
Dear Editor and Reviewers,

We sincerely thank the Editor and the three reviewers for their constructive and thorough
evaluation of our manuscript. The reviewers' comments have been instrumental in clarifying
the technical narrative, correcting factual inaccuracies in the comparison table, and
strengthening the methodological transparency required for reproducibility. We have
addressed every point in detail below. Reviewer comments are reproduced verbatim in the
blue text, followed by our response and an explicit description of the corresponding revisions
in the manuscript. Modifications in the revised manuscript are highlighted using tracked
changes, and the line numbers reported below refer to the revised manuscript.

We hope that the revisions adequately address the reviewers' concerns and look forward to the
further review of our work.

Sincerely,

On behalf of all co-authors,

Shuang Chen, Jie Wang, and Peng Gong



RC1: Solid work that needs minor corrections. First off, I really enjoyed reading this manuscript.
The work on Embedded Seamless Data (ESD) is quite impressive, and I think it addresses a real
bottleneck in planetary-scale analysis. The ultra-lightweight design and the way it handles
decadal-scale global land monitoring are definitely high-quality contributions. The overall
framework is solid, but there are a few things that need to be cleaned up before it’s ready for
publication.

Response: We sincerely thank the reviewer for the careful reading of the manuscript and for
the encouraging assessment of the overall framework. We are particularly grateful for the
two specific concerns that the reviewer raises, both of which directly improve the credibility
and reproducibility of the released ESD product. We have addressed them in detail in the
point-by-point responses below.

1.1 The most critical thing I noticed is in Table 11, which provides the technical comparison
between ESD and other existing Earth embedding databases. To be honest, there are some pretty
clear errors in the technical specs listed for the competing products. I’d strongly recommend the
authors take another look at that table and cross-check it with the comparison table in the " Earth
Embeddings as Products: Taxonomy, Ecosystem, and Standardized Access" paper. Getting these
details right is important for the credibility of the comparison, so please revise those rows to
ensure the metrics and features for the other databases/models are accurately represented.

Response: We thank the reviewer for this careful observation. We have re-checked Table 12
against the original publications and official documentation of each cited product, using the
taxonomy of Fang et al. (2026, arXiv:2601.13134) as a cross-reference, and corrected the
inaccurate entries. The spatial resolution, temporal span, and dimensionality of the LGND Clay
column have been corrected to match the official LGND Clay v1.5 documentation. The data type
of TESSERA and Google Satellite Embedding has been corrected to int8, consistent with the
quantization reported by Feng et al. (2025) and Brown et al. (2025). The Major TOM temporal
span has been updated to the acquisition window of the underlying Sentinel-2 Core dataset
(Francis and Czerkawski, 2024). The Copernicus-Embed entries were verified against Wang et al.
(2025) and are unchanged. The fully corrected table is shown below.

Revised Table 12:

Feature Major TOM

Embeddings

LGND Clay

Embeddings

Copernicus

-Embed

TESSERA

Embeddings

Google Satellite

Embedding

Embedded

Seamless

Data (Ours)

Granularity Patch-level Patch-level Patch-level Pixel-level Pixel-level Pixel-level

Spatial Res. 2.14-3.56

km

2.56 km 0.25° 10 m 10 m 30 m

Temporal Span 2017-2024 2024-2025 2021 2024 2017-2024 2000-2024



Temporal Res. Snapshot Snapshot Annual Annual Annual Monthly

Dimensions 2048 1024 768 128 64 12

Dtype/Format float32 float32 float32 int8 int8 uint16

1.2 On a related note, when you talk about the multitask training strategy in Section 3.3, it would
be great if you could briefly clarify how the loss weights (alpha, beta, and gamma) were tuned.
You don't need a full sensitivity analysis, but just a sentence or two on whether they were
empirically balanced or if there's a specific rationale behind their values would help
reproducibility.

Response: We thank the reviewer for this helpful suggestion. We agree that the weighting of the
multi-task objective should be stated more explicitly for reproducibility. In the revised manuscript,
we now clarify that the released ESD model uses a fixed weighting scheme with α = 1.0 and β = γ
= 0.1. This choice reflects the intended role of the released dataset. Reconstruction fidelity is the
primary objective of ESD, because the dataset is designed to preserve the spectral-temporal
information of the SDC30 input; therefore, the reconstruction term is assigned the reference
weight of 1.0. The auxiliary supervision terms are intended to regularize the latent space and
improve thematic separability without dominating the compression objective, and are therefore
assigned smaller weights of 0.1.

