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[Abstract] Scene elements are fundamental for understanding urban geographic information, and their accurate
extraction is essential for smart city development and geographic information systems. To address the complexity
of street-view images, the limitations of existing deep learning models in interpreting complex scenes, and
challenges in associating visual-data with context, a method based on large multimodal models for extracting typical
scene elements from street-view images is proposed. First, the approach extends the Large Language and Vision
Assistant ( LLaVA) by integrating a multilayer perceptron and a high-resolution visual encoder to create
GeoLLLaVA. Second, a Street View Visual-Instruction-Following Dataset is constructed for scene element
extraction tasks to provide multidimensional instructions. The model is fine-tuned using visual instructions to
enhance contextual understanding. Low-Rank Adaptation (LoRA) is used to optimize the computational efficiency.
Finally, GeolLLaVA generates multidimensional scene descriptions from street-view images and extracts key
element keywords for effective scene-element extraction. In comparative experiments using semantic segmentation,
object detection, and other multimodal models, Geol.LaVA demonstrates significant advantages, achieving F1
scores of 0. 938, 0. 842, and 0. 829 for the extraction of traffic signals, intersections, and parking lots,
respectively. A comparison between the model before and after fine-tuning clearly demonstrates the effectiveness of
the fine-tuning process. Ablation studies further validate the performance improvements achieved by the modified
Geol.LLLaVA architecture, and LoRA effectively reduces computational resource consumption. Regional application
experiments using batch inference on street view images with geographic coordinates and a comparison with
OpenStreetMap (OSM) data not only confirm the accuracy of the model but also highlight the limitations of OSM
data in providing comprehensive element information.

EETE . FRARPHEIEE (4207143D)

YEE R VR ATl 2 WLWETTAE L W ) R R LR R A S 3 3 5 5 S0k 8 B AR B A B R 5 B4 4 38045 BRI GRB VR » WL F
GEHE R S B AR

Wi HEE: 2024-10-11 1B BE3: 2025-01-29 E-mail: xiang_cheng(@whu. edu. cn



332

E525 FTH/2026 87 R/ATENTRE

[Key words]) Large Multimodal Model (LMM); typical scene elements; Large Language and Vision Assistant
(LLaVA); street view images; Low-Rank Adaptation (LoRA)

0 3|

I 25 Sl T P A bR R 2 e A L
T IS v 1 b P A, L AR Ay B T R 0] A 3 A
GO R . BRI B K SE R AT SR
Yy e B M AR 2, L[] B 15 25 DX ) b B AE
UitiefiJm . PRAR XL EL R 1) o3 A KA B IC R A B
TSI B o X | A2 8 4 B4 T4
PEALA 7 B S AN EE 3SR AT <
B A EE AR A ST ORI HR A
FEAE AT HUL AT DL, AR b BB R () ME R R O T
IR B NS IO € (VNS BN S B2
(GIS) K R BA EEE X, SR A T i s
B 5 AR 5%

TG B 2 Y R BRI R A L AT ik
T K COSMD S AR 91 5 B ARER AL T 6 1 b
PRELRAT B [ LR AR N TS 5. A 7 HE A P
IR e 22 R i S (R 11 55 T R R A
AR, B e AR B R i i PR B A2 (Rl 407y
JIZ R 38 T 43 AT R b 28R s ) 5 A B 1) A
VR T R AR SR U 5 R RO B ST
s, SR st RS R 42 H 24k s R
L. I =T 0, LAY Z 6 M S H &R
M) , X fefi 5 T A R R I R AR BOF AR RS

