
Response letter to the Manuscript # Earth System Science Data-
2025-710

Response to the referee

Referee #1

Overall comments

It is a timely and valuable dataset that can be useful for not only building classification but
training a multi-modal AI model to a better understanding of the function of urban buildings
as well as the underlining motivation of human activities and movements. To the best of
my knowledge, it is the first multimodal dataset dedicated to building function classification
that offers 26 distinct, fine-grained categories. This is a significant improvement over existing
schemes that often mirror coarse land-use classifications. The study challenges the conven-
tional belief that large models cannot handle multimodal spatial data, which is a high-quality
contribution. Overall, the paper is well-structured, the methodology is sound, and the dataset
indeed fills a clear gap in the Earth System Science community. Some issues in below should
be addressed before publication.

Reply:

We thank referee #1 for recognizing the value of our work. We are glad to address his/her
comments below. We highlighted the added text as text and the deleted text as text in both
this letter and the revised manuscript.

Referee Comment 1.1

The dataset is exclusively sampled from New York City rather than from a broader geography.
The authors acknowledge that conclusions may be subject to urban bias, as variations in model
performance and error distributions might occur in cities with different layouts. A more in-
depth discussion of impacts of the geography bias on the inference of models as well as the
results of the baselines should be provided.

Reply:

Thanks for your highly valuable comment. We fully agree that an in-depth discussion on the
impact of geographic sample bias on both the inference models and the baselines should be
provided. In response to your comment, we have added a subsection titled “Limitations of
BuildingSense” in the Discussion section, where we thoroughly discuss the impact of this bias
on the baselines in our study, as well as on the performance of models trained on this dataset
in future research.
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Changes:

6.3 Limitations of BuildingSense

6.3.1 City sample bias

NYC, as an international metropolis, has a diverse ethnic composition and high population
density, which contribute to its varied architectural styles, including row houses, modern
commercial buildings, grand public structures, and towering skyscrapers. Thus, the building
function dataset we constructed from NYC samples exhibits a certain degree of representative-
ness for the North American context. However, the architectural styles that differ considerably
from those in North America, such as East Asia and Europe, may lead to two potential
outcomes: (1) the evaluation of the optimal large model based on the baseline results may be
overestimated, and (2) the performance of models trained on this dataset may degrade when
transferred to regions with substantially different architectural styles.

First, our evaluation of the optimal large model (Gemini-2.5-flash (Thinking)) indicates
that it can effectively integrate multimodal spatial data and perform logical building function
inference, even though it was not specifically designed for this task. During this process,
it demonstrates strong capabilities in image understanding, text processing, and spatial
reasoning. As a flagship product of Google, we hypothesize that its training data likely
includes extensive Google spatial data (e.g., street view imagery, POI reviews, and remote
sensing data), which may account for its superior performance compared to other models.
However, in regions such as China, the distribution of information across data modalities
(visual, textual, spatial) differs significantly from that in NYC. For instance, Chinese urban
villages present a unique challenge: densely built, low-rise residential areas contain informal
commercial activities on the ground floor. Visually, a building may appear entirely residential
(with laundry hanging from windows, narrow alleyways, and residential-style architecture),
while POI data might indicate numerous small businesses (e.g., convenience stores, hair salons,
street food vendors) operating within. Such a condition may lead to brittle reasoning chains
and performance decline of baselines in four primary aspects: (1) an inability to analyze
architectural styles from street view images; (2) a failure to semantically interpret POI names
within buildings due to linguistic differences; (3) an incapacity to assess the built environment
and architectural styles from remote sensing imagery; and (4) incorrect spatial reasoning
resulting from any of the aforementioned errors. This implies that our evaluation of the
optimal large model may be overestimated.

Second, despite these limitations, Gemini’s strong performance on BuildingSense within
its training distribution still offers valuable insights: the technical approach of inferring
building functions using large models is feasible, and fine-tuning such models with relevant
data could significantly enhance their performance on building function classification tasks.
Consequently, subsequent large models fine-tuned on BuildingSense may only achieve per-
formance improvements within the North American context, with relatively limited gains
when applied to other regions. Furthermore, for traditional deep learning models, limited
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generalizability beyond the training distribution has always been a primary drawback. Models
trained on BuildingSense may therefore not be suitable for application outside North America.
Nevertheless, BuildingSense remains an important dataset for validating model performance.

To address this limitation, our future work will focus on three directions: (1) extend-
ing BuildingSense to include multiple cities representing diverse urban typologies (e.g., a
European compact city, an Asian high-density city, and a Latin American spontaneous city);
(2) developing domain adaptation techniques to transfer knowledge from NYC to data-scarce
regions; and (3) conducting systematic cross-city evaluations to quantify the generalizability
of both traditional and large models.

Referee Comment 1.2

One important contribution of the dataset is the rich function Table 3 lists existing building
datasets without indicating the number of building function categories. I would suggest adding
# of categories in the table.

Reply:

Thanks for your constructive feedback, which made us realize that the “N” column we orig-
inally added in Table 3 was not intuitively clear in terms of its abbreviation. Therefore, we
have replaced it with the “CN” column, which represents the number of building-function
categories for each dataset.

