R, X R 6 E7ERIA 4 3
fih Bt — P mR I RE R R . Bk b, AEF R
(1) 5 T S AL S I RR AR SR A 2% I & R R AR R R 137 A B
FRAMW, eI ERE VPR R,
322 HFAEARIR W AA SIS IE

g3t — I E AW DNN W2 A 2t 4> 51
ResNet50P"),  EfficientNet-BOP®, Swin Transformer v2-
base(Swin2-B)P”, LK DNN 1 Jy EIAG & SRR fE HE HL A%,
7 18 BIFT 3 Bl N 4 06 4 s iR N REAEF . FH AR A
AGG 1E NI E R A28, 4k 4 MR, =5
a4 EHHTHEIRIIZ AR, 458 mE 3.

®3 EEMFERIUMAE T RELLEL

Table 3 Performance comparison of local feature extraction networks

R G [ S TR
Model No. Configures Ra/% Ras/% Ra/% Parameters/M Calculation speed/(1i-s™")
4 DNN + AGG 86.80 95.15 97.01 87.5 55.65
7 ResNet50 +AGG 77.59 91.13 94.55 10.3 109.65
8 EfficientNet-B0O + AGG 81.35 90.91 93.70 7.5 66.36
9 Swin2-B + AGG 76.32 88.85 92.29 89.7 21.35

2 3 W41, AHTF DNN /%% B A i m A B R
A B, SHEA 7L, A48 Ryv Ras M Rao
SR 9.21. 4.02 Fl 2.46 ANE 4y A, S 8 AHEL U
gl 5.45. 4.24, 331N H4r sl . 5 ResNet50 Fil
EfficientNet-BO ] 4 CNN &5 ¥ AN [], DNN@t & 71
CNN Al Transformer f L %, 7B BMIRIIZ = HE
GRS BRI, I8 REAE R SR AE P kB 4 R ER
BEdFAE, dtmidt s T ARG T, 54k
CNN b, DNN R A® KIS EE M H R, H
H TR T T MHSA, THEIEEA I 55.65 /s, BA
B SER R, X LA A 4 5 9, BTE 1 Ras Ras
Ry LLEE A HIEH 1048, 6.3 1472 NEH A, 1E
SHEMIEMEN T, BE TR R EE N 2.6 5.
FHET Swin2-B [ 4l Transformer 2244, DNN 7 #f 1 &
S R L R AR S ME R R, B B CNN R R 5
TR IRILAE 7. 7E 4 PR AL, BEAY 9 B PR
AR, VEHITE VPR ATSSH, MG R S 40 1 R i A2 44 i P
BaRiE XE B BEATR. U EARE, AR
WU DNN REAESE U 248 2 G 20, Refpidt— Dot s

155 VPR MERE,
33 EBENRMEBIRMEZMEZSH

VAR AR . eI, RS — B2 VPR %
R EER R, WERRAE, BHBER, EMaE
Ak, MEEEEYSME R EBRE R EREN
AR NRFEAR TR (R 2 B8 6) Xt 2 PR KAk
e, S 0T RRAEIE S UG . el
VE A 52 (R 2R AR AR50 7 BT
33.1 RALIEB TAH oM

FEMLES H bRz Se i, s EUE B AR 1 K/
K& sl iR =Sl T, EBCRFE R R
gl R B AL AR AL . IR T A IRMATEE (KD 12m), K
SEREARRE, PAE—MIARAT 50 cm bRk A, AL LR
i EH T HRAT I AR, BB L AR PLE BT S AR AT 2
100 cm 4k, BISRAEEEBIAE4LA 50 cm, A2 AW G,
DAFEHE R b B NS H A, NET A8 Hr, XAk
Bl E A7 3T A0l =55 43, BRI 43 J) BL > 50~ 65, > 65~ 80.
>80~100 cm i Bl N G A B IS, M RAEEE B AR 4L
AR TR R, 45 Rk 4.
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Table 4 Analysis of the impact of sampling distance shifts on

visual place recognition performance %
KAEPEE Sampling distance/cm Ra Ras Ran
>50 ~ 65 93.75 98.75 99.17
>65 ~ 80 87.08 97.92 99.17
>80 ~100 63.30 80.85 87.77

XFF A SIS RAEA, R IR AR A
WEFRERAE I 4L & TR H R, 45 R WK 6.