W AEHARZ T 17 5 B8 S i 52 2 X 3R
A AR 1 R — RITBREL . E5eiaE
WULSE Ty vk 18 o FRAE TR S i 181 45 5 2™ L fE
FTAEXE L2 T T (s B . IR 2 %l
S o BT A R 28 0 24 25 SR 1 R B 2 2] AU )
TR E R B WA 1 4 E5 A 3 AR
R, —E AR B RSR T IRBGHUR . (HX STy
IR A MG SE A5 B BRI AN 3838 15 5 4T AT A
TR R A B TS (E A B A AT 2R Y
PRELZ ] 25 [A] 5 2 IS W 2 AR I & 443 5 (ansg
S RIS D37 I L AH SERIRST i AR L M AR L
ARRRRTT 5. FEILE =R Dho iR —
BT B0 Ry B, F 1 F i 22 4525 2% ) O % 1 F
FE . SRS ST I I A 2 RS Y B Cln
SCAS L UG A8 ) A A5 TR0 DT 1 e A 78 1)
REFNERARAE ST UTAENE /N S0 AR R g FH T
17 AR PR BCHE A SRR A R A 4 A ) L, i R o AN R
PR T B SR ARG AR AL » R T ez Ak

[l

T3Ab /N AR B R B A A
BEE BRI (5 25 PR BT S D RE AT i
R SR B 7 T )G e K B, DL CLIP (Contrastive
Language-Image Pre-training) 15 1 5 {51] , ‘& B GE 1R 7]
AR A AN, HIR X Le 2 2% 5 R R R 1)
SR AR S R P ROV B AR A R . R
T R A ZAE SRR (LMMD) , 411 GPT-4 (Generative
Pre-trained ~Transformer 4)"* 1 LLaVA ( Large
Language and Vision Assistant)""*", 35 33 K5 .0 (9 $2 7%
B S RHRE 2 A N ZRs RERE T N SUE B
PRALTE F= 5 VB X P TE R A 4. X fdT LMM AE TH
X BERE 2R HZ 2R s v 3R 90 TSR 0972 4k
BE 75 VR SCHERARE 1 A X S
SR RO Ry T R T T

ST ARSCHR T — i T R 2 AR AR A
(1% S PR LA 37 S B R B I 1 A A R T I
groke iR R RN RN £ B A e B Y 1y
GeolLLaVA 55, ZBIRIFE LLaVA JEail B 741
ol AZEEANL(MLP) P54 25 14 422 28 91 R
I HERE Gt 2% R F Transformer 88 563 (19 %
JEE P22 I 2 By 5 DR RASE TN 2 R 3 o i A 2
ARG SR F R R R ERRTIE OCER 4RI
HRERER, AT REMRETYRERR
WG R A58 A B R SOfF B A S i T — A
-9 BR B B 2 L 8 6 48 4 BO)E O
BARTH LR BE . AR T DR B ASE Y ) A T I —
FRINPR: BRL S HE R AT 2 S B E R
IR TR, HA BRI 8dE v ie 8t LG
B RL Z AL RE T, e, A SO AIRRR A i
Ji (LoRA) M A L 3 1 7 S 5 )2 5 1 AR Bk B ok
R ol R T ) S RO L AR TR
BRI R K IF A RO i LA KUK . TR R
RVTN RN [R]B  LoRA 3 W Rl 5 A3 280 L A
ASEARY A T Gy by P R A 3 7 5 PR A4 v R

FRMETIOCR,

AR5 e Ay R AR T LMM LER G AL
FNE A5 ST R PL 3 A RO X 1 5t EIR 7 5
(52 eV VIR Y 5 T 0 £ 2 ) B S R 2 )
B S 52 22 5 e PV BE 22 07 1T 9 SR B M S A R AR
A B LR SO PR . xR S s
MG e (5 B -5 B PR B T 5 RS o 2 U =
ARG S B3R, A G TR B Iy | 4 T £k



$£52% F7H/2026 £7 R/ATENTRE

333

SR AU 2B 25 KRR AE SE BRI T A 8 1 Ak
S At 7R LK W HEsh 1 GIS /Y A 3h k5 8 gtk
KB T A 5 A AR B T B R R T 58 B
L S TR A IS

RS EE DT IR

1) A5 210 # B B, & T LLaVA &

Geol.LaVA B, 5| A MLP B4 785 14 32 45 il e 73
PrAHL L i a5 » 19 9 AR XL 0E 55 18 5 S
AlEREST

