Reviewer #1 (Response to Reviewer)

General comments

This article uses a practical method based on multimodal data to construct the first global scale 3D
information dataset of buildings. The data set provided by this study fills the gap in fine-grained
building height data globally, which is of great significance for urban morphology research and
climate change analysis. The model validation results are comprehensive and promising; however,
a more detailed explanation of the technical methods would enhance the paper's clarity (see
specific comments). Overall, the paper is well-structured, and the dataset is valuable to urban
studies.

Response: thank you very much for your helpful comments and suggestions. We have carefully
revised our manuscript and provided a point-by-point response below.

Specific comments
Comment #1: The article uses multiple sources of data for analysis, and it is recommended to
add ablation experiments between different data to demonstrate the effectiveness of using the
data.
Response: thank you for your question. We evaluate the contributions of features in different
categories with added experiments.
We evaluated the impacts of input features using the US dataset to further indicate the efficiency
of the synthetic-used multi-source datasets. We used single category (i.e., radar-only, optical-only,
terrain-only) and different combinations of features as the model input to estimate the height of
buildings (Table R1). According to the results, the R? and RMSE of radar-only model is 0.56 and
5.24m. The optical features provide effective information of building height estimation, with the
model’s R? increased 0.1 and RMSE decreased 0.7m compared with the radar-only model. The
terrain features significantly increase the accuracy of estimation model, with model’s R? increased
0.1 and RMSE decreased 0.8m compared with model2. Additionally, socioeconomic and vector
features slightly improve the ability of model, with R? increased 0.05 and RMSE decreased 0.35m
compared with model3. These results demonstrate that the synthetic use of these features is
practicable and effective for building the height estimation model.

Table R1. Performance of models with different feature combinations.

Feature combinations R? RMSE (m)

Model1: radar-only 2 0.56 5.24
Model2: radar + optical 0.67 4,57
Model3: radar + optical + 0.77 3.76
terrain

Model4: radar + optical + 0.79 3.65
terrain + socioeconomic

Model5: radar + optical + 0.82 3.39

terrain + socioeconomic +
vector

(D Sentinell_VV_mean, Sentinell_VV_std, Sentinell_VV_percentile5, Sentinel1_VV_percentile25,
Sentinell_VV_percentile50, Sentinell_VV_percentile75, Sentinell_VV_percentile95, Sentinell_VH_mean,
Sentinell_VH_std, Sentinel1_VH_percentile5, Sentinel1_VH_percentile25, Sentinel1_VVH_percentile50,
Sentinell_VH_percentile75, Sentinell_VH_percentile95

(2 PALSAR_HH_mean, PALSAR_HH_std, PALSAR_HH_percentile5, PALSAR_HH_percentile25,
PALSAR_HH_percentile50, PALSAR_HH_percentile75, PALSAR_HH_percentile95, PALSAR_HV_mean,
PALSAR_HV _std, PALSAR_HV_percentile5, PALSAR_HV _percentile25, PALSAR_HV_percentile50,



PALSAR_HV_percentile75, PALSAR_HV _percentile95

(3 Sentinel2_Band2_mean, Sentinel2_Band2_std, Sentinel2_Band2_percentile5, Sentinel2_Band2_percentile25,
Sentinel2_Band2_percentile50, Sentinel2_Band2_percentile75, Sentinel2_Band2_percentile9s,
Sentinel2_Band3_mean, Sentinel2_Band3_std, Sentinel2_Band3_percentile5, Sentinel2_Band3_percentile25,
Sentinel2_Band3_percentile50,
Sentinel2_Band3_percentile75, Sentinel2_Band3_percentile95,
Sentinel2_Band4_mean, Sentinel2_Band4_std, Sentinel2_Band4_percentile5, Sentinel2_Band4_percentile25,
Sentinel2_Band4_percentile50,
Sentinel2_Band4_percentile75, Sentinel2_Band4_percentile95,
Sentinel2_Band8_mean, Sentinel2_Band8_std, Sentinel2_Band8_percentile5, Sentinel2_Band8 percentile25,
Sentinel2_Band8_percentile50,
Sentinel2_Band8_percentile75, Sentinel2_Band8_percentile95

