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Abstract: Satellite remote sensing has become a foundational tool for monitoring land cover
change and urban development. However, classification accuracy remains limited in complex urban
environments where vegetation, built infrastructure, and water coexist within small spatial scales.
This study evaluated the accuracy of multiple satellite land cover datasets within a 3 km x 3 km
area of interest in Hato Rey, Puerto Rico, using the National Aeronautics and Space Administration
(NASA) Adopt-a-Pixel participatory remote sensing framework. Ground observations were
collected at 23 sampling locations using the Global Learning and Observations to Benefit the
Environment (GLOBE) Observer application and compared with land cover classifications derived
from European Space Agency (ESA) WorldCover, Dynamic World, ESRI Land Cover, Meta Tree
Canopy, and Landsat imagery. Results showed that several satellite datasets frequently
overgeneralized land cover as entirely urban, failing to detect localized vegetation and water
features observed on the ground. Dynamic World and ESRI Land Cover achieved higher overall
accuracy (91.3%) due to consistent classification of urban areas, while Meta Tree Canopy and ESA
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WorldCover demonstrated improved detection of vegetation in heterogeneous environments,
despite slightly lower overall accuracy (87.0%). Landsat time series analysis revealed mixed
vegetation trends over time, reflecting both urban expansion and persistent vegetation. These
findings demonstrate the importance of integrating participatory ground observations with satellite
data to improve land cover classification accuracy and enhance environmental monitoring in rapidly
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1. Introduction

Remote sensing provides one of the most powerful tools available for understanding Earth’s surface.
Satellites continuously collect data that allow scientists to monitor environmental change across spatial scales
ranging from individual cities to the entire planet. These observations have become essential for studying
urban development, vegetation change, and environmental processes that affect both ecosystems and human
populations (Gorelick et al., 2017). Land cover classification derived from satellite imagery plays a critical
role in this effort. These classifications allow researchers to quantify the extent of built infrastructure,
vegetation, water, and other land cover types. Such information is used to evaluate changes in urban
development and the environmental effect of said developments. However, despite advances in satellite
technology, classification accuracy remains limited, particularly in heterogeneous urban environments where
multiple land cover types exist within small areas (Brown et al., 2022). Satellite classification relies on
spectral reflectance, which measures how surfaces reflect electromagnetic radiation; while this method is
highly effective for identifying large, uniform land cover types such as forests or open water, it becomes less
reliable when applied to mixed landscapes. In urban environments, individual satellite pixels often contain a
combination of buildings, vegetation, and pavement, creating classification uncertainty and can result in
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misrepresentation of actual land cover (Karra et al., 2021). Recent global land cover products such as
European Space Agency (ESA) WorldCover, Dynamic World, and ESRI Land Cover have improved spatial
resolution and classification methods, achieving overall accuracies of approximately 70-85% depending on
land cover type and region (ESA, 2021; Brown et al., 2022). However, classification accuracy remains highly
variable in dense urban environments, where shadows, vegetation canopy, and complex infrastructure
interfere with classification algorithms. Participatory remote sensing offers an effective method for
addressing these limitations. The National Aeronautics and Space Administration (NASA) Adopt-a-Pixel
framework combines satellite observations with ground-based citizen science data to evaluate land cover
classification accuracy (Low et al., 2021). Using the Global Learning and Observations to Benefit the
Environment (GLOBE) Observer mobile application (GLOBE Observer, 2023), participants collect ground
photographs that provide direct evidence of land cover conditions. These observations allow researchers to
compare satellite classification with real-world conditions and identify classification errors. This approach
provides critical validation data that cannot be obtained through satellite observation alone. Ground
observations capture fine-scale land cover variability that is often invisible to satellite sensors. By integrating
satellite and ground data, participatory remote sensing improves classification accuracy and enhances
understanding of land cover patterns. Hato Rey, Puerto Rico, provides an ideal study area for evaluating
satellite classification accuracy. Located in San Juan, Hato Rey is the island’s primary financial district and
has experienced significant urban development. Despite extensive construction, vegetation remains present
throughout the area, creating a heterogeneous land cover environment that challenges satellite classification.
The objective of this study was to evaluate the accuracy of satellite land cover classification in Hato Rey
using participatory remote sensing methods. It was hypothesized that satellite datasets would frequently
overgeneralize land cover classification, particularly by misclassifying heterogeneous urban environments as
entirely built-up.

