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Abstract 5 
Purpose. Street view analytics (SVA) is an emerging field focusing on the systematic analysis 
of street-level imagery to understand urban environments, which has rapidly advanced with the 
advent of vision language models (VLMs). Despite the significant advancements, a critical 
review of the applications of VLMs for SVA is lacking. This paper aims to fill this gap by 
providing a comprehensive literature review on VLM-enabled SVA. 10 
 
Design/methodology/approach. This study adopts a Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses-guided systematic literature review. After keyword retrieval, 
literature collection, thematic screening and a five-domain quality assessment (data 
representativeness, ground truth validity, model design and/or analytic rigor, validation and/or 15 
generalization and reporting and/or reproducibility), 69 VLM-enabled SVA studies (2020–

2025) were selected. Five reviewers independently extracted and synthesized evidence, and 
inter-rater reliability was quantified to verify consistency. 
 
Findings. The systematic analysis underscores the transformative potential of VLMs in SVA, 20 
emphasizing their multimodal data handling and open-domain knowledge integration. 
However, key challenges, while rooted in broader SVA limitations, manifest distinctly in VLM 
contexts: temporal dynamics, contextual reliance, annotation inconsistencies, computational 
demands and process transparency. Handling remains task-dependent, with future research 
focusing on city- and year-held-out temporal evaluation, robustness to street-level variability, 25 
retrieval-augmented generation for consistency, hybrid edge-cloud models and chain-of-
thought prompting. 
 
Originality/value. This study contributes to the field by synthesizing the latest development 
of VLMs for SVA, identifying avenues for future research and ultimately proposing an 30 
integrated workflow for enhancing VLMs' applications in SVA tasks. 
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1. Introduction 
Street view analytics (SVA) refers to the systematic analysis of street-level imagery to 
recognize patterns in the physical environment, human behavior, or infrastructure (Biljecki & 35 
Ito, 2021). It has been widely applied in urban planning (Chen et al., 2022), transportation and 
mobility (Zhou et al., 2024), public health and safety (Keralis et al., 2020), social and 
behavioral research (Koo et al., 2022), and many others. The rapid growth of SVA is largely 
attributed to two phenomenal developments in recent years. Firstly, it is the rapid growth of 
the available street view imageries (e.g., Google Street View [GSV]), together with metadata 40 
of GIS, sensors, and other sources. Secondly, it is the powerful computing infrastructure and 
intelligent algorithms to mine the urban big data. The available methods continue to evolve 
with incremental advancements until the recent disruption of Vision Language Models (VLMs).  
 
VLMs are defined here as an ecosystem covering artificial intelligence (AI) models and 45 
systems for vision–language analytics (Zhou et al., 2022). Built largely on transformers and 
trained on large-scale image–text pairs, this scope spans core VLMs that take visual inputs 
(e.g., CLIP) and multimodal large language models (LLMs) that couple a visual encoder with 
a generative model (e.g., BLIP-2, LLaVA, GPT-4V/4o). While traditional LLMs are text-
centric, they are included in this review as non-visual components supporting VLM workflows. 50 
There are multiple studies to harness the power of these VLMs for SVA. To confirm the 
research gap, a pilot search was conducted, as described in Section 3.1, across Scopus, Web of 
Science, and other web sources. This yielded no dedicated literature reviews focused 
specifically on VLM-enabled SVA, though broader reviews on VLMs in urban studies (e.g., 
Liu et al., 2025) mention related multimodal tasks without in-depth synthesis for SVA 55 
applications. This absence highlights the need for a targeted review. This study serves as a 
pivotal reference for future research by synthesizing the state-of-the-art applications of VLMs 
in SVA, highlighting persistent challenges, and proposing an integrated framework that guides 
the field in advancing multimodal SVA.  
 60 
The aim of this research is to provide a comprehensive literature review on VLM-enabled SVA. 
Beyond consolidation, this study advances SVA in three respects: (1) a model-centric synthesis 
that organizes dispersed work around linkages among research domains, data sources, models, 
applications, and limitations; (2) an integrated framework that aligns data sources, model 
training, prompting, and evaluation into a coherent workflow; and (3) a concise delineation of 65 
VLMs’ advantages for SVA, current challenges, and future directions. 
 
2. Conceptual background and SVA research field 
SVA is defined as the process of acquiring information and analyzing patterns about urban 
areas using street view imagery (SVI) (Biljecki & Ito, 2021; He & Li, 2021; Li et al., 2022). 70 
SVI is typically captured through panoramic photographs taken at regular intervals along 
roadways (Rzotkiewicz et al., 2018). These datasets provide a rich, ground-level visual 
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information that reveals physical, social, and environmental characteristics of urban areas. 
 