Changes:

Table 1: Building-related dataset. NB refers to the number of buildings; Balance refers to
whether the dataset considers each category sample of the dataset is balanced or not; POI
refers to point of interest; RSI refers to remote sensing image; SVI refers to street view image;
RN refers to road network; H refers to building height; Y refers to building year; roof refers to
building roof; F refers to building function; NCN refers to the number of function category.

Dataset NB Balance POI RSI SVI RN H Y Roof F NCN Task
KITTI [1] - ✓ S

Cityscapes [2] - ✓ S
EuroCity [3] - ✓ O
WildPASS [4] - ✓ S

PASS [5] - ✓ S
HoliCity [6] - ✓ S
SkyScapes [7] - ✓ S
SpaceNet [8] - ✓ S
Li et al.[9] - ✓ S

TorontoCity [10] 400000 ✓ ✓ ✓ S
Wojna [11] 9674 ✓ ✓ ✓ ✓ 6 C

OmniCity [12] - ✓ ✓ ✓ ✓ 7 S
CMAB [13] 31000000 ✓ ✓ ✓ ✓ 6 P
He et al.[14] 500000 ✓ 10 C

Ours 34458 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 26 C
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Referee Comment 1.3

The method section describes a workflow. I suggest adding a workflow chart at the beginning
of the method section to make the readers easily understanding the process.

Reply:

Thank you for pointing out the insufficient clarification of the connections between the meth-
ods. Following your suggestion, we have added a workflow chart and corresponding textual
descriptions in the Method section, which clearly illustrate the relationships between our
methods.

Changes:

As illustrated in the Figure 1, the methodological workflow of our dataset consists of three
components: (1) building-related data and annotation collection, (2) building annotation
and data cleaning, and (3) evaluation on large models. The first component describes how
building footprints were sampled and how the relevant data and annotations were collected
based on these footprints (Section 3.1). The second component details the cleaning process
for the collected data and annotations, ultimately yielding a high-quality multimodal dataset
(Section 3.2). The third component outlines the setup for baseline comparisons to evaluate
the performance of different large models and the evaluation method for the optimal model
(Section 3.3).

Figure 1: The workflow chart

Referee Comment 1.4
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It is good to have an evaluation for the performance of the large models handling the mul-
timodal dataset. However, you should give a logical and clear justification of the reasons of
doing the evaluation. Why did you only involve those large models? Any specific reasons of
not testing popular machine learning and deep learning methods?

Reply:

Thank you for highlighting the lack of clarity in the rationale for excluding popular machine
learning and deep learning methods, which Referee #1 also mentions. In response to your
comment, we have added detailed illustrations in the Baselines subsection.

Here is the logic: the exclusion of traditional deep learning and machine learning methods
from the baselines is motivated by two points: (1) two specific bottlenecks identified in the
existing literature on building function classification (Section 2.1) and (2) the fundamental
differences in their evaluation paradigms and spatial scalability compared to large models.

Given these limitations, large models have emerged as a promising approach. Its ex-
tensive world knowledge and human-like reasoning abilities (spatial scalability) enable it to
jointly interpret visual and textual cues (sufficient feature extraction and fusion), thereby
explicitly articulating its inference processes (interpretability). Therefore, testing the hypoth-
esis that large models can overcome traditional limitations in multimodal building-function
classification is extremely valuable.

Changes:

The exclusion of traditional deep learning and machine learning methods from the baselines
is motivated by two points: (1) two specific bottlenecks identified in the existing literature
on building function classification (Section 2.1) and (2) the fundamental differences in their
evaluation paradigms and spatial scalability compared to large models.

First, two specific bottlenecks are as follows: (1) insufficient feature extraction and fu-
sion [15, 16, 17, 18, 19, 20, 21, 22, 14, 23, 24] and (2) poor interpretability of model outputs
[21, 22, 14, 23, 24]. Second, the differences in their evaluation paradigms and spatial scalability
are as follows: (1) from the perspective of evaluation paradigms, we assess the out-of-the-box
zero/few-shot reasoning capabilities of large models on the full dataset. In contrast, evaluating
traditional machine learning/deep learning methods requires partitioning the majority of the
data into a training set. Such an approach allows the models to learn data characteristics
in advance, leading to better-fitting results. Therefore, it is unfair to directly compare large
models with deep learning models trained for building function classification. (2) From the
perspective of spatial scalability, traditional deep learning models inherently overfit on the
training dataset, leading to performance decreasing when transferred to another region or
when the data format changes. Such a limitation renders them unscalable for large-scale urban
applications.
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Given these limitations, large models have emerged as a promising approach. Its exten-
sive world knowledge and human-like reasoning abilities (spatial scalability) enable it to jointly
interpret visual and textual cues (sufficient feature extraction and fusion), thereby explicitly
articulating its inference processes (interpretability) [25, 26]. These characteristics directly
target the limitationsmentioned above, which remain underexplored. Therefore, we select four
state-of-the-art large models to test the hypothesis that large models can overcome traditional
limitations in multimodal building-function classification.

Referee Comment 1.5

The authors claim that the sampling processing of the building footprints significantly reduces
geospatial bias. In the BuildingSense section, a map showing the geographical distribution of
the samples should be provided. It can help readers better understand the data quality in
terms of geographical coverage.

Reply:

Thank you for pointing out the insufficient illustration of our data coverage. In response, we
have added a map showing the geographic distribution of building samples in the BuildingSense
section to better visualize our data coverage (Figure 2).

Changes:
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Figure 2: Distribution of building footprints
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