2. Study Area and Methods

2.1. Study Area

The study area (Figure 1) encompasses the district of Hato Rey within the municipality of San Juan,
Puerto Rico. Hato Rey is located in the north-central portion of the San Juan metropolitan region and serves
as the island’s primary financial and commercial center. Often referred to as the “Wall Street of the Caribbean,”
the district contains a dense concentration of high-rise office buildings, residential complexes, transportation
infrastructure, and commercial areas. In addition to heavily developed urban land, the landscape also includes
smaller parks, roadside vegetation, and water features associated with the Rio Piedras river and engineered
drainage systems. This combination of built infrastructure and fragmented vegetation creates a heterogeneous
land cover environment, making it a suitable location for evaluating the accuracy of satellite-based land cover
classification in a dense urban setting.

Figure 1. (a) Study area as viewed on the Collect Earth Online platform. (b) Location of study area in Puerto
Rico. (c) Location of study area in the United States.
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2.2. Data

The primary data for this study consisted of ground-based observations and satellite-derived land cover
datasets. Ground observations were collected using the GLOBE Observer Land Cover mobile application at
23 accessible points within a 3 km % 3 km Adopt-a-Pixel area of interest containing 37 total sampling
locations arranged in a grid pattern. The remaining sampling points were inaccessible due primarily to their
location within private property, reflecting the highly developed nature of the study area. Observations were
conducted over several weeks, and each accessible sampling location was documented using the standard
GLOBE Observer protocol, which includes photographs taken in six directions: north, south, east, west, up,
and down. These ground observations provided a reference dataset for evaluating satellite land cover
classification accuracy. Figure 2 shows the location of the study area within Puerto Rico and the Adopt-a-
Pixel sampling grid overlay.

Figure 2. Location of the study area in Hato Rey, Puerto Rico, with the Adopt-a-Pixel 3 km x 3 km sampling
grid overlay, Courtesy of ArcGIS.

Ground observations were collected at 23 accessible sampling locations. Satellite datasets provided
spatially continuous land cover information for the study area and included the Meta 1 m Tree Canopy dataset
(Tolan et al., 2023), ESA WorldCover (10 m resolution), Dynamic World (10 m resolution), and ESRI 10 m
Land Cover datasets. These datasets were accessed and analyzed using the EarthMap platform, which allows
visualization and comparison of multiple satellite-derived land cover products. Additional data were obtained
from Landsat satellite imagery (USGS, 2020) spanning from 1984 to 2025 to evaluate long-term vegetation
and land cover trends. Collect Earth Online (Saah et al., 2019) was also used to manually classify land cover
based on high-resolution aerial imagery. All data, including satellite classification, ground observations, and
manual classification results, were exported in CSV and GeoJSON formats to allow integration across
platforms and facilitate comparison between datasets.

2.3. Methods

Land cover classification within the area of interest was evaluated through comparison of satellite-derived
datasets, manual image interpretation, and ground observations. Satellite land cover products, including ESA
WorldCover, Dynamic World, ESRI Land Cover, and Meta Tree Canopy, were examined using the EarthMap
platform. Each dataset was visually analyzed across the area of interest and at individual sampling locations
to identify differences in classification, particularly between built and vegetated land cover. Manual
classification was conducted using Collect Earth Online to provide an additional reference for comparison.
High-resolution imagery was used to visually assess land cover within each primary sample unit, allowing
satellite classifications to be evaluated against observed land cover patterns.
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Ground observations collected through the GLOBE Observer application were used to validate satellite
classification at selected sampling points. Each sampling location was assigned a dominant land cover class
(Urban or Vegetation) based on ground photographs taken in six directions. Satellite-derived classifications
were then compared directly with these ground-based labels to determine agreement.

A confusion matrix was constructed for each dataset to quantify classification performance. Overall
accuracy, producer’s accuracy, and user’s accuracy were calculated following standard remote sensing
accuracy assessment methods. Agreement was defined as a match between the dominant ground-observed
land cover and the satellite classification for the corresponding location. In cases where both built and
vegetated features were present, classification was based on the dominant observed land cover.

Inaccessible sampling points were excluded from quantitative analysis, resulting in a total of 23 evaluated
locations. Differences in spatial resolution between datasets (e.g., | m Meta Tree Canopy vs. 10 m land cover
products) were considered when interpreting classification discrepancies, particularly in areas with
fragmented vegetation.

Landsat imagery was also examined to assess recent land cover stability within the study area. Satellite
images from multiple years were visually compared to identify any major changes in land cover. This
combined qualitative and quantitative approach allowed differences between satellite datasets and actual land
cover conditions to be systematically identified and evaluated.