To further clarify this choice, we conducted a lightweight sensitivity analysis (Table R1) in which
α was fixed at 1.0 and the auxiliary supervision strength was jointly varied, reported in the
compact notation of Eq. (1) as β = γ ∈ {0, 0.03, 0.1, 0.3}. This experiment was conducted on a
fixed, globally distributed stratified subset using seven EqualEarth 4W sample blocks for
2020–2022 for training and the FROMGLC_train sample set for 2020–2022 for evaluation, rather
than on the full global production workflow. The results show a clear trade-off. The
reconstruction-only setting (β = γ = 0) achieved the best reconstruction (Recon. MAE = 0.0161,
CC = 0.9908) but weak thematic performance (ESA WorldCover OA = 0.206, GLAD-CE F1 =
0.220, GLAD-SW F1 = 0.522). Increasing the auxiliary weight improved thematic separability,
but stronger supervision (β = γ = 0.30) also degraded reconstruction fidelity (Recon. MAE =
0.0383, CC = 0.9529). The released setting (β = γ = 0.10) retained strong reconstruction (Recon.
MAE = 0.0284, CC = 0.9761) while substantially improving thematic performance (ESA
WorldCover OA = 0.671, GLAD-CE F1 = 0.432, GLAD-SW F1 = 0.953). We therefore retained β
= γ = 0.1 as an empirically balanced setting for the released ESD product.

Table R1. Lightweight sensitivity analysis of the multi-task loss weights in Eq. (1).

β = γ (α = 1.0) Recon. MAE CC ESA WorldCover OA GLAD-CE F1 GLAD-SW F1

0.00 0.0161 0.9908 0.206 0.220 0.522



0.03 0.0236 0.9826 0.662 0.205 0.960

0.10 0.0284 0.9761 0.671 0.432 0.953

0.30 0.0383 0.9529 0.683 0.696 0.942

Revision in manuscript (Section 3.3, after Eq. (1)): “For the released configuration, α was
fixed at 1.0 and β = γ were jointly set to 0.1 as an empirically balanced weighting, so that
reconstruction remained the dominant objective while the auxiliary supervision provided a
weaker constraint to improve thematic separability.”



RC2: This paper proposed an ultra-lightweight 30-m Earth embedding from 2000 to 2024 for
global land monitoring. Multi-sensor observations from the Landsat series (5, 7, 8, and 9), MODIS
Terra, and various land cover products were utilized as input data. ESDNet was designed for
embedding generation. Experimental results show the performance of the proposed embedding
and ESDNet. Overall,this topic is interesting and the presentation could be further improved.

Response: We sincerely thank the reviewer for the careful summary of the manuscript and
for confirming that the topic is of interest. We are also grateful for the comprehensive list of
suggestions on the methodological description, the figure and equation captions, and the
experimental discussion. We have addressed each of the ten points individually below, and
the revisions have substantially improved the clarity, reproducibility, and analytical depth of
the manuscript.

2.1 What are differences between the proposed Earth embedding and Alpha Earth embedding?

Response: We thank the reviewer for this important question. The two products share the goal of
compressing multi-sensor Earth observation into a globally consistent latent space, but they differ
along several orthogonal design axes that lead to complementary, rather than competing, use cases.
(1) Sensor composition and historical depth. AlphaEarth Foundations assimilates a broad
multi-modal corpus that includes Sentinel-2 and Landsat-8/9 optical imagery, Sentinel-1 and
ALOS PALSAR-2 radar, GEDI LiDAR, ERA5-Land climate reanalysis, GRACE gravity fields,
GLO-30 elevation, and geotagged Wikipedia text, with annual embeddings released for the 2017
to 2024 period (Brown et al., 2025). ESD is, by design, a narrower but temporally deeper product.
It is built exclusively on Landsat-5/7/8/9 and MODIS Terra surface reflectance time series, and it
spans the full 2000 to 2024 window. Therefore, ESD enables longitudinal analyses across the
25-year record, including the pre-2017 era of Landsat-5 and Landsat-7, that lie outside the
temporal coverage of AlphaEarth. (2) Intra-annual temporal granularity. The released
AlphaEarth product distributes one 64-dimensional embedding per pixel for each year,
summarizing the annual signal into a single vector. ESD instead preserves twelve latent steps per
year with shape [12, H, W], explicitly representing intra-annual phenology and seasonal hydrology.
This makes ESD better suited to phenology-driven downstream applications such as crop type
discrimination, surface-water seasonality, and the timing of fire or flood disturbances, for which
an annual composite would average out the signal of interest. (3) Latent-space construction and
storage format. The two products adopt fundamentally different bottleneck designs. AlphaEarth
maps each pixel to the mean direction of a von Mises-Fisher distribution on the 63-sphere S⁶³, and
the embeddings are regularized with a batch-uniformity objective that promotes a uniform
distribution of the embeddings on this hypersphere (Brown et al., 2025). The released product is
then quantized to 8 bits per channel for distribution. ESD instead uses the Finite Scalar
Quantization (FSQ) approach of Mentzer et al. (2023), which projects each latent dimension onto
a small fixed set of scalars. The two schemes are therefore not directly comparable, but they
reflect a deliberate difference in priorities. AlphaEarth optimizes for a smooth, continuous
embedding field suitable for similarity search and sparse-label transfer, whereas ESD optimizes
for a discrete, hardware-efficient representation that compresses one year of the global 30-m land
surface to approximately 2.4 TB. (4) Spatial resolution. AlphaEarth is delivered at 10 m, whereas
ESD is at 30 m. We acknowledge this resolution gap as a current limitation in Section 5.4 and



