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Construction and Empirical Research on an Evaluation Framework

for Urban Spatial Perception Based on Large Multimodal Models
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Abstract: [Objective] As the urbanization rate reached 66.16% by the end of 2023, enhancing urban spatial quality
and improving human settlements have become core agendas for high-quality urban development. Urban spatial
perception serves as a crucial bridge connecting people with the built environment, which is vital for human-centric
planning. However, conventional spatial perception evaluation methods, such as questionnaires and expert scoring,
suffer from small sample sizes, high financial costs, and extended research cycles, rendering them inadequate for large-

scale, fine-grained urban studies. Furthermore, existing methods relying on traditional deep learning and computer
vision require expensive, large-scale manual annotation for supervised training. These traditional models also struggle
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to interpret higher-level, complex semantic imagery like "sense of place" or "cultural atmosphere™ and lack
interpretability due to their inherent "black-box" decision-making nature. The recent emergence of Large Multimodal
Models (LMMs), such as Qwen2-VL, offers a breakthrough opportunity, possessing powerful cross-modal
understanding and zero-shot reasoning capabilities derived from massive pre-training. Therefore, this study aims to
develop a novel, comprehensive evaluation framework based on LMMs and the Triple Bottom Line (TBL) theory. By
doing so, it explores an annotation-light, interpretable, reproducible, and highly scalable new paradigm for fine-grained
urban perception evaluation.[Methods] The empirical study was conducted within the highly heterogeneous urban
environment of Beijing's Fifth Ring Road, an area of approximately 667 square kilometers. To construct the database,
157,731 sampling points were generated at 50-meter intervals along the OpenStreetMap road network, and multi-
directional Baidu Street View images were collected. To rigorously control for systematic biases caused by seasonal
defoliation, imagery was strictly filtered for the months of May to October spanning from 2013 to 2023, ultimately
yielding a clean dataset of 122,264 valid sampling points. The evaluation framework was driven by the TBL theory
and expanded through a landscape-architecture lens into four primary dimensions: landscape, environment, economy,
and society. This framework was further distilled into 6 secondary indicators and 30 tertiary indicators, encompassing
both observable physical elements and abstract subjective perceptions. From a technical standpoint, the methodology
centered on a systematic prompt engineering pipeline—integrating six structural elements including background, goal,
style, tone, audience, and output—to guide the Qwen2-VL-72B model, which was deployed in a distributed manner
across four A100 GPUs. The model generated structured JSON semantic descriptions, which were subsequently
mapped into quantitative perception scores using a BERT+LSTM sentiment classification model fine-tuned on the
ChnSentiCorp and weibo_senti_100k datasets. To robustly validate the external consistency of this novel LMM-based
paradigm, the results were benchmarked against a traditional Support Vector Machine (SVM) approach trained on the
internationally recognized MIT Place Pulse 2.0 crowdsourced dataset.[Results] The large-scale batch inference
processed the 122,264 street-view samples in approximately 306 hours, successfully generating 430 MB of structured
semantic JSON data across 30 dimensions. The LMM demonstrated exceptional proficiency in identifying explicit
visual elements while accurately conducting higher-order reasoning; for instance, it successfully inferred "economic
vitality” from commercial signs and identified a "lack of resting spaces” based on the absence of public facilities.
Geospatially, when the perception scores were aggregated to the Transportation Analysis Zone (TAZ) level, the
distribution exhibited a distinct concentric pattern characterized by higher scores in the urban core and lower scores
toward the periphery, perfectly aligning with Beijing's historical radial development. High-value areas (scores > 0.90)
were highly concentrated within the core 2nd and 3rd Rings, such as the Forbidden City and the CBD; medium-value
areas (0.85-0.90) were widely distributed between the 3rd and 4th Rings; and low-value areas (< 0.85) were
predominantly found outside the 4th Ring, particularly in the southern and southwestern peripheral regions. When
benchmarked against the MIT Place Pulse 2.0 dataset, both approaches displayed highly consistent macro-level spatial
patterns. However, systematic numerical differences emerged: the LMM approach yielded a higher mean score of 0.849
and a lower standard deviation of 0.079, compared to the traditional method's mean of 0.537 and standard deviation of
0.154, likely reflecting the LMM's standardized modern aesthetic bias versus the diverse, culturally varied perspectives
of global crowdsourced volunteers. Consistency tests strongly confirmed the framework's reliability, showing a
moderate-to-strong agreement with a Pearson correlation coefficient of 0.6095 and a Spearman rank correlation of
0.6510 (P < 0.001). Comprehensive residual diagnostics further indicated randomness, homoscedasticity, and
approximate normality, providing robust statistical validation for the proposed methodology.[Conclusion] This study
successfully constructs and rigorously validates an innovative, LMM-based framework for evaluating perceived street-
level spatial quality in complex urban environments. By seamlessly integrating a theory-driven evaluation indicator
system with meticulously iteratively refined prompt engineering, the proposed methodology achieves effective, reliable,
and highly granular quantification of urban spatial perception without the debilitating cost of large-scale manual
labeling. The outputs demonstrated remarkable macro-spatial alignment with an internationally established traditional
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methodology, highlighting the immense practical value of Al-driven tools in landscape architecture for evidence-based
fine-grained environmental diagnosis, predictive design scheme simulation, and collaborative public participation.
Despite its strong potential, the study thoughtfully notes inherent limitations, including the risk of cultural biases or
aesthetic homogenization introduced by the model's training corpora, as well as the inability of static street-view
imagery to capture dynamic temporal rhythms like day-night variations or holiday crowd activities. Looking forward,
future research should focus on adopting explainable Al techniques (e.g., Class Activation Mapping) to demystify the
model's decision-making process, fusing dynamic multi-source spatial data, and fine-tuning domain-specific
foundational models with localized corpora to better resonate with Chinese urban contexts and landscape aesthetics.
Keywords: large multimodal models; urban spatial perception; street view images; prompt engineering; triple bottom
line; Beijing
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Study area and temporal filtering of street view images
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2.1 BER S5 ERIGE