• Research domains: Automated Annotation; Metadata Identification; Multi-source Data 75 

Fusion; Instance Segmentation; Semantic Segmentation; Object Detection; Scene 
Understanding; Change Detection 

• Data sources: Google Street View; Mapillary; Tencent Maps; Open Street Map; Baidu 
Street View; Open-access Datasets; Exclusive Datasets; Not Specified 

• Models: GPT Series; BERT; LLaMA; CLIP; BLIP; Other 80 
• Applications: Urban Morphology; Environmental Perception; Socioeconomic Analysis; 

Urban Planning; Pedestrian Behavior Analysis; Environmental Monitoring; 
Transportation Management; 

• Limitations: Data Coverage, Quality & Bias; Model Performance & Generalization; 
Prompt & Textual Constraints; Geographic & Cultural Constraints; Temporal & Real-time 85 
Aspects; Methodological & Validation Gaps;  

 
The above five key aspects of SVA serve as a guide (a) when analyzing the selected 
publications; and (b) when reporting the data analysis results and findings. The process was 
developed based on the process outlined in Section 3.3. Their interdependence is evident: 90 
domains dictate the tasks that require specific data sources, which in turn influence the choice 
of models, leading to diverse applications. Limitations highlight areas needing refinement 
across the process. This study will investigate how the involvement of VLMs facilitates and 
transforms the SVA studies considering these aspects. 
 95 
Under each aspect, sub-areas are identified for comprehensive reviews. Research domain 
focuses on concrete tasks that VLMs take to transform SVA. Automated Annotation 
accelerates the foundational labeling process. Scene Understanding integrates these insights 
for broader context, while Change Detection tracks temporal shifts, relying on fused data from 
multiple sources. Data Sources, including GSV, Mapillary, etc., supply the raw material for 100 
SVA tasks. Then, the Models aspect included five common model series. These models will 
then lead to seven typical application scenarios. Lastly, limitations, as divided into the six 
dimensions, address barriers to SVA’s success. 
 
3. Methodology 105 
This research adopts the systematic literature review (SLR) methodology. Over the years, 
SLR has been widely employed in the fields of SVA (Biljecki & Ito, 2021; He & Li, 2021; 
Li et al., 2022), indicating a mature and sufficient body of studies and data sources. 
 
3.1 Collection and filtering 110 
At the outset of research, a pilot study was conducted to gain an initial understanding of the 
body of literature connected to VLM-enabled SVA. The main focus here was on how VLM 
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transforms and augments the traditional SVA tasks. The time span covered January 1, 2020, 
to May 1, 2025. To start, keywords were examined used in previous systematic literature 
reviews (Bardhan et al., 2024; Dai et al., 2024; Hou et al., 2024a). The keyword selection 115 
was intentionally broad to encompass the overall research area, yet specific enough to ensure 
the relevance of the literature found. To achieve this, the study adopted the comparable 
systematic literature reviews (Haddaway et al., 2015). The study initially applied this set of 
keywords to search Google Scholar, and after analyzing the first 100 results, the study refined 
the keyword set, as presented in Section A.3, Appendix A. 120 
 
This study then identified several databases for gathering academic literature. The study 
includes literature from three databases: Scopus, Google Scholar, and Citation Referring. The 
research then developed search strings using a final set of keywords linked with Boolean 
operators (OR and AND). The strategy involved connecting synonyms within a single item 125 
using OR. Then, different items were then combined with AND. The completed search query 
can be found in Section A.4, Appendix A. To improve search accuracy and manage the 
review workload, the study focused on the title and abstract. The research established 
inclusion and exclusion criteria as follows:  
 130 
Inclusion criteria: 
1) The paper published between January 1st 2020 and May 1st 2025; 
2) The paper states that it employs a VLM; 
3) The paper indicates that the research includes an SVA task; 
4) The paper’s full text is publicly accessible. 135 
5) The paper is classified as at least moderate quality within the quality assessment process 
(Section A.1, Appendix A) 
Exclusion criteria: 
1) Redundant papers or similar works by the same authors in different versions; 
2) Tool demonstrations and editorial pieces; 140 
3) Papers presented at workshops or doctoral symposia; 
4) Grey literature, such as technical reports; 
5) Literature not written in English; 
6) Papers are classified as low quality within the quality assessment process (Section A.1, 
Appendix A) 145 
 
3.2 Collection and extraction 
In this stage, PRISMA framework presented in Figure 1 (a) is adopted to structure our review. 
This framework provides clear guidelines for conducting and documenting SLRs, improving 
methodological rigor and reporting transparency. 150 
 
As it turns out, 69 relevant publications were selected. This sample size reflects the emerging 
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nature of VLM-enabled SVA, which only gained traction post-2022 with the advent of 
accessible generative AI tools like ChatGPT (Nah et al., 2023). The full list of literature can 
be found in the Appendix B. Figure 1(b) summarizes basic statistics. As it shows, the 155 
emergence of VLM-enabled SVA as a research field came with the launch of ChatGPT in 
2022 (Nah et al., 2023). The Sankey diagram (see Figure 1[c]) illustrates a flow across SVA 
aspects. Prominent domains include Scene Understanding and Multi-source Data Fusion 
evenly distributing high values (234 and 198 respectively). Data sources then connect 
uniformly to models, with GSV and open-access datasets being the largest flows to models. 160 
Models feed into applications with Other and GPT models showing the strongest 
contributions to areas like Urban Planning and Environmental Perception. Finally, each 
application branches evenly to all six limitations, with Urban Planning being the highest total 
flow. At last, most of researchers came from the United States, China, and Singapore as 
shown in Figure 1(d). 165 
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Figure 1 Flow diagram for literature selection, publication years, Sankey diagram, and 
countries of selected literature 
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3.3 Synthesis and review 170 
Then, the synthesis process for identifying sub-areas under each theme is conducted. This 
study uses Liu et al. (2023) as an example to demonstrate how sub-areas are determined (see 
Section A.5 in Appendix A for more details). One reviewer will read the selected literature 
thoroughly and summarize the paper under each of the five aspects by applying two-step 
thematic coding techniques: (1) first identifying and extracting key elements such as 175 
methodologies, data details, model specifics, practical uses, and challenges, and then (2) 
categorizing them to align with the predefined key aspects. This involved iterative coding to 
ensure concise summaries that captured the paper’s core contributions. Then, the summaries 
of each selected paper will be further distilled into keywords. After comparing the 
commonalities given 69 studies, the final keywords of five aspects (see Section 2) that can 180 
be representation key sub-areas under each aspect will be synthesized. 
 