outline a path toward a 10-m extension via Sentinel-2 integration. (5) Training objective.
AlphaEarth is trained primarily with self-supervised objectives that include multi-source
reconstruction, teacher-student consistency, batch uniformity, and a CLIP-style alignment with
geotagged text, on a large and mostly unlabeled corpus (Brown et al., 2025). ESD is instead
trained with a hybrid objective combining reconstruction with auxiliary supervision from global
land-cover and water products. This explicit semantic supervision biases the latent space toward
separability for the target thematic classes and is consistent with the higher downstream
classification accuracy reported in Section 4.3, at the cost of slightly larger reconstruction error
than a purely self-supervised configuration (Section 5.2, Table 10). In summary, ESD and
AlphaEarth occupy distinct points on the joint Pareto front of spatial resolution, temporal depth,
and temporal granularity. AlphaEarth is a higher-spatial-resolution, multi-modal, annual product
over the recent 8-year window, whereas ESD is a longer-record, intra-annual-resolved optical
product at moderate spatial resolution.

2.2 For Fig. 2, please provide a detailed caption to help readers better follow.

Response:We thank the reviewer for this suggestion. The original caption was indeed too brief to
allow readers to follow the figure independently of the main text. We have rewritten the caption so
that each of the three panels of Figure 2 is introduced separately and its visual elements are
explained without requiring the reader to consult Section 3.2. The revised caption now reads as
follows.

Revision in manuscript (Figure 2 caption ): “Figure 2: Detailed network architecture and
computational workflow of ESDNet. (a) Overall workflow. For each pixel (x,y) in an SDC30
tile, the annual input feature sequence is passed to the Encoder, which compresses the signal into
M=12 monthly tokens. These tokens are discretized by the Finite Scalar Quantization (FSQ)
module, which maps the encoder output onto a fixed scalar lattice within a bounded latent space.
The quantized monthly tokens are then routed to two branches. The first branch is the Decoder,
which reconstructs the input temporal sequence and preserves the spectral-temporal information
required for reconstructive fidelity. The second branch consists of the MLP task heads, which
generate supervised predictions aligned with the auxiliary thematic products used in training. (b)
Encoder architecture. The Encoder begins with N1 strided Conv1D layers that progressively
shorten the temporal dimension and enlarge the effective temporal receptive field, followed by N2

residual Conv1D layers for deeper feature extraction, and a final pointwise projection that maps
the hidden representation into the latent embedding space before quantization. (c) Decoder
architecture. The Decoder mirrors the Encoder by first expanding the latent representation
through residual Conv1D layers and then progressively restoring the original temporal length
through transposed Conv1D upsampling layers. Tensor shapes are annotated at each stage as [T,
C], where T denotes temporal length and C denotes channel width. Here, T0 denotes the annual
input sequence length, M=12 denotes the monthly tokens at the bottleneck, and C0 , C1 , and C2

denote the channel widths at the input, intermediate convolutional, and residual stages,
respectively.”