)R A L AR A BRBERE AR . A SCEE X
BB FR UL 55 . 0 B R 168 2 3 IR R
GPT-4 BBl A= AL 5E 45 4 BR BE A - L SR A5 A
Xt S ST AR S 4 B IR MR T RE

3) Y HRAR WO 5 W AR . ARSCH R
Z RSO 1 5 2R I AT (Y B dha
55 LoRA SIS IR AR B L NG o 4R LT 57 B8R O 46
P B S B A AR T s [ Y T A R R TR
FEG T o

1 AXHAR

5 SR R P HUS H IR SRR S AR 56
B+ B ST AL R AR A E L LA o A B B P A £
P A R E 2 SR IR EOAR T I 2 PR AR
AROTTE S TR R AR 5 5 B A AR UL 55 R Y
T,
L1 fREHENAETE

I SRR > MOl A% Seit AL AE T i »
Ziz RJZE )2 B TR0 HRY R AE R SR IR B A5
KL AR B RO AN AR R A A2 0 (STRT) | J7 1) B B L
J7 I (HOG) A5 HRAE At a4 EAT 3 2 K I L 2 28503
e AR DN SR A L USRI (R i 2% AR B
SEREIE R SHLRR A 2 SR ARG, S A PR R Ak B
155, B, SCERC3 IR HOG 454 S8 1) AL
(SVMD) 732l » I 5t v 42 A/ Q3R EL R k7T XU
A SROCE s SCHR [ 21 VR ek 3k 5 SIFT
ISR CE ST A R o (HIXSE 7 AR B Y
LR AH R A TARRAE TR, FLARZRRAE XA
Ot HE A58 DR R AUR X DL 52 A il B 2 i S B R B
il S AR s e 2 AL RE TR .
1.2 REFIFE

TRIESA 2 IR B K e s gz it st BBk AR
BLH R AR IR s s T R R T A 1 X
P ARG LT AR IR B T
B RPRI n . SCRRL 23 138 2R T — AT 5
P2 R 45 1) SSD MobileNet #5846 I 52 18 7 &5 5

SCHRC24 15K i PSPNet' ™ 42 Bt 542 %, 5 B 4 7
P&t AP UL A A A bR SO B R R 1R
SCHik[8 148 il DeepLabV3 -+ 3 28 Mt £ (GSV)
PG T L4350 LAAR BBOAS [R] 2 1) ) 1 5o 22 3R L )
FHZS R 23 (8] 4 P 3 Ak O ik e b B 2 ROBE i AR
B Sk 26 ] 0 24 % T HAMM ( Hierarchical
Adaptive Mean Shift), DeeplLabV3 #1 YOLACT
(You Only Look at Coefficients) % A 4718 #1732
Besg ks ek 6 14 YOLO (You Only Look
Onee) B8 S PSR ) 938 bl . LA I 28y
U T W ORI R PR - T, X A
5 R 5 B OfE R E R B S Cityscape™ |
ADE20K™ 40 I, s AT S SoRoc R A
B TR X3 1740 S5 B 3R I B (1932 AL BE 1 8588 5 o —
T R R RA ZRE IR RN A ECR,
PRSI AY Jay BT DB — (R AR B AT R A 42
W, Z2ms 1 e A B Ok B AR 1 OCHR R4 Ry R
SC, BRI T HAESE PR e s s i A E
1.3 ZREFEIFE