AR EIVEAR R A TR ANR 1, AW 705 NP HRLl kit = K3 (Triple Bottom Line, TBL) 22
VERTRZE B RESE . % BRI SR N 5% (Profit) . #1:4x(People) F1 4 15 (Planet) = /N 4k i 45 & 1R Al & B 5730
SEE NG AR ERE s, AP HIRR Y R, MBS, AU 4he” TU4EPPNAELS . TERLHESE T, HE—

5/18



SERE T A6~ JEERAIS0N SRR R AN R R (KD . S RROURE T B RR, 20
TR BESE 1 Ge 2 M AR ARI2, BAD A T SRRy R DS R I SCAL S St Dl 4 ML WL P
AGERLL Tl 2

R 1ET TBL BIS A3 S AR PF O FE AR 14 2
Tab. 1 An urban spatial perception evaluation index system based on the triple bottom line (TBL) theory
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Application framework and constituent elements of prompts for multimodal large models
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Tab. 2 Examples of prompt construction for multimodal large models

SRR RO R el ke Nl
# 5 (Background) PR — IR AW R 5, IR A KRR AT ST 7 B R P 32
FRORS 4k T 22 ] 10 SR o
Hbx (Goal) RAEE AR SR, o m S SER IV T R s AR RR SO, Bds
X SRR RIR B A .
A% (Style) KRB RZRET A, 51 s a3 R AT 2 22 T R S BEAR TR,
BADROGS SAR T AR A P 3k 2 WL T 52
i< (Tone) AR BRI T30, SRAIES, PSERE R, @ s ket 41t
TR, JEHEZAE S REE.
52 A% (Audience) T E SRR B S B R G 2 2 S WU R T2, DL SRS
Y 5 e AR B T RET
ki 1 (Output) BEANYESE (R HE N Z A IS, HLSE B 70 o BT a6 20058 4 il Hh 3L,
LA JSON 7 BIAAFK, AZHBUEM G,
ot 2o 1«