2.3 For ESDNet, how to avoid the high-frequency noise during multimodal feature fusion?



Response: We thank the reviewer for raising this important point. High-frequency noise is not
handled by a single explicit denoising module, but is suppressed jointly by the upstream data
harmonization and by the architecture of ESDNet itself. We have clarified this mechanism in the
revised manuscript. First, the dominant sources of high-frequency artifacts are reduced before the
data enter ESDNet. The SDC30 production pipeline harmonizes Landsat and MODIS observations
through radiometric normalization, temporal gap filling, and cloud- and shadow-affected
observation reconstruction. As a result, a substantial fraction of sensor-dependent noise and
short-lived contamination is removed at the data-cube level rather than being passed directly into
the embedding network. Second, within ESDNet, the front-end strided Conv1D layers act on the
annual input sequence by progressively shortening the temporal dimension and enlarging the
effective temporal receptive field. This means that the downstream latent representation is formed
from temporally aggregated patterns rather than from isolated short-term fluctuations. In practice,
this design reduces the influence of day-to-day observation noise and encourages the network to
focus on the more persistent spectral-temporal structure of vegetation phenology, surface-water
seasonality, and land-surface change. Third, the Finite Scalar Quantization (FSQ) bottleneck
further stabilizes the latent space. Because each latent dimension is discretized onto a fixed scalar
lattice, small perturbations that do not exceed the quantization interval are absorbed during
rounding and therefore do not propagate to the decoder or the supervised branches. This makes the
bottleneck naturally resistant to weak high-frequency fluctuations and is one of the main reasons
why the reconstructed outputs are visually smoother and more temporally coherent than the raw
input sequence. Finally, the auxiliary supervision also plays a regularizing role. By jointly
constraining the latent space with thematic targets, the model is encouraged to retain temporally
persistent land-surface structure rather than overfitting to transient local noise.

Revision in manuscript (Section 3.2): “The ESDNet architecture is engineered to transform
time-series spatiotemporal reflectance data into discrete, information-dense embeddings.
High-frequency noise is mitigated jointly by the upstream SDC30 harmonization process and by
the architecture of ESDNet itself. Before entering the network, Landsat and MODIS observations
are harmonized through radiometric normalization, temporal gap filling, and cloud/shadow
reconstruction, which reduce short-lived contamination and sensor-dependent artifacts. Within
ESDNet, the strided Conv1D layers aggregate information over longer temporal windows, and the
FSQ bottleneck further suppresses weak perturbations by discretizing each latent dimension onto
a fixed scalar lattice.”

2.4 Network details should be provided for reproductivity, such as the number of encoder-decoder
layers and kernel size.

Response: We thank the reviewer for this helpful suggestion. We agree that the original
manuscript did not provide sufficient architectural detail for independent reimplementation. In the
revised manuscript, Section 3.2 has been expanded and a new Table 2 has been added to
summarize the released ESDNet configuration, including the input and output dimensionalities,
the number of downsampling stages and residual blocks, the kernel sizes and strides of the
encoder-decoder layers, the temporal compression factor, the embedding dimensionality, and the
number of tokens produced per pixel-year.



In brief, the released ESDNet uses three strided Conv1D layers in the Encoder to reduce the
temporal dimension, followed by a stack of 10 residual blocks and a pointwise projection into a
6-dimensional latent space. The FSQ bottleneck produces 12 monthly tokens per pixel-year. The
Decoder mirrors this structure with residual blocks followed by three transposed Conv1D layers
that restore the temporal dimension and reconstruct the six surface-reflectance bands. These
details are now explicitly summarized in Table 2 for reproducibility.

Revised Table 2. Architectural hyperparameters of the released ESDNet configuration.

Hyperparameter Value

Input feature dimensionality 13

Reconstruction target dimensionality 6

Hidden channel width � 32

Residual block hidden width 256

Number of stride-2 sampling stages �1 3

Number of residual blocks �2 10

Temporal compression factor 8

Embedding dimensionality � 6

Tokens per pixel-year � 12

Revision in manuscript (Section 3.2): We added a short architectural description of the released
ESDNet configuration to Section 3.2 and introduced a new Table 2 that explicitly lists the
corresponding hyperparameters, including the encoder-decoder depth, kernel sizes, strides,
temporal compression factor, embedding dimensionality, and number of output tokens.

“The released ESDNet configuration uses three strided Conv1D layers in the Encoder to
progressively reduce the temporal dimension, followed by a stack of 10 residual blocks and a
pointwise projection into a 6-dimensional latent space. The FSQ bottleneck produces 12 monthly
tokens per pixel-year. The Decoder mirrors this structure with residual blocks followed by three
transposed Conv1D layers that restore the temporal dimension and reconstruct the six
surface-reflectance bands. The main architectural hyperparameters of the released configuration
are summarized in Table 2. Specifically, for the released compression factor of 8, the Encoder
applies three Conv1D layers with kernel size 4, stride 2, and padding 1, followed by a Conv1D
layer with kernel size 3 and stride 1 before the residual stack. Each residual block contains a
Conv1D layer with kernel size 3 and a pointwise Conv1D layer with kernel size 1. The Decoder
mirrors this design, beginning with a Conv1D layer with kernel size 3 and stride 1 and then using
three transposed Conv1D layers with kernel size 4, stride 2, and padding 1 to restore the temporal
dimension.”