Fo ABTUMMEM BRI NS
Table 6 Analysis of the impact of sunlight shifts on visual place

T ARPERY], WE RSN, 5 1A A E
FBW B SRR B N ERAE ST (>50~65 cm)
BT 1A% (>80~100 cm) B, Rgyv Rgs Fl Ry 435l
TREE 300 17 A1 11 ADNE A SRR YORE, W
MEEREZR TR EE BT SEEIE, ShEg
BT EZ s HARY), RIAEE W2 RMERFSR
AREIZ, 55 EMILE IR R, g
W B PG, 7RIS R S AR TE N, AW
JiEI Ry 3I1E 63% LA b, BEARUG KA PR B9 A8 0 R I H
TEE .

332 AAHGLA RALH AT

BREARML AT BRI, BTk A R S5 Rk
H2HEG AR MEA R . LA 17282 058 B 1)
sull. AR, PO R KA . NIHREE ik
H Al A AR ) e B A, IR BEREARTE R AR R, AL
BT W EZEMEME b, DUYRTAHENALA A
FEAE AU (0 £ TR, BEME AL — e 45°
GBI Zya R, EGRELEXgs), JfEF Ak
AR, DAERHE SR G RS E AL, LA AR AL Bk AT
=4y, 4R HIL>00~15°. >15°~30°, >30°~45°
0 BBl AR AE N B EE, o3BT LA AR X AR T S Y
oM, SRR S,

x5 ENAATAIMEAEIRAMEREF R

Table 5 Analysis of the impact of camera viewport shifts on visual

place recognition performance %
P Viewpoint/(°) Ra Ras Ran
>0~15 95.30 98.66 99.33
>15~30 72.60 87.72 92.70
>30~45 55.75 78.76 82.30

S HAER, HAEYLL A AR IR I R, R
PEREIZWT FBE. 40 A BTG E7E > 0°~15° C/INIELA
A I, ALE RN Ry AMET 95%, ALK NIERL A
A EAT RIFRE . H20 A0 300 CRIE
MAABD B, Ry KIR TR 39 NE 4, AL
P4 R T A A s S 2R (1) U5 P G R B Bt AR LA A
BB ETR, T EE S S % BB IIAE X508
N, T TE SCHIBUHE B AR, R R R, ik
s BRI A AR Ak 2 S A AP S0 AR 2R R PR AR R R
PE AL A AR S R R T — P TAEE A
333 REBEAHwoMH

FRAE RALRS B 3%, IR E 75 RS IR B F
FRFMMS AR, T REAERRB SR,
¥ s BB R s IRAEAE OB WA, SOGRFEAE
NABHLE, REZHEAME . FTEREIR R
A, BENLERE 1 IRERIE RS, HAEARIE BT R,

recognition performance %
AR SHELH R R R
Sunlight of query set  Sunlight of reference set @l @s @10
5 Intense 5] 82.02 91.01 93.82
55 Weak b 88.89 9591  97.66
3 Intense [ 80.34 8820 90.45
95 Weak 559 88.30 9532 96.49
‘ii%jii‘ﬁ!‘ﬁ%ﬁﬁﬁ IR A A ARG IR AR A 3506 IRER H 3% 5 K B Kot
RS A

Note: Intense sunlight occurs during morning and noon on sunny days; Weak
lighting refers to after sunset and on cloudy days.

F 6 BERW, AT HEMSHENREMN
N, AL B Ry, FRARMEEE IS 80%, AHE ST
BA BIFHOEIRARE R . 6 I8 248 Ak 3 Bt pli
g RS A P2 AE R, BT DNN RFE S 4%
2 FA— 1 Ab B, TR T 6 B SRR A 0 S R
RN B A R s, R R R O R A
TEMEHIREE UE S, 6 IAR T 3 5 B R i 1
RERIsEm 55 T HAh R 2. X ELR 6 W5 2 47 508 Al 4,
PEALLE G55 IR 218 T 1) VPR MRS = T ole IR 4. 50
MREAET, AHMLIER 2 MM T 2 BRSO B O 1)
T2 7 R Rl DX R P SCER A Y, N AR R B R e
(1137 5038 SCRFAE, BRI B R RE . Ak b, AT
FAE R SR AR B A R I &, 5561
5T E AR
334 MEMAKRTAF aoM