Based on the SVA key aspects and their contained sub-areas, five human reviewers were 
invited and independently examined the selected literature. The reviewed contents were 
organized using spreadsheet formats, where each literature was mapped against the aspects 185 
and sub-areas (Appendix B). The coding tasks will be fulfilled manually to identify the 
matching of themes as proposed in the analytic framework. Their outputs are evaluated using 
the Inter-Rater Reliability (IRR) procedure to quantify the degree of agreement. The details 
concerning evaluation process and results can be found in Section A.2, Appendix A.
4. Review results and findings 190 
This section reports the domains, data sources, specific VLMs, applications, and limitations 
associated with the application of VLMs in SVA research.  
 
4.1 SVA domains 
The applications of VLMs in specific SVA domains have become evident across multiple 195 
domains, with research spanning technical foundations, methodological innovations, and 
domain-specific problem-solving. The average number of references in each domain category 
across the five reviewers is presented by the Figure B1 in the Appendix B.  
 
Scene understanding is the most widely studied in VLM-enabled SVA. This field includes 200 
interpreting and analyzing visual data to understand the background of the urban environment. 
For example, Liu et al. (2023) used a multimodal learning model to evaluate walkability. Their 
work proved how LLM could interpret street view images to evaluate the quality of urban 
design that affects pedestrian experience. The CLIP model in this paper enhanced SVA by 
using its zero-shot learning and contrastive learning capabilities to assess perceived walkability 205 
from SVI without requiring extensive labeled datasets. In addition, Chen et al. (2024) 
developed a semi-supervised prediction VLM: SPHINX-V2, combining street view images 
with text data to comprehend urban streets. 
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Multi-source data fusion is the second most studied field, which integrates different data types 210 
to understand the urban environment. For example, Ramalingam & Kumar (2025) developed 
a hybrid model, which combined the text and elevation features in SVI to predict the use of 
buildings. Specifically, they adopted the GPT-3.5 Turbo LLM to interpret textual information 
from building signage, which improved building usage classification. Zhang et al. (2024) 
combined street view images with spatial environment to evaluate the vitality of child-friendly 215 
cities, and showed how data fusion can provide information for urban policy and design. 
 
Automated annotation, as the third important field, focuses on automatic labeling of visual 
elements in SVI. This process identifies objects, scenes, and their attributes so as to simplify 
large-scale urban analysis. Bleč et al. (2024) annotated the walkability-related features of street 220 
view images through multimodal VLM. It did so by providing both quantitative walkability 
scores and qualitative linguistic explanations. Ouyang et al. (2024a) used Health CLIP to 
predict the depression rate by extracting health-related features from satellite and street view 
images. They used GPT-4 model to generate health-related captions for SVI, allowing the fine-
tuned CLIP model to extract depression-related environmental features.  225 
 
4.2 Vision language models 
Diverse models have been applied in the literature to address VLM-enabled SVA tasks. A large 
share of studies adopts discriminative VLMs (e.g., CLIP/BLIP) that align images and text, 
while a growing subset employ multimodal LLMs (e.g., GPT-4V/LLaVA) that integrate visual 230 
inputs into a generative language model. These models are typically pre-trained on massive 
datasets of image-text pairs (e.g., billions for foundation models like CLIP) and then adapted 
for SVA via prompt engineering for zero- or few-shot inference or fine-tuning on labeled 
datasets. These labeled datasets often involve thousands of samples for domain adaptation. 
Among the 69 reviewed studies, GPT-series emerges as the most frequently employed model, 235 
featured in over 30 articles, followed by CLIP, LLaMA, BLIP, and BERT. The average number 
of references in each model category is presented by the Figure B2 in the Appendix B. As 
summarized in Table 1, GPT-4V offers superior reasoning and explanations but can be cost-
inefficient at city scale; lighter GPT-3.5 + vision pipelines reduce cost yet are weaker on 
complex spatial reasoning, whereas CLIP-family models remain cost-efficient for 240 
retrieval/tagging but are ill-suited to free-form explanation. 
 