2.5 For Section 3.3, details are missing for total loss functon. How to choose the reasonable
weight parameters for weighted loss? Are there experiments to show the result of different



weights?

Response: We thank the reviewer for this important comment. We have revised Section 3.3 to
make the total loss formulation clearer and to explain the rationale for the weighting parameters.
In the manuscript, Eq. (1) presents the objective in compact form as the weighted sum of
reconstruction and auxiliary supervision terms. For the released ESD configuration, the
corresponding weights are fixed at α = 1.0 and β = γ = 0.1. The rationale is that reconstruction is
the dominant objective of the released data product, while the auxiliary supervision provides a
weaker constraint to encourage thematic organization of the latent space.

To address the reviewer’s question more directly, we also performed a lightweight sensitivity
analysis of the loss weights. Without altering the compact notation of Eq. (1), we fixed α = 1.0 and
jointly varied the auxiliary supervision strength, reported as β = γ∈ {0, 0.03, 0.1, 0.3} (Table R1).
This experiment was conducted on a fixed, globally distributed stratified subset, using seven
EqualEarth 4W sample blocks over 2020–2022 for training and the FROMGLC_train sample set
over 2020–2022 for evaluation, rather than by rerunning the full global production workflow.

The results show a consistent reconstruction–semantics trade-off. When β = γ = 0, reconstruction
performance is best (Recon. MAE = 0.0161, CC = 0.9908), but thematic performance is weak
(ESA WorldCover OA = 0.206, GLAD-CE F1 = 0.220, GLAD-SW F1 = 0.522). As the auxiliary
weight increases, thematic performance improves, but reconstruction fidelity declines. At β = γ =
0.30, semantic performance is strongest (ESA WorldCover OA = 0.683, GLAD-CE F1 = 0.696),
but reconstruction degrades noticeably (Recon. MAE = 0.0383, CC = 0.9529). The released
setting β = γ = 0.10 provides a more balanced compromise, maintaining strong reconstruction
(Recon. MAE = 0.0284, CC = 0.9761) while substantially improving thematic organization (ESA
WorldCover OA = 0.671, GLAD-CE F1 = 0.432, GLAD-SW F1 = 0.953). We therefore consider α
= 1.0 and β = γ = 0.1 to be a reasonable and reproducible setting for the released ESD product.

Revised paragraph (Section 3.3, after Eq. (1)): “For the released configuration, α was fixed
at 1.0 and β = γ were jointly set to 0.1 as an empirically balanced weighting, so that
reconstruction remained the dominant objective while the auxiliary supervision provided a weaker
constraint to improve thematic separability.”

2.6 Please double check all the Eqs and figures to make sure that each term is explained clearly.

Response: We thank the reviewer for this suggestion. We have systematically re-checked every
equation and figure in the manuscript, including the symbol definitions, the consistency between
the equations and the corresponding figure annotations, and the captions. In particular, the
definitions of �� in Eq. (3) and �� in Eq. (4) of Section 3.3, which were previously omitted,
have now been added immediately under each equation, and all other symbols have been
confirmed to be defined at their first appearance.

Revised paragraph (Section 3.3):

Eq. (3): “where �� represents the ground-truth label, ŷ� is the predicted probability for class �,
�� denotes the number of classes in supervisory task �, and �� is a task-specific weight.”

Eq. (4): “where � and �� are the target and predicted biophysical indices, respectively, and ��

is a per-variable weight.”



2.7 “(b) Supervised Regression Loss” should be “(c) Supervised Regression Loss”.

Response: We sincerely thank the reviewer for catching this typographical error. The subsection
has been re-labeled “(c) Supervised Regression Loss” in Section 3.3.