TE A K B A K R i A = B, (AN [R) I ) SR
LHFE—RMEGRERKE. NRATEEDAELK
A, oA BRI E R, A IRAE ik
WHEEEMA KB SRR, XA RN,
PLZE 1 KRG NIEAE S, WESHTE S K. 59 KM
13 RIEMFESS AT RAE. DB 1| RN SEEER
ZIAE, RIS 5. 9 13 R EUGAE R4,
DR A TR PR R, g5 Rk 7,

=7 EPEKIM AL E IR A% GE 20D 53+

Table 7 Analysis of the impact of crop growth on visual place

recognition performance %
i Query set Ra R@s R@m
2 5 RFEA Day 5 samples 49.75 60.10 67.49
%5 9 RFFZA Day 9 samples 41.60 52.10 56.72
%5 13 RAFEZAR Dayl13 samples 36.07 45.90 51.64

M3 7 WL, AEA AR AT SR VPR g
KM, 55 KE, Ry OAE 50%, B A K,
B PUNERERRSE T . EVEME RIS, RIS
SRR, IR AW I BRAE, A7 BT
W SR T4, R — I S ATE SUE R B AL
TEM A AR AR A J A 7 A8 B 37 55t o B R 1k RE R i K
FEENAACHIIR E 75 T AT VPRAESS AT Bt .
34 REMRAABIRANRIKLE

N VA SO e 1 BA S, 72—k
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FREVEYIAR A B B SSRAU I OGRS (53 580
SRR EAR N, 2B IR AL E R
K. W EMEAEM R EWE 5a, EHERTEmIKET S
WK sb), MR ERRRE . 2 BLN 07 SAEPIARAT
(A1) 3E 38 o BN AHBLAR, AT TIRAT T
R, ORAIE P U AE AR AT 5 W BAE G b o ZE AT R AT 1)
WIEE RS, WESERGE RERZCRD.

|:| WAIETE Inspection passageway

S @ @ @ o e o e @

E4W & £
Yie e e-e e e e e °
e o eo:e o o e e =

i\: o
an @ @ @30 e e e e
Pt (@ @ @ZO O O e @ =
o o o070 o o @ @ ©
TEm HibL @l A
Row label Camera —— Wheeled robot

a. i SIS R

a. Schematic diagram of greenhouse planting structure

c. ® LA A
c. Wheeled robot

b. W75
b. Test scenario

B 5 BEARLALEIRA MK
Fig.5 Greenhouse visual place recognition test
A =M ANNE (B 5o bl WL RFEF
AT TRRAT TR, 8RS X 3 2R 4 1 £ [R]— B B b
REFEATHE, SRR EESAT. BT 4 R,
O AL S BEAAN f1, 1532 4 260000, SR B2 A
B, Kk 4 ST SRR A, ARSI
fi VPR M, AR 1 i S OR B foAH AL 225 B4R
Bt N L7 LA AW BRI 2 5 582 % KR
NIE =5, I br 2 i B AR 2 5 B T SRR AT
S, Elnl e b, S, LR b, MAER
PN o R 2 AT b i R 0 B, 514000
SAUER P EAB AR R %, g Rk 8.
F 8 REMRMUBIRAIAWGLER
Table 8 Results of greenhouse visual place recognition

ARG ST Total U3 MEEL Recognition iRJ% Recognition
Video No. frames/fiil frames/Mji rate/%
1 360 307 85.28
11 457 376 82.28
111 469 414 88.27
v 515 422 81.94

HHER 8 AT A, 4 IR B -F 3 U0 ZAE 84% LA
b AT R A B R AL B R YRR . S BRI
WARTE S IR FEA RS IR E AR ) H AR = h 2171,
R A5 BA RIFHZARE 1. 4 DGR I 7E [F)
— % BR AR (R g AT R, SRR S it T

K, BRI NATHEE A —E 25, X HRAI%,
RIS R TERE R0 SRR, AT T
552 Bl 2 5 5 T AL S L BRI R AMK T 81.94%,
A — € KISEBR I RE o

4 % 1

M T 3 T B AR R A 3R A AR == Ao 7 B R )
Jrik, JPRIEEM A B IR, EESERWT:

1) AR SRR IR = AL B IR 2 2, top-
1 B2 (Ry) 5% 88.96%, 5 NetVLAD. MixVPR
#1 EigenPlaces #H L, Rg, $8 5 73 7l $2 & 29.67. 2.97 #l
2.89 MNH T