LR A A,
" T MR AR
" (A R B PR R

2.3 BAHEA S EAEN R

7/18



(1) AR AL

$4122,2645K 47 55 BIG J fe A MR B 7 R N0 8 U ) RS B b AT HE R . BN FR RN £ 306 /N
AT L T 1 s 30N SR SCAR IR 1. K/ N430MBIISONEHE S . 7F 2 1578 KB 2 5% plg 4 2
Je, XAERIEIE AT RATEELSI0UE, DA CREUE M 5e B HERRVEAN T PR . B T AR A A R
R EE T 5 bR A7 I B G EE —— X, R e T R LA Ay . I He S R g R s R S
JSONCSRH A 2 B, WlJe S AATE R B2 R 15, BRI 5% MR R BB A2 Bont B2 R ISON AR . A 5
FEARAG NG R, W kR 8 CBEIRT o A S TBOR B E A, wnF104
FFe KT IR A RIS E R, R RGN, RS EUR TS . BEEFIRUT 2
SRR HER, SEHAE AR R EEE . B DL RIS ERAR, BRSO BE BERT S S bR i,
N A& T SE A — k.

(2) B Hots

e 2 REAS R TY y H 1) 30 AN B R 4 B IR SCAR I A ol T 2 E) e A i E R AR, AW AR A
BERTROIZE & LSTMPTIF IS PP A AR R SZ B SCAR- 43507 Wit o oo, 2658 0 0 70 3 P o SO I B 4
ChnSentiCorpl?81 5 #2244 &k} weibo_senti 100k AT IIZE 510, AR IR A2 iR EA 5 O
EAGRIGFRIK, I FRARIE I 22 3 o] B R I RVl 22 o (EHERRP B, 0 KA AL AR By JSON SCAHEAT R
GALTERELS — SRS, WARUCES . FREVR. BRUE. SRS, XREILERS AR RS S
PAT AN A, DA AR SR SRR . BEJE, B 3 IR SR N B AP A, 7331
JE&T RN IREZRAE pE[0,1], FHREIZMERE 8 SRS 48 B PR RN 455, o B0 i 3R 7 TR R R K
B, BT REE, KB A B 30 ZENREAN IR = e bR (ST R SCAR, B VPN AR X ST
KRB—HEFE, FKTF 30 NPT LEE BN 04, FET TBL FEVHESE 0 B A J5 D) 5 B0 e 248 32 S5t 4uk 1l 2 1) o S
PITTER A R SE B, K 30 ANYEE BN o B AT SRR, T SR AR 1% A R 25 B BN AR 4)

(3) AMB—EPEIRUE

NIGUEAR T LA 2, B 2 A R TS R 25 5 B 3 205 25 T MIT Place Pulse 2.0%0# 4E [H11E 5t
T A BOR AT . (BB VR R 52 MIT Place Pulse 2.0 445 1 A5 A 9 3048 hifdk & —— %o i ff) [
MER” , MREA—AEREARIESE, TR A VEE SRR AT 5 20075 (B4 5 J2 T 28
— 8. ARGy s B EOE S IR AR S A B R (G H, SRS NG SR ) o R SR TN
RN BT B o T8 TS PO VR A 40 R R IR b A O R B R T B R S RRAR O R B, FFIEAT A R A AR R
SFEL, SRV 7R B — S ] S

3 GREDHT
3.1 BT KRRIRH A BB m A

S SRR AT HE SRR, AHIF 7T AR BT AL 30N IR N 4 B SUAR IR I S M A B AR . T B
ANZITE N A5 R, R4 L i SR R T 1 S PR R X I 1 2 A S AR R R SCA N, 4B T AR
ZRBEAT I 22 (6] RN VEA (4 AR IZ 45 A1 RS AL

wnEapR, ZEREGREI T AR BR T ETIE . B A R A HIA R . 2
BRI A R BRSCAAS B XS A Y B AE . a0, A& “EIJTREEL” 4EfE T, M
BRI “ B LB T, AR RIEEROR, SR WAL, 7 5 fE “REBEE 5 i
R YRR, BRI T M SLT AT A LB R R AR T DAL “RE S R, W R R A
MR . XL T AU AL R R S I R R e 7

8/18



A I3 A ) SRR AT 5 PR 0T 2 ) 2 A 25 AR R R S A <
Street view images of urban spatial perception, along with corresponding example perceptual descriptions from
a multimodal large model
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Tab. 3 Descriptive statistics and overall differences between the two groups’ perception results
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Correlation analysis between perception results computed by large multimodal models and the MIT Place Pulse
2.0 dataset
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Tab. 4 Methodological differences and sources of bias between the two sets of perceptual results
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