2.8 How to jointly optimize three loss functions? The detailed training strategy could be provided.

Response: We thank the reviewer for this helpful suggestion. We agree that the original
manuscript did not describe the optimization strategy with sufficient clarity. In the revised
manuscript, we now state explicitly that the three loss terms in Eq. (1) are optimized jointly
through their weighted sum in a single end-to-end training process, rather than by staged or
alternating training. At each training step, the input mini-batch is forwarded through the Encoder
and the FSQ bottleneck to produce the quantized latent representation. The Decoder computes the
reconstruction term, while the parallel supervised branches compute the auxiliary supervision
terms. These components are combined into a single scalar objective according to Eq. (1), and a
single backward pass updates all trainable parameters simultaneously. Gradients through the FSQ
quantization step are handled using the straight-through estimator of Mentzer et al. (2023).

Revision in manuscript (Section 3.3, after Eq. (1)):

We added a short paragraph clarifying that the three loss terms in Eq. (1) are optimized jointly as a
weighted sum in a single end-to-end training process, with one backward pass per mini-batch and
straight-through gradient propagation through the FSQ bottleneck.

Added paragraph (Section 3.3): “The three loss terms in Eq. (1) are optimized jointly rather
than in separate stages. At each training step, the input mini-batch is forwarded through the
Encoder and the FSQ bottleneck to produce the quantized latent representation. The Decoder
computes the reconstruction term, while the parallel supervised branches compute the auxiliary
supervision terms. These components are combined into a single scalar objective according to Eq.
(1), and a single backward pass updates all trainable parameters simultaneously.”

2.9 For Table 4, a discussion for the performance with different band is encouraged to be added.

Response: We thank the reviewer for this suggestion. The original manuscript noted the SWIR2
minimum and the NIR maximum in Section 4.2 but did not explain the systematic differences
across the six bands. We have now added a follow-up paragraph immediately after the existing
Table 5 discussion in Section 4.2, focusing on how the physical and statistical properties of each
spectral region shape the observed MAE and CC values, including the apparent paradoxes of NIR
(high MAE with high CC) and SWIR2 (low MAE with relatively low CC).

Added paragraph (Section 4.2): “A closer inspection of Table 5 reveals systematic differences
in reconstructive performance across the six spectral bands that reflect their underlying physical
and statistical properties. The visible bands (Blue, Green, and Red) show consistently low MAE
values and moderate-to-high CC values, which is consistent with their relatively narrow dynamic
range over typical land surfaces. The NIR band exhibits the largest MAE but also the highest CC,
indicating that although the absolute reconstruction error increases with its much larger



reflectance range, the seasonal trajectory is still reproduced faithfully. SWIR1 shows intermediate
behavior, while SWIR2 combines the lowest MAE with a comparatively lower CC, which we
attribute to its generally low and spatially stable reflectance levels: these reduce absolute error
but also provide less variance for the embedding to match.”

2.10 What is the potential for this embedding to be deployed in the foundation model?

Response:We thank the reviewer for this forward-looking suggestion. We agree that the potential
relationship between ESD and geospatial foundation models should be stated more explicitly. In
the revised manuscript, we added a short outlook paragraph in Section 5.4 to clarify that ESD may
serve as a compact temporal token representation for sequence-based models, as a candidate target
in distillation settings, and as a frozen feature space for sparse-label transfer over long historical
periods. We also emphasize that these applications remain prospective and are outside the scope of
the present data paper.

Revision in manuscript (Section 5.4):

We added a short outlook paragraph at the end of Section 5.4 discussing the potential of ESD as a
compact temporal token representation, a candidate target for distillation, and a frozen feature
space for future geospatial foundation-model studies.

Added paragraph (Section 5.4): “Outlook on Integration with Geospatial Foundation Models:
Beyond its standalone use, ESD may also be useful within the emerging geospatial
foundation-model ecosystem. Because each pixel-year is represented by 12 quantized temporal
tokens stored in uint16 format, ESD provides a compact and temporally structured representation
that is substantially lighter than the original reflectance time series while still preserving seasonal
information. This makes it a natural candidate for use as a compact temporal input to
sequence-based or token-based models, as a target representation in distillation settings, or as a
frozen feature space for sparse-label transfer and few-shot downstream applications over long
historical periods. The discrete token structure induced by the FSQ bottleneck may also be
compatible with masked-token pretraining objectives.”



RC3: This manuscript proposes a lightweight Embedded Seamless Database (ESD) based on
global Earth observation images, which features high compression and high reconstructive fidelity.
The research in this dataset is of great significance, as it provides a different solution from AEFs
for global-scale Earth analysis. Judging from the download volume on the data portal
(https://data-starcloud.pcl.ac.cn/iearthdata), the dataset appears to be very popular. Overall, it is a
interesting dataset and a well-written manuscript. I would like to offer the following comments for
reference.