3. Results

3.1. Comparison Between Dynamic World and ESRI Land Cover

Land cover classification derived from the Dynamic World and ESRI datasets showed strong agreement
at Point 31, where both datasets classified the area as built environment. As shown in Figure 3, both
classification products identified the entire primary sample unit as developed land, with no vegetation
detected. This result is consistent with the highly urbanized nature of Hato Rey, where large areas consist of
buildings, roads, and impervious surfaces.

The agreement between these two independent datasets suggests that both classification methods are
effective at identifying heavily developed urban areas. However, the uniform classification also indicates a
lack of sensitivity to more detailed land cover features such as individual trees or fragmented vegetation,
which may be present but not detected at the spatial resolution of the datasets. Table 1 shows that both datasets
classified all 23 points as Urban, yielding a producer's accuracy of 0% for vegetation. Overall accuracy =
91.3%, inflated by the dominance of urban cover in the study area.

Figure 3. Comparison of Dynamic World (a) and ESRI (b) land cover classification at Point 31. Both datasets
classify the area as built environment, demonstrating agreement in highly urbanized areas.

Table 1. Confusion matrix for Dynamic World and ESRI vs. GLOBE Observer (n = 23).

GLOBE \ Satellite Urban Vegetation Row Total
Urban 21 0 21
Vegetation 2 0 2

Column Total 23 0 23
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3.2. Comparison Between ESA WorldCover and Meta Tree Canopy

Comparison between the ESA WorldCover and Meta Tree Canopy datasets revealed both agreement and
disagreement depending on location. At Point 20, both datasets indicated the presence of vegetation. As
shown in Figure 4, the Meta Tree Canopy dataset detected tree canopy in areas where ESA WorldCover also
identified vegetation. This agreement suggests that both datasets accurately captured vegetation at this
location.

In contrast, disagreement was observed at Point 10. While the Meta Tree Canopy dataset detected tree
canopy, ESA WorldCover classified the same area as built environment. This discrepancy suggests that ESA
WorldCover may underrepresent vegetation in dense urban environments where tree canopy exists alongside
built infrastructure. The higher spatial resolution of the Meta Tree Canopy dataset allows it to detect smaller
vegetation features that may not be captured in lower-resolution land cover products.

(a)

(b)

Figure 4. Comparison between ESA WorldCover (Left) and Meta Tree Canopy datasets (Right). (a)
Agreement at Point 20 shows both datasets detecting vegetation, while (b) disagreement at Point 10
demonstrates ESA WorldCover failing to identify tree canopy detected by the Meta dataset.

Table 2. Confusion matrix for WorldCover and Tree Canopy Meta vs. GLOBE Observer (n = 23). Both
datasets produced identical classification results. Overall accuracy = 87.0%. The 3 Urban points classified as
Vegetation likely reflect sub-pixel green cover present in ground imagery.

GLOBE \ WorldCover Vegetation Row Total

Urban 18 3 21
Vegetation 0 2 2
Column Total 18 5 23

3.3. Comparison Between Satellite Classification and Ground Observations

Comparison between satellite classification and ground observations revealed varying levels of
agreement depending on location. At Point 5, ground photographs showed a fully developed urban roadway
with no visible vegetation, and both ESA WorldCover and ESRI datasets correctly classified the area as built
environment (Figure 5). This result demonstrates that satellite classification can accurately represent land
cover in fully urbanized areas.

At Point 11, partial agreement was observed. Ground photographs showed a developed area with nearby
vegetation, and while both satellite datasets classified the majority of the area as built environment, ESA
WorldCover identified a small portion of vegetation. This suggests that satellite datasets can partially detect
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vegetation in mixed environments but may underestimate its extent.

In contrast, disagreement was observed at the third ground observation point, where ground photographs
showed visible vegetation, but satellite datasets classified the area as entirely built environment. This
misclassification demonstrates a limitation of satellite land cover datasets in detecting small or fragmented
vegetation in dense urban areas. These findings highlight the importance of ground observations in validating
satellite classification accuracy.

Table 3 shows the accuracy by data source. The overall accuracy is misleading here. Dynamic World and
ESRI score higher (91.3%) purely by defaulting every point to Urban. Tree Canopy Meta and WorldCover
score lower (87.0%) but are the only datasets that detected any vegetation at all.

(a) #5

(b) #11

Figure 5. Comparison between ground observations and satellite classification at #5 (a), #11 (b), and #24 (¢)
observation points. Satellite datasets show varying levels of agreement with actual land cover conditions.

Table 3. Comparison of four satellite land cover datasets against GLOBE Observer ground truth (n = 23).
Datasets ranked by ability to detect sub-pixel vegetation in a predominantly urban landscape.