(#) DEM_mean, DEM_std, DEM_percentile5, DEM_percentile25, DEM_percentile50, DEM_percentile75,
DEM_percentile95

(5) DSM_mean, DSM_std, DSM_percentile5, DSM_percentile25, DSM_percentile50, DSM_percentile75,
DSM_percentile95

(6 nDSM_mean, nDSM_std, nnDSM_percentile5, nDSM_percentile25, nDSM_percentile50,
nDSM_percentile75, nDSM_percentile95

(7) population_mean, population_std, population_percentile5, population_percentile25, population_percentile50,
population_percentile75, population_percentile95

nighttimelight_mean, nighttimelight_std, nighttimelight_percentile5, nighttimelight_percentile25,
nighttimelight_percentile50, nighttimelight_percentile75, nighttimelight_percentile95

(9 building area, building perimeter

Comment #2: Why did you choose to use XGhoost instead of random forest or support vector
machine? Please provide additional experiments or explanations.

Response: thank you for your question. We have tested the performance of machine learning
models in preliminary experiments, and finally used eXtreme Gradient Boosting (XGB) model
due to its accuracy and efficiency (Table R2). Specifically, we compared the model performance
of Decision Tree (DT), Random Forest (RF), Gradient Boosting Regression (GB), XGB, and
Support Vector Machine (SVM), using 135291 training samples and 15033 testing samples in
Africa. The results showed that the XGB model has the highest accuracy (testing R? = 0.733,
RMSE = 5.213m). The performance of GB model is slightly inferior to that of the XGB model
with testing R? of 0.731 and RMSE of 5.223m. The results of RF model showed overall
underestimation with lower accuracy (testing R? = 0.688, RMSE = 5.625m). And the results of DT
model show significant overestimation for building heights below 50m. The SVM model is
ineffective to estimate height of buildings. These experiments were conducted using Intel®
Core™ 9 with Python 3.9.



Table R2. Performance of models with different feature combinations.
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Comment #3: Please explain the specific operation of manual measurement in section 4.2 and
the basis for the authenticity of manual height measurement values.

Response: thank you for your comment. We used manually measured building heights on Google
Earth Pro as the reference height to evaluate the quality of our height results. We measured the
length of the ridge lines of the 3D building models using a 3D measurement tool as the height of
individual building (Fig. R1). The vertical information of these 3D building models is obtained
using Google Street View, aerial photographs, and satellite images.

The selecting points in manual measurements can affect the precision of measured height results,
especially for buildings with complex shapes. To minimize the error, we measured the smooth
ridge lines of buildings. We tested the stability of the measurement result by repeatedly measuring
the building heights five times. The measurement results of a 130m building fluctuate within 1m,
indicating the measurement error is relatively small. Also, the measurement results of a 12.8m
building fluctuate within 0.1m. This relative measurement error is less than 1%, suggesting the
method is reliable to obtain reference heights.



Figure R1. Results of measuring the same building five times using the Google 3D measurement
tool.

Comment #4: What are the advantages of building scale 3D data over course scale 3D data set?
Response: thank you for your question. Building-scale 3D data enhances surface morphology
with finest-scale details, which can support a wider range of urban studies compared to coarse-
scale building height datasets.

Building-scale 3D data refines urban analysis and simulation by offering precise height
information for building structures. The vector data scale avoids confusion with other surface
objects, such as impervious surfaces (e.g., roads and parking lots). This allows for more detailed
urban morphology analysis and simulations (e.g., digital twin) compared to coarse-scale height
datasets, including building stock calculation, building carbon emission analysis, fine-scale
population simulations, and thermal environment analysis. Moreover, building-scale 3D dataset
can support a broader range of fine-scale analyses when combined with increasingly high-
resolution datasets. As the resolution of remote sensing products have advanced, high-resolution
datasets are now available, such as 1m land cover and 1m tree height datasets. Building-scale
datasets can support urban analysis at these high-resolution levels. For example, building-scale 3D
datasets and tree height dataset can be used to analyzed the cooling effects of shadows from
buildings and trees in urban area (Tolan et al., 2023). Additionally, building-scale dataset can also
aggerated to other resolutions for analysis under difference scales. Relevant contents can be found
in our manuscript as:

“Besides, our estimated heights accurately showed the spatial heterogeneity of building heights
between densely high-rise buildings and low-rise buildings, benefiting from a finer resolution at
the scale of individual buildings. Conversely, the resolution of the other three datasets is
insufficient to reflect the spatial heterogeneity of building heights due to the significant differences
in building height within each pixel.” (page 14, line 312-315)

“The 3D-GloBFP map is the first individual building height dataset to depict the most detailed
building three-dimensional morphology worldwide, offering great potential to support studies
ranging from macro-scale global analyses to micro-scale investigations within urban areas. Our
developed dataset provides precise height information and serve as the base input for urban
analysis and simulations, such as climate modeling (He et al., 2019), population simulation (Zhao
et al., 2021), building function classification (Zheng et al., 2024), and disaster assessments
(Hossain and Meng, 2020). Moreover, our dataset also contributes to studies on the interaction



between human society and ecosystems (Zhong et al., 2021; Rodriguez Mendez et al., 2024; Gi
neralp et al., 2017; Arehart et al., 2022), such as Urban Heat Island (UHI) assessment (Li et al.,
2020d), carbon footprint accounting (Li et al., 2024a), building shade studies (Watanabe et al.,
2014), and building stock analysis (Frantz et al., 2023). These studies can further contribute to
addressing environmental issues related to anthropogenic activities, thereby promoting the
achievement of sustainable development.” (page 24-25, line 489-498)
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2023.

Comment #5: Please explain in detail how to aggregate building scale height data to coarse
resolution scales for validation.

Response: thank you for your question. We aggregated the building-scale height dataset to 1km-
resolution to compare with other existing coarse-resolution products according to Eql:

7o YL H;
A= ot &

where H is the aggregated results in 1km pixel, N is the number of buildings in 1km pixel, and H;
is the height of buildings in the 1km pixel.

Specifically, we calculated the average height of all buildings located within each grid cell. In this
process, each 1km pixel represents the height of buildings with other built-up regions excluded
(e.g., roads and parking lots) in the computation. Details can be found in our manuscript as:

“We also aggregated the high-resolution data at 1 km resolution to align with the low-resolution
data by calculating the average height of all buildings located within each grid cell. This
approach allows us to compare the differences with the reference data at a consistent resolution
across all datasets.” (page 10, line 220-222)

Comment #6: What are the contributions of statistical values in the model?

Response: thank you for raising this concern. The statistical values can improve the accuracy of
the models, especially for high-rise buildings. We compared the RMSEs for models trained with
mean values alone versus models trained with all statistical values (i.e., standard deviation, 5%,
25%, 50%, 75%, and 95% quantiles) of pixels intersecting with each building boundary (Fig. R2).
We evaluated the contributions of statistical values using RMSEs across different height intervals
(i.e., <10m, 10-20m, 20-30m, 30-50m, 50-100m, >100m). The results show that the statistical
values slightly enhance the accuracy of estimating results in low-rise buildings and significantly
increased the accuracy of high-rise buildings. For instance, the model using statistical values
reduce the RMSE by 3m in estimating buildings with height of 30-50m. Furthermore, these
quantiles reduce the RMSE by approximately 6m and 7m in estimating buildings with height of
50-100m, and >100m. The statistical values can reflect the complex variations of pixel values
within building boundaries of high-rise buildings, providing the model with comprehensive
information and enhanced its accuracy. However, the statistical value does not significantly
increase the model accuracy for low-rise buildings (i.e., buildings lower than 20m), due to the
similar values of pixels within buildings.
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Figure R2. RMSEs of models with and without quantiles as input features.