Table 1 SVA Applications, strengths, limitations of VLMs 
Family SVA Applications  Strengths Limitations  

GPT-4V/o Urban Planning; Socioeconomic 
Analysis; Transportation 
Management; Environmental 
Perception 

Best reasoning and 
explanation; strong 
zero/few-shot; 
flexible prompting 

High cost/latency at city 
scale; less effective for 
strict geometry or 
precise localization  
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GPT-3.5 + 
vision 
encoders 

Environmental Monitoring; 
Socioeconomic Analysis; Urban 
Morphology 

Lower cost; scalable Weaker on complex 
spatial reasoning; 
sensitive to prompt 
design 

LLaVA / 
BLIP-2  

Environmental Perception; Urban 
Planning; Transportation 
Management; Pedestrian 
Behavior Analysis 

On-prem, tunable; 
moderate cost 

Falls short of GPT-4V 
on long-range 
reasoning; needs 
curated multimodal 
tuning 

CLIP / 
ALIGN  

Urban Morphology; 
Environmental Perception; 
Socioeconomic Analysis; 
Environmental Monitoring; 
Transportation Management 

Fast; cost-efficient; 
excellent zero-shot 
matching and 
retrieval 

Limited for chained 
reasoning and free-form 
textual explanation; 
non-generative outputs 

BLIP Environmental Monitoring; 
Urban Morphology; 
Socioeconomic Analysis  

Good weak labels; 
speeds downstream 
tasks 

Fine semantics may be 
missed 

BERT / 
LLaMA  

Socioeconomic Analysis; Urban 
Planning  

Very low cost; strong 
for structured text 

No direct visual 
reasoning 

 
4.3 Data sources 245 
Data sources for VLM-enabled SVA tasks are characterized by reliance on GSV, which is 
adopted in 34 out of 69 studies. This is notable but lower than the baseline in general SVA 
literature, where GSV is used in 87% of studies (Biljecki & Ito, 2021), reflecting the emerging 
field’s greater use of diverse or regional sources. Regional alternatives such as Baidu Street 

View and Tencent Maps collectively accounted for about 10 studies, with a strong emphasis 250 
on China-centric research. 
 
A significant trend in VLM-driven SVA is the integration of open-access datasets with street 
view platforms to address domain-specific analytical challenges. Studies have combined Baidu 
Street View with OpenStreetMap to enhance spatial topology modeling, as seen in Chen et al. 255 
(2024) and del Castillo et al. (2023), where road networks and POI data enriched urban 
walkability predictions. Similarly, 7 studies fused SVI with satellite data for cross-view 
analysis, such as Zhang et al. (2025), which predicted urban inequality indicators using satellite 
and SVI with fine-tuned chain-of-thought-enabled VLM. The reliance on exclusive datasets 
was evident in 8 studies, including López-Otero et al. (2024), which merged GSV with online 260 
housing price data, and Wang et al. (2024), which combined Baidu Street View with corporate 
registries and patent databases. 
 
To use these data sources to support VLM tasks, a special preprocessing process is needed to 
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map SVI to specific SVA applications. The typical process begins with sampling and 265 
acquisition through API, then stitching to create panoramic view and distortion correction, and 
finally normalizing to deal with illumination or perspective changes (Hou et al., 2024b). 
Annotation protocol plays a key role in environmental monitoring or target detection in scene 
understanding, which involves a structured codebook used to mark elements such as road 
damage (Ren et al., 2024). These protocols enhance VLM fine tuning by providing consistent 270 
ground truth. In the case of limited coverage of real SVI, synthetic data generation can expand 
the dataset through modeling or generative AI, and map it to tasks such as object detection 
(Turkcan et al., 2024). 
 
4.4 Applications 275 
Integrating VLMs into SVA has been able to achieve a series of diverse tasks, which reflect 
the adaptability of VLMs in interpreting multimodal urban data, integrating text and visual 
information, and generating operable aids for geospatial and socio-economic applications. the 
average number of identified citations for each application domain by the Figure B4 in the 
Appendix B. 280 
 
Urban Planning stands out to be the most common application of VLMs in SVA, it leverages 
VLM to evaluate and predict urban features and functions. Cheng et al. (2024) fed SVI into an 
LLM to evaluate urban safety, taking risk factors like poor lighting or narrow sidewalks into 
account when giving out a safety score. Feng et al. (2024) introduced a framework called 285 
CityBench, together with various VLMs including GPT-4o, LLaVA-NeXT, and Qwen-VL-
plus to complete 8 specific urban tasks related to perception and decision-making. These 
models are applied to scenarios such as image geolocalization and outdoor visual-language 
navigation. Shihab et al. (2024) focused on sidewalk detection to ensure accessibility in urban 
layouts during the planning process. 290 
 
Environmental perception and monitoring are the second and third most studied application 
fields. These applications include evaluating the subjective quality of urban space and tracking 
their changes. VLMs stood out in this field, simulating and quantifying the perception usually 
collected during human on-site experience by explaining the visual clues in SVI. Lyu et al. 295 
(2024) developed a vision-to-language framework for training-free visual place recognition, 
enhancing localization through coarse-to-fine spatial reasoning. These prove VLMs’ ability to 
connect quantitative image analysis with qualitative human perception. 
 