2) FETRARALT I R RIE R A 2 R R R R 1
AT R AR AL B R BRE BE, 7R T 4 A [
Hi#2 T, 5 NetVLAD #l MixVPR ()5 & 240 L, AHF
FRE RN Ry, 7R 21.65 1 1.09 ANE 43 A

3) %54 CNN I Transformer 45 & %11 B B B4R AE £
2%, R s sl = e or BRI PERE, H Ry, 18
FRAH BTS20 7. CNN 11 Transformer 454 B2 5 5.45
A1 10.48 NHE 7 R

4) KAEFEE . MINLA . el fEMshSEK
AR Z AL BRI MERE, A SRAERE BN 1 5,
Rg TREH 30 A0, B IRAR A B B 1 &
Bk, (EWA O BRI ERE R oK, 5 RIEM A4
KA, fEREA Ry, FREEIAL 50%, BhAAL40 MR %=
Yy S I8 B VR AT S5 AT L Bk bk A

AIEAE PR = o A B IR BRAMIK T 81.94 %,
B —E Wb HEE S, WS Rl i =R ae Rl
REMIE RGBT AR S % .

(& £ X #]
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Recognizing visual position in the greenhouse using optimal transport
feature aggregation

HOU Yuhan , ZHOU Yuncheng™ , LIU Zeyu , ZHANG Runchi , ZHOU Jingiao
(College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China)

Abstract: As the foundation for implementing closed-loop detection within the realm of visual SLAM (simultaneous
localization and mapping), visual place recognition (VPR) has great potential in various applications of greenhouse robot
navigation and other fields. However, the existing VPR cannot fully meet the actual requirements of greenhouse scenes due to
the complexity and constant variations in the greenhouse environment. In particular, the local feature aggregation paradigm
strongly depends on the induction bias of training samples in VPR models, which leads to the issue of information redundancy
during feature aggregation. In this study, a greenhouse VPR was presented, according to the optimal transport of local feature
aggregation. The process of aggregating local features into a global descriptor was framed as an optimal transport problem,
where the cost matrix was predicted through an MLP (multi-layer perceptron). Thus, a cost matrix was dynamically generated
using the local features that was extracted from the greenhouse scene images. Additionally, a 'dustbin' cluster was introduced
into the cost matrix to allocate the redundant features. Taking the cost matrix as the input, the Sinkhorn algorithm was
employed to determine an optimal solution to the assignment matrix. Furthermore, the soft assignment of local features to
various clusters was achieved through the assignment matrix. Ultimately, the assignment was concatenated to form a global
descriptor for the scene image, which was used for place recognition. A deep neural network (DNN) was optimized and
designed to serve as the backbone for local feature extraction of greenhouse scene images, by combining the advantages of
CNN (convolutional neural network) and Transformer. Furthermore, cosine similarity was used as the metric function to
calculate the similarity measure between scene image global descriptors, so as to perform descriptor matching. A series of
experiments were conducted in a tomato greenhouse. The experimental results showed that the improved model achieved better
performance. The top-1 recall rate (Rg,) for place recognition was achieved at 88.96%, which was 29.67, 2.97, and 2.89
percentage points higher than the those of NetVLAD, MixVPR, and EigenPlaces models, respectively. When compared to the
aggregators employed in MixVPR and NetVLAD, our aggregator achieved improvements in Ry, by 1.09 and 21.65 percentage
points, respectively, showcasing its effectiveness. Compared with the CNN, the improved network achieved an increase of 5.45
percentage points in Rg,. There was even more pronounced Ry, improvement (reaching 10.48 percentage points), compared
with a Transformer network. Simultaneously, our network resulted in a 1.6-fold increase in computation speed compared to the
previous Transformer. In addition, the experiments further demonstrated that the improved model exhibited excellent
performance of place recognition and strong robustness when dealing with factors, such as small sampling distance shifts, small
viewpoint shifts, and different sunlight intensities. The greenhouse VPR achieved a place recognition rate of no less than
81.94% in actual greenhouses, indicating its practical application potential. The method based on optimal transport of local
feature aggregation and global descriptor generation was effective for place recognition, and the image local feature extraction
network can boost the performance of place recognition. These findings can provide technical support to the visual systems of
intelligent agricultural machinery in the greenhouse.

Keywords: greenhouse; visual place recognition; optimal transport; feature aggregation; deep neural network; Transformer
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