Response: We sincerely thank the reviewer for the positive assessment of the dataset and the
manuscript, and for noting the uptake of the product on the data portal. The comments
below have helped us substantially improve the clarity of the core figures and the
completeness of the reproducibility information.

3.1 Figures 1 and 2 are the core illustrations that convey the essential methodological logic of the
paper, directly shaping readers’ understanding of the ESD pipeline and the ESDNet architecture.
However, the current version suffers from serious ambiguity and insufficient information delivery.
In particular, subfigures (b) and (c) in Figure 2 give the impression of being redundant and lacking
substantive meaning due to design deficiencies. In addition, there is some logical overlap between
Figures 1 and 2, and the authors may consider improving the way the relationship between these
two figures is presented. The relationships among the three subfigures (a), (b), and (c) in Figure 2
also require more detailed explanation and clearer correspondence. Overall, as these are central
components of the paper, it would be helpful to include more key information and technical
background regarding ESDNet and the FSQ module.

Response: We thank the reviewer for this important observation. We agree that Figures 1 and 2
are central to readers’ understanding of both the ESD production pipeline and the ESDNet
architecture, and that the original presentation did not explain their relationship clearly enough. In
the revised manuscript, we have retained the three subpanels of Figure 2, but substantially
improved the caption and the corresponding methodological description in Section 3.2 so that the
roles of Figures 1 and 2, as well as the correspondence among panels (a), (b), and (c), are stated
explicitly. First, we now clarify the division of labor between the two figures. Figure 1 is used to
describe the dataset-level production pipeline from multi-sensor observations to the released ESD
product, whereas Figure 2 is used to explain the internal computational workflow of ESDNet. This
clarification reduces the previous ambiguity in how the two figures should be interpreted together.
Second, we have retained panels (b) and (c) of Figure 2 because they serve as schematic
expansions of the Encoder and Decoder blocks shown in panel (a). In the revised caption, panel (a)
is explicitly described as the overall workflow, while panels (b) and (c) are described as the
internal compositions of the Encoder and Decoder, respectively. This makes the correspondence
among the three panels much clearer and avoids the impression that panels (b) and (c) are visually
redundant. Third, to address the reviewer’s concern about missing technical information, we have
expanded the description of ESDNet and the FSQ bottleneck in Section 3.2 and added Table 2 to
summarize the released architectural hyperparameters. Together, the revised caption, the expanded
methodological text, and Table 2 provide the additional technical background needed to interpret
Figure 2 more independently and reproducibly.



Revision in manuscript:

We rewrote the caption of Figure 2 to explain more explicitly the roles of panels (a), (b), and
(c), and we added a clarifying sentence in Section 3.2 stating that Figure 1 summarizes the
dataset-level production pipeline whereas Figure 2 details the internal computational
workflow of ESDNet. We also expanded Section 3.2 and added Table 2 to provide the
associated architectural and FSQ details.

3.2 The three core dimensional symbols in Figure 1, 365, H, W, C1; 12, H, W, C2; and 12, H, W
are not explained anywhere in the manuscript. Their physical meanings should be clearly clarified
either within the figure itself or in the figure caption, so that the figure can be understood
independently of the main text.

Response: We thank the reviewer for catching this omission. We agree that the dimensional
symbols in Figure 1 should be understandable without requiring the reader to infer their meaning
from the main text. We have therefore expanded the caption of Figure 1 to define each symbol
explicitly. In the revised caption, 365 denotes the annual daily axis of the SDC30 cube, H and W
denote the height and width of a processing tile, C1 denotes the per-time-step input feature
dimensionality after preprocessing, 12 denotes the number of monthly latent steps produced at the
bottleneck, and C2 denotes the latent dimensionality at each step. We also verified that these
definitions are now consistent with Figure 2 and Table 2.

Revision in manuscript (Figure 1 caption ): “Figure 1: Schematic of the integrated ESD
production pipeline. (a) Heterogeneous Landsat and MODIS time-series observations are
harmonized and fused into the unified Global 30-m Seamless Data Cube (SDC30). (b) For each
processing tile, the annual SDC30 feature cube of shape [365, �, �, �1] is preprocessed and then
transformed by the Encoder into a compact latent representation, which is then discretized by the
Finite Scalar Quantization (FSQ) module into 12 monthly latent steps of shape [12, H, W, C2]. (c)
The quantized embeddings are used by the Decoder to reconstruct the original surface-reflectance
time series and by the MLP task heads to impose auxiliary thematic supervision during training,
yielding the released ESD product. Here, 365 denotes the annual daily axis of the SDC30 cube. H
and W denote the height and width of a processing tile. �1 denotes the per-time-step input feature
dimensionality after preprocessing. The internal latent representation contains 12 monthly steps,
and �2 denotes the latent dimensionality at each step. The distributed annual ESD product
retains the 12-step temporal axis and stores one quantized token index per step, yielding a tensor
of shape [12,�,�]. In the released configuration, �2 = 6.”

