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ABSTRACT

We present VibrantSR, a generative super-resolution framework that estimates
0.5 m canopy height models (CHMs) from 10 m Sentinel-2 imagery using latent-
space flow matching. Evaluated across 22 EPA Level 3 eco-regions in the western
United States, VibrantSR achieves a Mean Absolute Error of 4.39 m for canopy
heights >2 m, outperforming satellite-based benchmarks Meta (4.83 m), LAND-
FIRE (5.96 m), and ETH (7.05 m) with lower edge error. An aerial-imagery baseline
(2.71 m MAE) retains an accuracy advantage, reflecting the fundamental resolution
gap between 10 m and 0.5 m inputs. VibrantSR offers a scalable alternative for re-
gional forest monitoring that improves on existing satellite-derived CHM products
while avoiding reliance on costly aerial acquisitions.

1 INTRODUCTION

High-resolution canopy height models (CHMs) support wildfire planning, carbon accounting, and
habitat assessment (North et al., 2021; Cruz et al., 2005; Coops et al., 2021). Airborne lidar provides
accurate CHMs but is costly and temporally sparse (Bolton et al., 2020). Aerial imagery-based
approaches such as those using NAIP can achieve sub-meter accuracy, but are constrained by irregular
acquisition schedules, infrequent revisit cadence (typically 2-3 years), and radiometric inconsistencies
across flight paths—Iimiting suitability for operational monitoring at continental scales. Sentinel-2
offers global, repeatable observations at seasonal cadence but at 10—60 m resolution, insufficient to
resolve sub-meter canopy structure (Drusch et al., 2012).

We introduce VibrantSR, a generative framework that produces 0.5 m CHMs from 10 m Sentinel-2
imagery using flow matching in a compressed latent space. Unlike regression-based methods that
smooth predictions toward the mean, our generative formulation preserves realistic canopy variability
critical for applications such as crown delineation and gap mapping. We evaluate on the western US
across 22 EPA Level 3 eco-regions (U.S. Environmental Protection Agency, 2013), benchmarking
against satellite-derived CHM products (Tolan et al., 2024; LANDFIRE, 2022; Lang et al., 2023)
and an aerial-imagery baseline (a vision transformer trained on 0.5 m NAIP imagery with lidar
supervision; Chang et al. 2025).

2 RELATED WORK

Deep learning CHM estimation has evolved from CNNs to vision transformers (Tolan et al., 2024;
Lang et al., 2023; Wagner et al., 2024). Our method builds on flow matching generative models
(Lipman et al., 2023; Liu et al., 2023; Esser et al., 2024) and remote sensing super-resolution (Sirko
et al., 2023; Aybar et al., 2024; Lanaras et al., 2018). Generative downscaling of geophysical fields
has been explored in climate applications (Harris et al., 2022; Price & Rasp, 2022). We are, to our
knowledge, the first to apply latent flow matching to super-resolve fine-scale canopy structure from
multispectral satellite imagery.
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Table 1: Baseline input data and output resolution.

Model Resolution  Input Data Coverage
Aerial baseline  0.5m NAIP aerial Western US
Meta I m Maxar Vivid2  Global
LANDFIRE 30m Landsat United States
ETH 10m Sentinel-2 Global
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Figure 1: VibrantSR architecture: frozen autoencoders compress Sentinel-2 inputs and decode CHM
outputs; a trainable U-ViT flow matching network, conditioned on self-supervised ViT-L features via
cross-attention, maps between latent spaces.

3 DATA

We use 12-band Sentinel-2 Level-2A surface reflectance (Drusch et al., 2012; Element 84, 2023),
aggregated via temporal median over summer months (June—August 2024) after cloud masking.
Each sample pairs a 48 x48 Sentinel-2 tile (480 mx480m at 10 m) with a corresponding 960 x 960
CHM tile at 0.5 m derived from USGS 3DEP airborne lidar (U.S. Geological Survey, 2024). Metrics
are reported for canopy heights >2 m (Van Leeuwen & Nieuwenhuis, 2010). The dataset contains
168,834 training and 66,154 validation tiles over 4,135 km? spanning 22 EPA Level 3 ecoregions in
the western US (U.S. Environmental Protection Agency, 2013), using spatially disjoint checkerboard
splits following Chang et al. (2025).

4 METHODS

VibrantSR (Fig. 1) operates in compressed latent space with three components: (1) a frozen Sentinel-2
autoencoder; (2) a trainable U-ViT flow matching network (16 transformer layers, 16 attention heads,
32x 32 latent grids), conditioned via cross-attention on a frozen self-supervised ViT-L encoder; and
(3) a frozen CHM decoder. At inference, %:’U{; (z,1) is integrated from ¢t=0 to t=1 using dopri5
with 100 steps (Lipman et al., 2024; Chen et al., 2018). The network was trained for 128 epochs
using AdamW (Ir = 10~*, cosine decay, weight decay = 0.03, batch size 12) on 8 x A100 GPUs.