MR RS TR F R 2B ) Ty o i
Ty S B R IR BOTRE TR B4, XL A
BRI RS N B8 1 4 2R B R s 1 1L g
WA R SCAN SR ST R Z A B S A S R A
A JRy o R T R T AR %) 2 Ak RE g R B AR R R
faan , SCHRL30 8 HIRE 518 5 AL, 456 | W
A o] B S AL AT U2 DL A 1ORS 5 A0
Tl BT SR A s CLIP SRS (488 1 b s 2 22 488
AT SRR (4 B A, e 2ok A R SCARRT L
2] PRfE IR Z R TE SO R AR BOR 1z 1k g
775 SCHRL12 18 3 (e CLIP BEAY , 55 5 it AR DG 1Y
PG SCAS S, I S g v S A G R R
(gt 3z 337 AT T A AR =2 5 SCik[31 ]1R]
FERIH T CLIP Kt 5t EUR AT OSM 1A H] B
SCHE Rt A LR (] 4% b PR 5 174 32 22+ R
A, A X B SRS SR IS J2 U SUAE B
Ty TEEUAS T — 7 AR o (H TR 0T b A ey J3E A O
B RIS R A Iy, Haz AL RE 1 SCRE A
RE ATy it — 242 Tt
1.4 KRB ZEHER

T SR TR 2 AR L TN A
JIZ S 7 TG BE 7 B 20 AR 3R R T i A
X AR Y b G S RO BRI R A R
eI HESh T 2SR 2L . Hor,
PDE-1E T B BB A2 4 U5 37 5 h R 2 WAE BT
A A BT SCR S R AR B2 T A4



334

E525 FTH/2026 87 R/ATENTRE

B TR , R, LMM 75 b 355 B A% 58 1 107
BAAPIRAXT A BR . SCHRLE34 ] 3T GPT-4 JF &
i) GeoLocator AJ B\ EUGHEWT 7 B A5 2., HAZ O =5
PH DG T MG AT A WA 2 TR e s s
SCHRL35 M ChatGPT Sy 9 3 /i J5 (19 15 5 8 A=
BRSCAR A 8 2ok b 78 R Ao 17 8 3 T SRR
VAL B E B M R 4 TE M SCER 36 ] A
ShareGPT4V 5t R Az B SCAR R A, 38 5 511
A5 43 BT HA RN b B 2 [R] AL bR ) $ s AR AR R 5 |
FERIR . RE X B IEIT 4R R KT 2 B AR
B 5 EMR R LR A L (3 oA ) 37 5 B2 PR U 55 i
TR B RO L . A3 R, — 5 T, B T
ST R BRI B s AR A R M AT R AL TR A
2 ) AR 2K 5 o5 — 5 1T RS AY S 80 K,
ZPURIHFE SRR H 2 i U5 52 e B T
% FOZAGRE J1. XTI LoRAM™ A Sk —Ff i A% 1

Visual Encoder g(.)

SVIX, Projection
5 Human: Tokenizer
Instruction _“Infer the elements present &
Library in the scene based on this Embedding

image. \n<image>"

TR SRS B T — A R R e R X — AR
IV PNEZ: B/ Sesh 5 F
Hrb g R AL T B Rk
2 Fik
2.1 #EBIZEHY

R SR Y R R e i R LS R AN P 1 B
R CRASRCR WG AL TR ) B W HTML i, T
[A)) . AL LLaVA AR N JELR AR R, F1] FH AL 2
it Z PR BT APV R B LSRR AIE 205 PR )2 20 P ke S
2 WL 2 (), AT SE AL S S 1R B Bl
Ao BRI 00 R RE TR Vicuna " RX
) Sy Nk B 1ebv] W 4| LAY 1 A s e 2 i A
RUPERE AR SCIMCT PR 7 A et - R — A B R
PR S B g, 5 A MLP B2 %
4% .

(G4 Vicun) i 3

GeoLLaVA:

“The image presents a lively ur-
ban street scene centered around
a well-organized intersection.
;. Prominently visible is a traffic
0 signal displaying a green light,
g ’ indicating that vehicles can proce-
). ed through the crossroad. On the
‘:. right side, there is a designated
bicycle parking area, where se-
veral bicycles are neatly park-
ed,»*The combination of traffic

tectural diversity, and human
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Fig.1 GeoLLaVA architecture diagram
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* Describe the elements that appear in this image scene.

type:

* Infer the type of scene in the image based on this image.

* Provide inferences about the type of scene in a given image.

* What type of scene is displayed in the image.

building:

* Provide a detailed description of the building details in the given
image.