Lastly, VLMs in SVA have been proven to be accurate in analyzing human behavior and socio-300 
economic status. Socio-economic analysis uses VLMs to infer economic and social indicators 
from SVI. López-Otero et al. (2024) analyzed the qualitative information and street view data 
in Wikipedia to study immigration and isolated space. VLMs were also able to simulate human 
perceptions and behaviors. Verma et al. (2023) explored the use of generative agents powered 
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by VLMs to collect urban perceptions and model pedestrian experiences in street environments. 305 
 
4.5 Limitations 
These studies also reported the limitations of using VLMs for SVA, which are rooted in data 
coverage, quality, and bias, as well as geographic and cultural constraints. The average number 
of references is presented by the Figure B5, Appendix B. 310 
 
The most frequently mentioned limitation comes from the coverage, quality, and bias of data. 
Studies have reported that the geographical scope of training and evaluation datasets is narrow. 
This spatial bias not only limits the generalizability of underrepresented areas but also makes 
the unfairness of the algorithm exist for a long time. For instance, Wu and Huang (2024) 315 
revealed that pure English text encoder degraded geo-localization accuracy in non-English 
regions. These issues are compounded by data quality dependencies: adverse weather 
conditions (Yao et al., 2024; Li et al., 2024) and low-resolution SVI (Cepeda et al., 2023; Pan 
et al., 2024). 
 320 
Another significant limiting factor is the technical limitation of model performance. VLMs are 
very sensitive to the prompts, which means even a small change in words may lead to 
inconsistent scores. For example, zero-shot urban function inference (Huang et al., 2024) relied 
heavily on manual prompting design and required domain expertise to make culture-related 
descriptors. This may lead to limited scalability in urban tasks. 325 
 
Lastly, methodological and validation gaps emerged in about 50% of studies, where synthetic 
data (Feng et al., 2024) replaced ground-truth metrics. Roberts et al. (2024)’s geographic 

assessments correlated weakly with precise localization tasks due to training data biases and 
limited API access for robust validation. The open-vocabulary classification algorithms 330 
developed by de Moraes et al., 2024 illustrated an inconsistent performance in pathway and 
surface material detection due to hallucinations in CLIP-based model outputs. To address these 
issues, integrating participatory sensing, e.g., community surveys in Zhang et al. (2024), and 
hybrid AI-human workflows (Malekzadeh et al. 2025), is essential. 
 335 

5. The integrated framework for applying VLMs in SVA 
The integrated framework is derived through a synthesis of key insights from the 69 reviewed 
studies, focusing on those that propose enhancements to VLM applications in SVA rather than 
mere usage. Specifically, it is anchored in three foundational works: IM2CITY (Wu & Huang, 
2022) for multi-modal geo-localization at the city level; PIGEON (Haas et al., 2024) for precise 340 
coordinate prediction and bias mitigation; and VELMA (Schumann et al., 2024) for language-
guided navigation. These were selected based on their emphasis on improving VLM robustness, 
as identified in our coding process (Section 3.3). Insights from other studies were incorporated 
to address prevalent limitations (Section 4.5), such as temporal dynamics (e.g., Yin et al., 2025) 
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and prompt constraints (e.g., Huang et al., 2024). This bottom-up synthesis is implemented to 345 
ensure the framework is grounded in existing literature while extending it to diverse SVA tasks 
based on VLMs. However, since they were proposed to fit into specific SVA scenarios, the 
framework is enhanced based on other reviewed works to cope with diverse SVA tasks and 
challenges. 

 350 
Figure 2 The four-module integrated framework for VLMs in SVA 
 
As illustrated in Figure 2, the foundation of this framework lies in Data Enrichment Module 
(DEM). This foundational unit is implemented to ensure that VLM in SVA can handle diverse 
and representative datasets that will not suffer from the issues of data coverage, quality, bias, 355 
and temporal changes. DEM draws lessons from PIGEON’s semantic geographic unit creation 
method that uses open data sources such as SVI and satellite images to construct rich data units. 
DEM will center around the label smoothing technique to reduce the deviation by balancing 
geographical and cultural representation, and ensures that the model will not be biased towards 
over-represented regions or demographic data (Haas et al., 2023). Lastly, in order to cope with 360 
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the dynamic changes of time, DEM introduces time-stamped data, which analyzes historical 
trends and real-time conditions in parallel (Yin et al., 2025). 
 
Then, the Adaptive Task Learning Module (ATLM) will be integrated to handle all kinds of 
SVA tasks through a flexible learning process, so as to meet the challenges of model 365 
performance and generalization. ATLM is inspired by the Generalized Embedding Model 
(GEM) in IM2CITY, which adds a lightweight linear layer to the pre-trained CLIP model for 
fine-tuning VLM in response to specific tasks. This will make ATLM quickly adapt to new 
tasks with small samples. 
 370 
Then, Dynamic Contextualization Module (DCM) will be applied to handle prompts and text 
constraints by tailoring context-aware prompts for each SVA task. DCM designs prompts 
containing specific task requirements to make VLM’s output relevant and operable. DCM also 
equips with the zero sample GEM that enables the framework to perform certain SVA tasks 
without a lot of retraining by using pre-training knowledge. The module links to ATLM by 375 
providing tips consistent with its fine-tuning model, and enters the final module by providing 
the text framework needed to evaluate the actual performance. 
 