Overall Agreement Urban Vegetation Green

Dataset 5 . Pocket

Accuracy (n=23) Detection Detection e e

i Sensitivity

Tree Canopy Meta 87.0% 20/23 Strong Strong Best 1+
WorldCover (ESA) 87.0% 20/23 Strong Moderate 2" best ond
Dynamic World 91.3% 21/23 Strong None None 3rd
ESRI 91.3% 21/23 Strong None None 3rd

3.4 Landsat Time-Series Comparison

Comparison of Landsat imagery between 2020 and 2025 revealed minimal visible change in land cover
within the study area. As shown in Figure 6, the overall spatial distribution of built infrastructure and
vegetation remained largely consistent between the five years. This stability suggests that the study area has
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already undergone significant urban development and that land cover patterns have remained relatively stable
in recent years. Minor variations in vegetation may be present, but no major changes in land cover were
observed.

4. Discussion

The results show that satellite land cover classification accuracy in Hato Rey varied depending on land
cover type and dataset resolution. Dynamic World and ESRI Land Cover showed strong agreement in fully

(a) 2020

Figure 6. Landsat imagery comparison between 2020 and 2025 showing stable land cover patterns within
the study area.

developed areas, correctly classifying locations dominated by buildings and impervious surfaces. This
indicates that satellite classification performs reliably where land cover is uniform and clearly defined.
However, both ESA WorldCover and Meta Tree Canopy revealed differences in vegetation detection. The
Meta dataset identified tree canopy in locations classified as built environment by WorldCover, indicating
that lower-resolution land cover products may underestimate vegetation in dense urban environments. This
is likely due to mixed pixels, where vegetation and built surfaces occur within the same satellite pixel.
Comparison with ground observations confirmed this limitation. Satellite datasets accurately classified fully
developed areas but failed to detect vegetation at some mixed land cover locations. This demonstrates that
classification accuracy decreases where vegetation is fragmented or located near infrastructure. Landsat
imagery showed minimal recent land cover change, suggesting that classification differences between
datasets were primarily due to methodological differences rather than actual environmental change. Overall,
the Meta Tree Canopy dataset provided the most accurate representation of vegetation, while Dynamic World
and ESRI Land Cover were most consistent in identifying built areas. These results highlight the importance
of combining satellite datasets with ground observations to improve interpretation of urban land cover. In
Table 4, the producer's accuracy of 0% for Vegetation in Dynamic World and ESRI indicates complete failure
to detect green cover despite its presence in ground-level imagery. Tree Canopy Meta and WorldCover both
achieved 100% producer's accuracy for Vegetation, though user's accuracy (40.0%) reflects over-prediction
of vegetated cover at urban-dominated points.

Table 4. Producer's and user's accuracy by class and dataset.

" ] "
Dataset Predicted Producer's User's
TS B B e— ___Accuracy _____Accuracy

Tree Canopy Urban 18 21 18 85.7% 100.0%

Meta Vegetation 2 2 5 100.0% 40.0%

WorldCover Urban 18 21 18 85.7% 100.0%

(ESA) Vegetation 2 2 5 100.0% 40.0%

Dynamic Urban 21 21 23 100.0% 91.3%
World Vegetation 0 2 0 0.0% N/A

ESRI Urbar} 21 21 23 100.0% 91.3%
Vegetation 0 2 0 0.0% N/A
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5. Conclusions

This study evaluated the accuracy of satellite-derived land cover classification within Hato Rey, Puerto
Rico, through comparison of ESA WorldCover, Dynamic World, ESRI Land Cover, and Meta Tree Canopy
datasets with ground observations collected using the GLOBE Observer application. The results showed that
Dynamic World and ESRI Land Cover consistently and accurately classified fully developed urban areas but
were less effective at identifying vegetation in mixed land cover environments. The Meta Tree Canopy dataset
detected vegetation that was not represented in the ESA WorldCover dataset, demonstrating the importance
of higher spatial resolution for identifying tree canopy in dense urban settings.

Comparison with ground observations confirmed that vegetation was present in some locations classified
as built environment by satellite land cover datasets, indicating limitations in the ability of moderate-
resolution classification products to detect fragmented urban vegetation. Analysis of Landsat imagery showed
minimal land cover change in the study area in recent years, suggesting that observed differences between
datasets were primarily the result of classification limitations rather than actual environmental change.

These findings demonstrate that while satellite land cover datasets such as Dynamic World, ESRI Land
Cover, and ESA WorldCover provide reliable identification of large-scale urban development, higher-
resolution datasets such as Meta Tree Canopy and ground-based observations are necessary to accurately
characterize vegetation in complex urban environments. Integrating satellite datasets with participatory
ground observations improves the accuracy and interpretation of urban land cover classification.
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