* Conduct a comprehensive and detailed analysis of the detailed
features of buildings in the image.

* Explain the building details in the image through descriptive
explanations.

spatial:

* Provide a detailed description of the spatial relationships
between various elements in the image scene.

* Explain in detail the spatial relationships between the various
elements in the image scene you see.

* Conduct a comprehensive and detailed analysis of the spatial

relationships between various elements of the scene in the image.

\ J N

g nzan,
elements: L i .
» Infer the elements present in the scene based on this image. "?(1“’]‘1?' CzGnC6TLiPvFcRg b",
* Analyze the elements and their types present in this image scene. image

"XiwlqzvCzGnC6TLiPvFcRg b jpg",
"conversations": | -
{ "from"; "human", | -
"value": "By analyzing the images, list the scene elements within them."},
{ "from": "gpt","value": "The scene is set on a city street with traditional
architectural buildings flanking the sides, overlooking a central road. At the
ntersection, traffic lights and pedestrian crossing signals manage the flow of
traffic and ensure safe crossings, as indicated by clear road markings,
including a sign that reads LOOK LEFT. Green trees with foliage add a touch
of nature along the sidewalk. The sky above is partly cloudy. and the street is
currently empty of pedestrians and moving vehicles, presenting a serene
urban moment."},
{"from": "human",
"value": "Infer the type of scene in the image based on this image."},
{"from": "gpt","value": "The scene depicted in the image appears to be a
quiet and deserted urban street. The absence of pedestrians and moving
vehicles contributes to the overall sense of stillness and calm. The traditional
architectural buildings, clear road markings, and green trees lining the
sidewalk suggest a typical city street. The partly cloudy sky adds to the
ambiance. Overall, it conveys a sense of tranquility in an otherwise bustling

cityscape." },-+}

"

S

(a)Instruction library

(b)Street view—-instruction following data example

2 HRAR-ETRBYIESE

Fig.2 Street view—instruction following dataset
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Table 1  Comparison of our method with other methods in scene element extraction task
Methods traffic lights intersection parking lot
P R F, P R F P R Fy
PSPNet (ResNetl101) 0. 844 0. 876 0. 860 — — — — — —
DeeplabV3 (ResNet101) 0. 881 0. 752 0. 811
YOLOvS 0. 959 0. 679 0. 795 — — — — — —
YOLO11x 0.971 0. 679 0. 799 — — — — — —
CLIP (ViT-L/14) 0. 790 0.133 0. 228 0. 552 0. 753 0. 637 0. 278 0.612 0. 382
CLIP (ViT-L/14@336px) 0. 849 0.475 0. 609 0. 641 0. 661 0. 651 0. 235 0. 680 0. 349
Qwen2-VL-7B-Instruct 0. 882 0. 455 0. 600 0. 667 0. 098 0. 170 0. 750 0. 360 0. 487
Gemini-1. 5-Flash-8B 0. 857 0. 546 0. 667 0. 711 0. 659 0. 684 0. 667 0. 720 0. 692
llama-3. 2-vision-11b-instruct 0. 842 0. 485 0. 615 0.571 0. 195 0. 291 0. 769 0. 400 0.526
Pixtral-12B 0. 895 0.515 0. 654 0. 546 0. 146 0. 231 0. 438 0. 280 0. 342
InternV1.2-26B 0. 957 0. 667 0. 786 0.533 0.195 0. 286 0. 813 0.520 0. 634
GeolLLaVA 0. 905 0.973 0.938 0. 860 0. 825 0. 842 0. 889 0.777 0. 829

1E 32 A5 5 4T 1 BUAT % . YOLOvVS i
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HA R B8, AR ZIRKE . PSPNet
F1 DeepLabV3+ R BLE A E o (HIEAR T A K