Finally, Robust Evaluation Module (REM) is designed to ensures the framework’s reliability 

and generalizability across diverse tasks. The REM adopts the small sample learning evaluation 380 
method. This will allow the proposed framework to maintain a good performance under in low 
data scenarios. Also, REM has the location clustering and retrieval functions suggested by 
PIGEON to group similar urban environments. At last, REM adopts a multi-faceted evaluation 
approach to ensure robustness. It will connect back to DEM by providing improved feedback 
of iterative data, evaluates the accuracy of ATLM, and tests the relevance of DCM prompts. 385 
 
Table 2 illustrates this mapping, showing how each module systematically addresses identified 
challenges and draws from specific sources. Nonetheless, it is acknowledged that this 
framework remains conceptual. Validation is needed given real-world scenarios. 
 390 
Table 2 Principled mapping of framework modules to challenges and literature 

Module Addressed challenges Key derivations from literature 
Data Enrichment 
Module (DEM) 

Data coverage, quality & 
bias; Temporal & real-time 
aspects 

PIGEON (Haas et al., 2024) for semantic 
units and bias mitigation; Yin et al. (2025) 
for time-stamped data 

Adaptive Task 
Learning Module 
(ATLM) 

Model performance & 
generalization; Prompt & 
textual constraints 

IM2CITY (Wu & Huang, 2022) for linear-
probing GEM; VELMA (Schumann et al., 
2024) for few-shot learning; PIGEON for 
multi-task pre-training 

Dynamic 
Contextualization 

Geographic & cultural 
constraints; Methodological 

IM2CITY for zero-shot GEM; Huang et al. 
(2024) for prompt engineering 
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Module (DCM) & validation gaps 
Robust Evaluation 
Module (REM) 

Model performance & 
generalization; 
Methodological & 
validation gaps 

VELMA for small-sample evaluation; 
PIGEON for clustering; Feng et al. (2024) 
for benchmarking 

 
6. Discussion 
6.1 VLMs as a strong force for SVA 
Our review showed that VLM-based approached were strong alternatives to traditional 395 
computer vision methods in SVA. VLMs present three-fold significant advantages in SVA 
tasks. First and most intuitively, compared with traditional CV-based SVA pipelines that rely 
heavily on manual annotation and supervised training, VLM-enabled SVA is able to reduce 
labelling and training requirements for many tasks. This reduction is often achieved through 
pre-trained multimodal models and prompt-based inference that enable zero-shot or few-shot 400 
capabilities (Blečić et al., 2024; Ouyang et al., 2024; Verma et al., 2023). However, manual 

annotation is not universally saved for all SVA-related tasks. Tasks including fine-grained 
attribute labelling, domain-specific feature extraction, and high-precision localization still 
require substantial labelled data and task-specific fine-tuning. 
 405 
Secondly, the multimodal capabilities of VLMs were found particularly suited to the 
heterogeneous demands of SVA. In SVA, understanding urban environments often requires 
interpreting visual data together with contextual information. For instance, Yang et al. (2024) 
developed V-IRL which integrates visual data from street view imagery and contextual 
information from geospatial APIs to enable AI agents to navigate and perform tasks in real-410 
world urban environments. Chen et al. (2024) used LLMs to combine visual and textual 
representations for predicting urban street functions and socioeconomic indicators. Their 
abilities to handle unstructured, multimodal data and generate human-like interpretations not 
only enhance the depth of analysis but also scale to large datasets. 
 415 
The last significant advantage lies in the open-domain knowledge capabilities of VLMs, which 
focus on vast, cross-disciplinary information. This adaptability is useful in integrating street 
view images into the complex urban framework. For example, in the pedestrian detection 
model developed by Park et al. (2024), multimodal VLMs inferred appearance elements from 
diverse textual descriptions, enhancing visual cue integration for improved detection 420 
performance. This work showed that the integration of VLMs and SVA made it possible to 
adjust the extensive knowledge of VLMs to specific SVA requirements and provide richer 
explanations than narrow tools in specific fields. 
 
6.2 Challenges in the status quo 425 
Although the branch of VLMs-enabled SVA is becoming a strong competitor in this field, it 
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also has certain limitations and needs further research.  
 
(1) Temporal sensitivity 
It is of high importance in SVA to capture the time evolution of urban environment for tasks 430 
such as change detection, urban planning and infrastructure monitoring. While SVIs provide 
rich ground-level images, the reliance on static snapshots in literature can hinder temporal 
generalization. In VLM-enabled SVA, explicit handling of temporal variation is still highly 
task-dependent. Some works begin to address time-stamped data, change detection, or time-
aware evaluation, but comprehensive temporal validation remains limited. As demonstrated by 435 
Gan et al. (2024), who found that cross-domain differences between template and real traffic 
signs reduce recognition accuracy under varying conditions, such as physical wear. 
 
(2) Contextual dependence 
As a general challenge in SVA and CV, the excessive dependence on context patterns derived 440 
from training data, which proved to be particularly problematic in view of the dynamic nature 
of street view images. Due to weather, lighting and seasonal changes, the urban scenes captured 
in street view data set show significant variability, and all these factors will significantly change 
the visual clues. The instability of this background weakens VLM’s ability. Moreover, explicit 
handling of contextual variation tends to be task-dependent, such as weather-related metadata 445 
or time-aware evaluation to simulate varied conditions. For example, Zeng et al. (2025) noted 
that the DVBench framework has a strong reliance on safety-critical driving videos. This 
contextual dependence may harm the consistency of performance in autonomous driving.  
 
(3) Annotation inconsistency 450 
The inconsistency of annotations brings challenges to VLMs of SVA, especially when 
automatically labeling elements in SVI. In a complex urban environment, subtle changes in 
visual cues, such as changes in lighting conditions or camera angles, usually lead to unstable 
or unclear labels on the same features in different images by VLM. This undermines the 
reliability of data sets that are crucial for SVA applications. For example, in the task of scene 455 
understanding, VLM may correctly identify the cracked sidewalk as ‘poor quality’ in one 

image, but ignore the same defect in another image due to shadow interference, thus 
undermining the efforts to draw a pedestrian safety map consistently. 
 