3.3 In Table 3, the global annual SDC30 dataset is reported as 0.8 PB, while ESD is reported as
2.4 TB. This implies a theoretical compression ratio of approximately 333, which is somewhat
inconsistent with the ~340 description used in the abstract and the main text.

Response:We thank the reviewer for pointing out this ambiguity. The apparent discrepancy arises
from the storage-unit convention used in the manuscript. In our calculation, the reported annual
SDC30 volume of 0.8 PB is interpreted using the binary convention for data storage, i.e., 1 PB =
1024 TB. Under this convention, the compression ratio is 1024/2.4≈341, which is consistent with



the approximately ~340 reduction reported in the abstract and main text. We have revised the
manuscript to clarify the unit convention explicitly in the data-volume comparison table and
related text, so that the basis of the reported compression ratio is unambiguous.

3.4 Figure 3 appears very similar to the ESA global classification product, making it difficult to
identify its relationship to the samples or training dataset used in this study.

Response:We thank the reviewer for this important observation. We confirm that Figure 3 is not a
wall-to-wall ESA WorldCover map, but a visualization of the stratified random sampling sites
used to construct the ESDNet training dataset. In the original figure, each sample location was
colored according to its dominant ESA WorldCover 2021 class, which made the figure visually
similar to the reference product and may therefore have obscured its connection to the actual
training samples. This effect is further strengthened by the fact that the training sites were
generated using a spatially uniform global sampling design, so the high density of colored points
can visually resemble a continuous land-cover map in some regions. To remove this ambiguity, we
have revised the figure caption to state more explicitly that the map shows the sampled training
locations and that the displayed colors are derived from the dominant ESAWorldCover 2021 class
at each site.

Revision in manuscript (Figure 3 caption ): “Figure 3. Geographic distribution and thematic
composition of the global training dataset. The map displays the locations of the 223,622
stratified random sampling sites used to train the ESDNet. These sites were generated using a
spatially uniform global sampling design, so their high density may visually resemble a
wall-to-wall land-cover product in some regions. Each site is colored according to its dominant
land-cover class as derived from the ESA WorldCover 2021 product.”

3.5 The paper only briefly mentions three key hyperparameters in the ablation experiments, such
as 12 temporal steps, 10 residual blocks, and a 65,536-dimensional embedding space. However,
the manuscript does not provide a complete set of training and inference hyperparameters for
ESDNet, making it difficult for third-party researchers to fully reproduce the reported results.

Response: We thank the reviewer for this important suggestion. We agree that the original
manuscript did not provide a sufficiently complete description of the settings needed for
independent reproduction. In the revised manuscript, we therefore supplemented the
reproducibility information at two levels. First, a new Table 2 in Section 3.2 summarizes the
released architectural hyperparameters of ESDNet. Second, a short paragraph in Section 3.4
summarizes the optimization and deployment settings of the released configuration.

Revised paragraph (Section 3.4): “For reproducibility, the optimization and deployment
settings of the released configuration are summarized as follows. Training used the Adam
optimizer with a learning rate of 5×10−4 , without warmup or learning-rate decay. The public
training script defaults to a batch size of 1024, uses 8 data-loading workers, evaluates every 2000
steps, saves checkpoints every 10000 steps, and trains for up to 1000 epochs with early stopping
after 10 evaluation intervals without improvement. No custom weight-initialization scheme was
applied beyond the default PyTorch initialization. For the released loss configuration, α =1.0 and



β = γ =0.1. For inference, annual production tiles are generated tile-wise at 3600×3600 pixels
and partitioned into non-overlapping 600 × 600 subwindows for memory-efficient processing.
Each annual sequence is converted into 13 input features and temporally interpolated to length 96
before encoding. No overlap blending is used during tile generation.”

We once again thank the Editor and the reviewers for their careful and constructive comments.
We believe that the revisions have improved the clarity, accuracy, and reproducibility of the
manuscript, and we hope that the revised version is now suitable for publication in ESSD.