$£52% F7H/2026 £7 R/ATENTRE

339

GeoLLLaVA, CLIP R 2 #5145 AU FI K 7Y 22 52
BREH AR AZ 0 {5 5 4T 2 U A B R 0 DR R B
— , ZAFAERE IR 1 T H A [ R AR ) ) 3T A A
fE— M. Hr InternVL2 BIRIZRAG T 0. 957 ARG
R BEAR 85 TR A S R B S8 K. i
ARSI GeoLl.LaVA B AL AE 3 7 5 4T #2 L
SEELTORS B 2R (0. 905) FIl A [B] % (0. 973) AY K4
i F1HIAE] 0. 938, i L T H AL AR,

A YN REs B R B b3 il A1y e
H ARAS I T 5k AR AR SO AT 55 R 8 Sl s
STIHRI ., 22 X A R R B R I A A 45—
(ALBEARRAE o T2 th 2 J0 3 (B B 38 25 4007
BTN 5345 2H A 3B SRS L 2% P S 6 R ]
23 (B ATIRESC R RE S, SR, BUA 1 EME o3 B0
H BRI 77 A XX 2 4 b7 A B R
HEFFR T TS, PR L TG AU BRI AR 55, 53U
TEIX S E R (W HE I B = A BB 0k e

FE28 S% F1RTE: 22 3 32 BAT 55 s GeoLLaVA
BRI A 5w G ), 45 e bR AT or i s . X R
Geol.LaVA fi B A7 4 1 B fige A1 45 Bty 5% R 1
B3 B R T HAfh AL el v 7 ik MRS K
X

HLARRANE , 7538 S 1 B AR T 55 v, SR A5

ARUBR SR I 22, 1 Qwen2 1Y A [ 4K 2 0. 098,

R S BT 1 Gemini, H F1 HHALE 0. 684,
AR BN, [FFE, 45 E G B RIS
i, CLIP RABIRE B 524 0. 257, S50 i
KA Intern VL2 K5 %35 5] 0. 813, (HH [ H A
0. 520, BIRPERER 2. UL ES5IR BR, 2 RFLEL
P T 251 22 BESREANAE &2 8 MR e B 4R U
Z5 e LA SR R R 5 oK . CLIP B 4R 7E 3%
PRt 5 Al R TR ASE TR 98 A I 2 22 S (H ARG
THEMRANSCAS 2Z 18] 1 A AR EE VT FE AL A P54 28 A
AERLRE IR Y BE 5 B 3252 M) T 4 ORI 5 35 o+ 4B
J D AL il feff LTy N 2RI B SR A

SR PR KA SR ELAG T & 1 I 2R
VUSSR Y R SCRRR e T - (R I 2R 85 08 I I A7
R G B b X A2 A R E R W SR LR U .
I, BV SRS AR 32 B3 s T RE S A 1 — 2 Y
R AR R S A ZAE B R AT L B = R A r I 25
Al . ARSCHRE 1) GeolLLaVA #5714 5 £ |
SR TR X i i X I 8 AT Jk 37 55 R ) 2
2] BRI NS 75 X B8 57 AT 55 v 7e o0 B A O o
BRI 2 K, A L, Geol.LLaVA 7F X #6455 2 2
K PEIUT 55 Hh (1) 2 80 B b P HL A AR Y
3.2.2  THOMAETE X A3 b

AU SR 5 0 e EUR 1R B ansk 2 Jir
H e RS SR I 2 A A A L AE ARSI

7N H

&2 BREGUERTRHIRE BRI

Table 2 Comparison of descriptive information before and after model fine-tuning

Model Output Before Fine-tuning

Model Output After Fine-tuning

[elements] The image depicts a busy street with several cars
~ parked along the side of the road. -+ In addition to the
cars, there are two trucks parked along the street. -+
There are also three people in the scene. The presence of

pedestrians and parked vehicles suggests that this is a

bustling urban area with active traffic and parking

[elements] The image shows a residential street with many parked cars, several trees, and a street
lamp on both sides of the road. On the right side of the road is a residential area where brown houses
can be seen. There is a parking lot on the left side of the road, where at least four cars are parked,
and there is also a lush garden in the background. -++The image is a photo taken horizontally from a
ground perspectives:+ The image is in color. and the colors are bright and vivid. The image is in

focus, and the details are clear and sharp, -

(\ﬂ-ﬁﬂlf
=] \ | =

[type]The image displays a scene of a large. fancy house

with a white fence and a black gate, -+

[typelThe scene in the image appears to be from an affluent neighborhood. -+ It seems to be a

peaceful and upscale urban or suburban area.