(4) Computational demands 460 
The literature illustrated a clear trend towards multi-modalities, integrating text with images, 
videos, etc. While this direction opens up a new way for understanding and interpreting the 
work, it requires a high amount of computation. This is because each data type has its own 
unique structure and processing requirements, such as word sequence of text data, color-valued 
pixel grid of image data and so on. In order to analyze multiple data types at the same time, the 465 
algorithm has to go beyond single processing, cross-modal integration, and correlation 
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information. Because of that, both Hao et al. (2024) and Ramalingam & Kumar (2025) have 
emphasized the computational intensity required to train VLMs on large-scale street view 
datasets. These computational requirements may limit the accessibility of multimodal research. 
 470 
(5) Process transparency 
Literature has showed that the opacity in VLMs has become a key limitation of SVA. Cheng 
et al. (2024) and Blečić et al. (2024) demonstrated that VLM can generate useful output from 
SVI, such as safety or walkability scores, but the reasoning behind these predictions was hidden, 
making the results unconvincing to the public or policymakers. This opacity stems from the 475 
complex levels and parameters of the model, and the way they transform input into output is 
difficult to explain directly. This problem is more obvious in multimodal VLM which 
integrates visual and text data. 
 
6.3 Navigation for future research 480 
In face of the challenges discussed above, this section presents potential research avenues for 
improving VLMs in SVA. The details are discussed as follows. 
 
(1) City- and year-held-out temporal evaluation and supervision  
Future work should operationalize temporal dynamics in street view analytics by enforcing 485 
city- and year-held-out splits, with explicit leakage checks and a geographic split map. Beyond 
static snapshots, VLMs can be weakly supervised with time-aligned urban event logs: 
roadwork permits, completion records, sign-replacement logs, and maintenance reports (Badi 
et al., 2017). Consecutive panoramas from the same location provide contrastive pairs for 
temporal pretraining, while prompts conditioned on events tie changes to known interventions. 490 
Evaluation should include object-level and segment-level change detection, temporal 
calibration, and degradation under increasing gaps. A minimal protocol benchmarks the same 
model on the same-year, adjacent-year, and cross-year settings across more than two cities, 
with confidence intervals and error attribution to urban processes. 
 495 
(2) Robustness to weather, lighting, and seasonal variability in street scenes 
To reduce context over-reliance within specific street views, training should couple physics-
guided augmentation with measured metadata. Synthesize weather/illumination via render-
based relighting and generative translation that preserve geometry and signage legibility, tag 
each augmented image with physical parameters (rain rate, sun elevation, ground wetness). 500 
VLMs should ingest meteorological observations as auxiliary inputs and be regularized for 
invariance across matched locations and conditions. Pose normalization via structure from 
motion stabilizes viewpoint changes for façade-level reasoning. Benchmarks should report per-
condition slices (day/night; rain/fog; summer/winter) and uncertainty intervals. Ablations must 
separate gains from augmentation, metadata conditioning, and prompt design to reveal 505 
robustness sources. 
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(3) Maintain annotation inconsistency based on Retrieval-Augmented Generation (RAG) 
RAG integrates a retriever (accessing the knowledge base of related examples) with a generator 
(using this information to generate consistent and accurate annotations). In the context of SVA, 510 
the retriever can extract high-quality annotations from a variety of SVI databases, covering 
various camera angles, surrounding environments, etc. When labeling new images, the model 
can retrieve similar images or features that have been correctly labeled in the past, thus 
providing key background information to guide their decision-making. For example, if the 
shadow blocks the sidewalk, the model can retrieve other images with similar shadows, but the 515 
sidewalk is still accurately marked as ‘poor quality’. This retrieval step reduces the influence 
of visual changes and makes the model consistent between different images with the same 
feature. 
 
(4) Incorporating a hybrid edge-cloud model 520 
To meet the computational challenge of multimodal SVA, future research can use edge 
computing to optimize processing efficiency. Edge computing place the data processing closer 
to its sources, such as camera in urban built environment or private data sources. This measure 
will reduce the dependence on centralized cloud servers (Shi et al., 2016). Not only that, by 
deploying lightweight algorithms on edge devices, initial data preprocessing and analysis can 525 
be done locally, and only necessary insights can be sent to the central server. This reduces the 
computational burden and network pressure of training large-scale models. In this case, a 
hybrid edge-cloud model, in which edge devices handle real-time processing and cloud 
manages complex computation, provides a balanced solution. 
 530 
(5) Using chain of thought to break down the decision-making 
The last future research direction is adopting the method of chain of thought (CoT) (Li et al., 
2024) during the application of VLM in SVA. It does so by decomposing complex decisions 
into clear sequential steps. Additionally, by fine-tuning on the dataset provided by human 
experts with final evaluation and detailed reasoning, VLMs can be trained to generate natural 535 
language explanations while outputting. Finally, for VLM that processes both visual and text 
data, visual attention mechanism (Guo et al., 2022) can reveal which specific image regions or 
text segments have the greatest influence on prediction, thus establishing a practical connection 
between input and output. 
 540 
6.4 Comparative positioning relative to prior similar thematic SLRs 
To situate the contribution, this review is contrasted with two similar thematic SLR studies (see 
Table 3). Biljecki & Ito (2021) provide a comprehensive survey of SVI in urban analytics, 
screening 619 papers and classifying 250 studies across ten application domains, thereby 
documenting Google Street View’s dominance and the breadth of SVI applications. Li et al. 545 
(2022) focused on the architectural environment, put forward an innovative decision-making 
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framework to organize the adoption and implementation of SVI, and pointed out the key 
success factors. Together, these works establish SVI’s value and scope while emphasizing 