We compare against four baselines and report Mean Absolute Error (MAE), Mean Error (ME,
systematic bias), and Edge Error (EE). EE measures structural fidelity as the mean absolute difference
between Sobel-filtered predictions and references: EE = 1 3~ |S(9;) — S(y;)|, where S(-) is the
Sobel edge operator. Lower EE indicates sharper, better-localized canopy boundaries—critical for
downstream tasks like crown delineation and gap mapping (Wagner et al., 2024). Baseline models
span different input modalities and resolutions (Table 1).

5 RESULTS

5.1 QUANTITATIVE COMPARISON

VibrantSR achieves MAE of 4.39 m, outperforming all satellite-based models: 9% lower than Meta
(4.83 m), 26% lower than LANDFIRE (5.96 m), and 38% lower than ETH (7.05 m; Table 2). Edge
error is also substantially lower, indicating superior structural fidelity. Qualitative comparisons
(Fig. 2) show VibrantSR recovers fine-scale canopy structure from coarse Sentinel-2 inputs that is
typically smoothed by regression-based approaches.
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Figure 2: Qualitative comparison across multiple regions (one per row). VibrantSR generates
plausible sub-meter canopy structure from 10 m Sentinel-2 inputs, more closely matching lidar
reference than satellite-based competitors.

Table 2: Performance at 0.5 m for heights >2 m. Bold = best satellite-only model; the aerial baseline
uses 0.5 m NAIP inputs.

Model MAE ME EE
VibrantSR 439 -2.35 0.16
Aerial baseline 271 -1.11 0.08
Meta 483 -4.03 0.30
LANDFIRE 596 092 0.63
ETH 7.05 565 0.64

5.2 ABLATION: FLOW MATCHING VS. REGRESSION

Due to compute constraints, we ran ablations on a smaller subset: both variants were trained on the
same 10k tiles and evaluated on the same held-out 2k tiles. Table 3 compares flow matching against
MSE regression with identical architecture. The flow model achieves lower edge error (0.29 vs.
0.37) but higher MAE (4.47 vs. 2.40 m)—a characteristic tradeoff where MSE regression produces
blurry outputs that smear canopy boundaries (Wang et al., 2020), while flow matching preserves
structural detail at the cost of pixel accuracy. For crown delineation and gap detection, accurate edge
localization is essential (Wagner et al., 2024).

Table 3: Ablation: flow matching vs. MSE regression on a held-out test set (n=2,000 tiles, non-

overlapping with the 10k training set). MAE measures mean absolute error in meters (lower is better);

EE measures edge error (lower is better). Regression achieves lower MAE but worse edge fidelity.
Variant MAE| EE|]

VibrantSR (flow matching) 447  0.29
VibrantSR (MSE regression) 240 0.37
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Figure 3: Top: kernel density estimates of canopy height distributions. VibrantSR (blue) matches
the lidar-derived reference distribution more closely than satellite baselines. Bottom: qualitative
comparison of flow matching vs. MSE regression. Left: Sentinel-2 RGB. Center: regression produces
L2 blur. Right: flow matching recovers sharp canopy boundaries.

6 DISCUSSION AND CONCLUSION

VibrantSR produces 0.5 m CHMs from 10 m Sentinel-2 using latent-space flow matching, reducing
MAE by 9-38% relative to satellite-derived baselines with lower edge error. The generative formula-
tion preserves canopy-height distributions that regression-based methods tend to smooth (Fig. 3, top),
a property critical for downstream applications requiring realistic structural variability.

The aerial baseline outperforms VibrantSR (2.71 vs. 4.39 m MAE), reflecting the fundamental
information gap between 10 m and 0.5 m inputs. VibrantSR occupies a distinct niche: for project-
level planning requiring highest accuracy, aerial-based methods or direct lidar remain preferable.
However, for regional screening and prioritization where broad coverage matters more than sub-meter
precision, VibrantSR offers a practical solution. The 20x upsampling is mediated by the frozen
CHM decoder, so sub-meter detail should be interpreted as plausible structure rather than measured
geometry. Current evaluation is limited to the western US; generalization to other regions and biomes
with different canopy structures remains an important open question. Due to compute constraints, we
report only deterministic outputs; future work will leverage stochastic sampling to generate per-pixel
confidence intervals and explore auxiliary modalities (e.g., SAR).
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