[building] The image features a city street with a row of
white buildings on one side. The buildings are tall and have
a uniform appearance, likely part of a residential or
+++ There are several people walking

commercial complex.

on the sidewalk, going about their daily activities, «++

[building] The image shows a street in London, with a number of buildings and a few cars parked on
the side of the road. The houses are all white and have a number of windows on each floor, with a few
balconies on the top floor. The roofs are all flat and have a number of chimneys. ---There are a few
trees on the side of the road, and the pavement is made of concrete. ---There is a sidewalk in front of

the house, with many street lights and a red mailbox on it. -+

[spatial] The image shows a residential street in a city, with
several buildings and a few cars parked on the side of the
road---. The street is paved with asphalt and has a few trees

and bushes along the sides. -+

[spatial} The image depicts a quiet residential street with several cars parked along the side of the
road. ---The street is lined with brick buildings, and there are trees and a bench nearby. adding to the
overall ambiance of the scene. The street is situated between two brick buildings, with one building on
the left side and the other on the right side. The parked cars are positioned in a way that they do not
obstruct the view of the buildings, and they are not too close to each other, allowing for a comfortable

parking arrangement.
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I H 22 A, B “The sky is overcast and there
are a few clouds in the background. ” i & K 25 fll
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Table 3= Evaluation metrics in ablation experiment of improved model structures

traffic lights intersection parking lot
Models
r R F, R F, r R F,
LLaVA 0. 857 0. 851 0. 854 0. 823 0.763 0.792 0. 487 0.728 0. 584
LLaVA-+MLP 0. 860 0. 874 0. 867 0. 828 0. 788 0. 807 0.517 0. 748 0.611
LLaVA+ViT-L/14@336px 0. 878 0. 942 0. 909 0. 856 0. 801 0. 828 0. 828 0. 748 0. 786
Geol.LaVA 0. 905 0.973 0.938 0. 860 0. 825 0. 842 0. 889 0.777 0. 829

HLAAH, MLP WG 20 L B2 2R Mg, %
A OB 5 2% A S G 2R, B 5 T AR AR X A b
H5iEFE B MG A8 1. S A& R PR HUT 55 19 48
PRie Tt A AR, ARAL T IEZRAR A gy Ao B
R 224 X224 AR R M G5 2% VIT-L/14@336px
B A EMG 3 R4 TH 28 336 X336 4K AEfg HL it
R E AL AE A0 A5 B LM RS o M S =
e BRI N ES  BIANTEAE R U 55 AR T
FEAAA LLaVA SRR F T 0. 341, F1 {HE2 S+
T 0.202,
3.3.2 LoRA JHphsc:

g T 2B LoRA 78 [ AR 144 1% I Y #E
05 T A ROPE AR 98 F e T AR SC ATl SE 56 .

114 LoRA TSR IS 5 4 S50 7 ik i 47 XF e
M LoRA XA RIVE RE DL K 8 98 U5 T FE 1Y 52 I
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Table 4 Evaluation metrics in ablation experiment of LoRA

) ) traffic lights intersection parking lot ) GPU Memory
Fine-tuning Methods Time/h .
P R F, P R F, P R F, Usage/GB
Full-parameter 0.907 0.973 0.939 0. 861 0. 817 0. 839 0. 899 0.777 0. 833 4. 069 122. 499
LoRA 0. 905 0.971 0. 937 0. 862 0. 820 0. 838 0. 870 0.777 0. 821 1. 287 30. 932
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3.4 XM AXE
3.4.1  MEAUMERRZE R S R4k