applications and adoption workflow, thereby motivating a focused synthesis on language–

vision methods now emerging in SVA. 550 
 
Table 3 Comparative synthesis of this study and previous reviews 
Item This review Biljecki & Ito (2021) Li et al. (2022) 
Primary 
scope 

An AI model-centric 
SLR on VLM 
enabled SVA, 
covering data 
sources, model 
training, prompting, 
and evaluation 
protocols specific to 
language–vision 
pipelines. 

A field-wide survey 
of SVI in urban 
analytics, classifying 
applications across 
ten domains and 
documenting 
platform usage. 

 

A systematic review of 
SVI adoption in the built 
environment, structured 
by an innovative 
decision-making 
framework to surface 
enablers, barriers, and 
implementation guidance. 

Corpus & 
Time span 

69 papers; 2022-
2025 

250 papers; 2018-
2020;  

263 papers; 2007-2022 

Methods Conventional SLR; Conventional SLR;  Conventional SLR; 
Contributions 1. Systematic 

synthesis of 
VLM-enabled 
SVA 

2. Integrated 
framework for 
VLM 
application in 
SVA 

3. Advantages, 
challenges, and 
future 
navigations of 
VLMs in SVA 

1. Comprehensive 
application 
mapping across 10 
domains 

2. The quantification 
of provider 
dominance, data 
sources, and 
capture modes 

3. Synthesis of 
methods and 
metrics, 
identification of 
deficiencies in 
geographic and 
temporal coverage 
and access 

1. Innovation–decision 
framework 

2. Synthesizes 
enablers/barriers, 
provider selection, 
data-integration 
workflows, and 
practitioner-oriented 
guidance for 
implementation 

 
Building on that foundation, this study delivers three significant pieces of progress. Firstly, this 
paper systematically summarizes the VLM-enabled SVA literature, and integrates scattered 555 
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papers into a model-aware perspective. Secondly, this review puts forward an integrated 
framework of applying VLM in SVA, which integrates data sources, model training, prompting, 
and evaluation protocols into a coherent workflow. Thirdly, this paper points out the 
advantages and current challenges of VLM in SVA, and defines the future development 
direction. Collectively, these contributions reposition the discussion from broad SVI 560 
application mapping toward a reproducible, AI model-centric agenda for VLM-enabled SVA. 
 
7. Conclusion 
This paper provides a comprehensive review of the application of VLMs in SVA for various 
value-added applications. It reveals that VLMs for SVA are still in its nascent stage, 565 
considering the relatively small but growing body of literature compared to their traditional 
SVA counterparts. Nevertheless, the review highlights the transformative impact of VLMs on 
SVA, noting their superior performance in typical SVA applications. Three main advantages 
of VLM-enabled SVA are identified: (a) minimal annotation, (b) multimodal capabilities, and 
(c) open-domain knowledge.  However, integrating VLMs into SVA is not without challenges. 570 
Problems related to temporal dynamics, contextual reliance, annotation inconsistencies, 
computational demands, and process transparency are identified. To address these issues, the 
study proposed future research directions including city- and year-held-out temporal evaluation, 
physics-guided robustness to street-level variability, retrieval-augmented generation, edge-
cloud computing, and chain of thought. However, this review has some limitations. First and 575 
most intuitively, it is constrained by the nascent state of the field, relying on 69 papers. Second, 
the conceptual nature of the proposed framework lacks empirical validation, potentially 
limiting its immediate applicability without further testing in diverse SVA scenarios. Future 
research could extend this review by conducting updates to capture rapid VLM advancements, 
and empirically evaluating the integrated framework through case studies to refine its 580 
practicality. 
 
The potential of VLMs to completely change SVA is enormous. They may be strong 
competitors of traditional methods such as computer vision or segmentation. Future research 
should focus on improving the accuracy and efficiency of VLM through fine-tuning and 585 
retrieval enhancement generation, integrating different data sources to improve coverage and 
resolution, and developing privacy protection technologies to reduce network security risks. 
By overcoming these obstacles, VLM can fully realize its potential to support the development 
of smart cities and evidence-based decision-making and ultimately contribute to a more 
sustainable, livable, and flexible urban environment.  590 
 
Practically, this review equips urban planners and policymakers with a consolidated resource 
on VLM applications, enabling more efficient integration of multimodal datasets and patterns 
arising from them into SVA for better urban environments, transportation planning, and public 
health. Furthermore, the proposed integrated framework provides a ready-to-adapt workflow 595 
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for practitioners, facilitating the deployment of VLMs in real-time SVA tasks while mitigating 
common challenges like computational demands and data biases. Lastly, by identifying 
targeted future directions, the study empowers AI developers and researchers to innovate 
scalable solutions that can drive evidence-based urban policies. 
 600 
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