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Land cover mapping plays a critical role in monitoring land system changes. Despite advancements in 
remote sensing technologies, traditional satellite-based approaches are often constrained by cloud cover, 
coarse temporal resolution, and limitations in capturing fine-scale landscape dynamics, leading to gaps in 
continuous and real-time monitoring. Near-surface cameras offer a solution by providing high-frequency, 
ground-level observations that bridge temporal gaps and enhance spatial detail. Therefore, this study 
makes substantial contributions by pioneering the integration of near-surface camera observations with 
satellite imagery, addressing key challenges in imaging perspective differences and limited coverage of 
ground-based observations for enhanced land cover monitoring at a 30-m/10-m scale. A key innovation lies 
in leveraging near-surface cameras to reconstruct dense satellite data time series and capture daily land 
cover dynamics, addressing critical temporal gaps in traditional satellite-based approaches. The research 
further advances the field by implementing state-of-the-art deep learning techniques, particularly the 
Segment Anything Model (SAM), to achieve precise parcel-level delineation and reduce classification noise 
at a high-resolution (meter- and submeter level) scale. Furthermore, the framework’s ability to synthesize 
multimodal data sources (near-surface cameras, Sentinel-1/2, and high-resolution imagery) represents 
a methodological breakthrough in space and surface sensor integration for real-time land cover change 
detection, enabling time-sensitive applications and early warning systems for land system changes.

Introduction

   Land cover mapping plays a pivotal role in understanding and 
managing terrestrial ecosystems, offering essential insights into 
biodiversity conservation, climate change adaptation, and sus-
tainable land management [  1 –  3 ]. Accurate land cover maps are 
indispensable for modeling ecosystem services, monitoring 
environmental changes, and informing policy decisions [  4 –  6 ]. 
As the Earth’s surface undergoes continuous transformations 
due to both natural processes and human activities, the demand 
for high-resolution, frequently updated land cover data has 
become increasingly critical [  7 –  9 ].

   Over the past few decades, advancements in satellite remote 
sensing have significantly improved the spatial resolution and 
temporal frequency of land cover mapping [  10 ,  11 ]. The transi-
tion from kilometer-scale to meter-scale satellite imagery and 
the increasing revisit frequency of sensors such as Sentinel-2 
and Landsat have enabled more detailed and timely observa-
tions [  12 ,  13 ]. Notable examples include MODIS Land Cover 
Type product (MCD12Q1) at 500-m resolution [  14 ]; European 
Space Agency (ESA) Climate Change Initiative Land Cover 
(CCI-LC) maps at 300-m resolution [  15 ]; the GLC_FCS30 [  16 ], 
GLC_FCS30D [  17 ], Globeland30 [  18 ], and finer-resolution 
observation and monitoring of GLC (FROM-GLC) at 30-m 
resolution [  19 ]; Google Dynamic World [ 7 ], ESA WorldCover 
[  20 ,  21 ], and FROM-GLC10 [  22 ] at 10-m resolution; SinoLC-1 
[  23 ] and the EnviroAtlas One Meter-scale Urban Land Cover 
(MULC) [  24 ] at 1-m resolution; and the FROM-GLC plus 
(FGP) at multiple spatiotemporal resolution [  25 ]. However, a 
persistent gap remains in the integration of multimodal data 
and the inclusion of dense ground-level observations [  26 ]. 
Current satellite-based approaches often face challenges in 

capturing abrupt land changes due to cloud cover, revisit limita-
tions, and the lack of spatially continuous ground-truth data 
[  27 ]. Additionally, existing methodologies frequently under-
utilize multimodal data, such as radar, optical, and near-surface 
observations, leaving an untapped potential for more compre-
hensive land cover mapping [ 9 ].

   Moreover, the dual pressures of climate change and intensify-
ing human activities have accelerated the pace of global environ-
mental transformations [  28 –  30 ]. Rapid land cover changes, such 
as deforestation, urban expansion, cropland management activi-
ties, and land degradation, are increasingly common and require 
immediate monitoring for early warning [  31 –  33 ]. Traditional 
approaches to land cover change mapping are often constrained 
by their reliance on periodic satellite observations, which strug-
gle to capture abrupt, short-term transitions. This has led to a 
growing demand for high-frequency monitoring systems capable 
of detecting and analyzing rapid land changes with improved 
accuracy and timeliness [  34 ,  35 ].