A B GRS FE o X s BR A
GeolLLaVA KAAIFE 4L & 4 HE, *%ﬁ”ﬁﬁ%/\lg

-

elements

The image shows a busy urban street scene near a crossroad. In
the foreground, there is a bicycle parking area with several bikes
securely placed in stands. To the right, a prominent building
labeled "Lloyds Bank" is visible, with pedestrians walking along
the adjacent sidewalk. Trees line the street, providing shade, and
there are several parked cars along the road. A traffic signal can be
seen further down the road, indicating a crosswalk at the
intersection. Both modem and older-style buildings line the street,
contributing to the city’s architecture. Pedestrians are crossing the
Lstmx, adding movement to the scene.

{ ' 3\ ]
The image depicts a typical urban intersection in what appears to be

a commercial district. The presence of a well-known bank,

"Lloyds Bank." and multiple modern buildings suggests a business

indicating that the area accommodates both vehicular and
pedestrian traffic. The wide sidewalks, street trees, and multiple
pedestrians contribute to the bustling city atmosphere, and the
traffic light signals the presence of a busy crossroad. The overall
| scene reflects a lively commercial environment.

J

area, with people going about their daily activities. The streets are Image Coordinates left and a Lloyds Bank on the right. The left side features a glass-
lined with parked cars, and there is a bicyele parking station, gll ?032 326,}; windowed building with a clear pedestrian path, while the right side

G TR s iR . B A s iR an &l 5 pir
/j?,?EFET“element”“type” building”“spatial”4 />

BERE R R — sk i SRR I T IR R i
Eﬁﬁ’qﬁo

i ™

building

In the foreground of the image, the building on the left is a modern
structure with a light grey facade. It is three to four stories tall,
featuring large black-framed windows with transparent glass
that add a sleek, contemporary look. On the right side, there is a
three-story building housing a bank, "Lloyds Bank." The ground
floor is made of grey stone, while the upper two floors are
constructed with red bricks. The windows have black frames in a
grid-like design. In the distance, the left side shows a building
under construction, with scaffolding visible, while on the right,
another red brick building with white-framed windows can be seen.
Both sides of the street have wide sidewalks lined with trees and
Lsh'eetlamps,omm'ibntingtoa" t urban streetscape.

= J

spatial
The image shows a wide street flanked by modem buildings on the

has a bike parking area in front of the bank. Trees and street lamps
line both sidewalks. Cars are parked or moving along the road, and
further down, a building is under construction. The layout reflects an
lorganized urban space with designated areas for vehicles,

Pedesl:mns, and green elements.

BlS GeoLLaVA £ MERZEHRER
Fig.5  Street view image description information generated by GeoLLaVA
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GeoLLaVA: In the middle of
the road, there is a traffic light
clearly visible, controlling the
8 flow of vehicles -

' GeoLLaVA: ~On the lef. a

seen, with several parked bikes in
| designated stands.-
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Fig.6 Distribution of elements extracted by GeolLLLaVA and description of a specific location
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(b)intersection

M #0543 OSM FRif s 6 11 AR PR L v] e S
TSGR ELL A E X B B BRI AL 315 e
TREIRHERL, SR, BRI N OSM BB 43 3% i %
H oA AH G B T ARG TR T
BB Zh RSO RN E B, ikl 7o i,
GeoL.LaVA 2 iU =5 8= W 2 2 T OSM #x
0o ARPRICHT 43 K 227 T A S [l B8 2 7 )
ARG B P52 41X 7 S PRI A 7R 1 3 S 4 17
A R RLPA MoK HAR I o 45 4237, T OSM 1 &1
A X e D 11 oy 357 308 0 B Tl 26 7 S B
R A sh AR BEAh, 52 XA 4 2 B 5 4
fr BARTE OSM Hibrid . A4 Geol.LaVA $#51H .

e % i b, T+
oL o 5 ) .2l
e 2 b=l TS

(e)parking lot

B7 ARGSERTANLSHES OSM ERILE

Fig.7 Visualization of scene elements distribution and comparison with OSM results
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