   The emergence of advanced computational technologies, 
including supercomputing, cloud-based platforms, and near 
real-time remote sensing data acquisition capabilities, has cre-
ated new opportunities for rapid and dynamic land cover moni-
toring. Examples include Dynamic World [ 7 ] and FGP 2.0 [  36 ], 
both of which leverage Sentinel-2 data to provide near real-time 
dynamic land cover mapping at 10-m resolution, offering valu-
able tools for monitoring environmental transformations and 
supporting decision-making processes. However, since these 
products rely exclusively on single-source remote sensing data 
(e.g., Sentinel-2), their temporal density and real-time capabili-
ties remain constrained by the inherent limitations of satellite 
data acquisition, such as revisit cycles. This challenge is par-
ticularly pronounced in regions with frequent cloud cover and 
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rainfall, where consistent and continuous observations are dif-
ficult to achieve [  37 ,  38 ]. Additionally, validating the accuracy 
of dynamic mapping products remains a significant challenge. 
Unlike static land cover classification, which can be validated 
using well-established datasets, the validation of land cover 
changes requires capturing transient events, which are often 
short-lived and spatially heterogeneous. The collection of vali-
dation samples for dynamic surface changes at a global scale is 
inherently difficult due to the lack of spatially and temporally 
dense ground-truth data, making it challenging to objectively 
and effectively quantify the accuracy of dynamic mapping 
products. This limitation underscores the need for complemen-
tary ground-based observations to enhance validation efforts 
and improve the reliability of dynamic land cover mapping.

   Recently, the rapid development and expanding deployment 
of near-surface cameras—ranging from phenology cameras to traf-
fic monitoring cameras, travel cameras, and geo-tagged photos—
offer unprecedented opportunities for timely and rapid land 
system monitoring [  39 –  41 ]. These ground-level observation net-
works are increasingly recognized for their ability to capture local-
ized environmental changes, providing dense, high-frequency 
data that complement satellite observations [ 41 ,  42 ]. The near-
surface cameras can be used for capturing abrupt land changes, 
such as vegetation phenological shifts and sudden landscape 
changes [  43 –  45 ]. Furthermore, near-surface cameras provide 
critical ground-truth data, making them an invaluable resource 
for validating the accuracy of dynamic land cover mapping prod-
ucts [  46 –  48 ]. Their capacity to operate at the parcel level further 
aligns with the increasing emphasis on semantic segmentation 
and object-based mapping, particularly in the context of high-
resolution remote sensing [  49 ]. By integrating data from near-
surface cameras with multimodal satellite imagery, this approach 
shows the potential to address existing gaps in spatial and tem-
poral resolution, offering a more robust framework for monitor-
ing and validating land cover dynamics.

   Given these advancements, this study proposes a novel 
framework that leverages near-surface cameras and multi-
modal data for multiple spatiotemporal resolution land cover 
mapping. This framework addressed challenges in combining 
the high-frequency observations of near-surface cameras with 
the wide spatial coverage of satellite remote sensing to generate 
daily satellite data. Consequently, the framework overcomes 
the limitations of traditional methods in timeliness of land 
cover mapping and meets the demands of monitoring abrupt 
land changes. The study further explores the use of advanced 
computer vision models, Segment Anything Model (SAM) 
[  50 ], for high-resolution parcel-level segmentation, offering a 
flexible and scalable solution for multiscale and timely land 
cover mapping on demand. This approach not only improves 
the accuracy of land cover classifications but also provides a 
robust foundation for understanding and managing rapidly 
changing land systems in a time-sensitive manner.

   The rest of this paper details the study area and datasets, 
including the photos collected by near-surface cameras, followed 
by the methodological framework of FGP 3.0, which incorpo-
rates annual land cover mapping, dense dynamic land cover 
monitoring, and high-resolution parcel-level classification using 
SAM. The experimental results and validation analysis demon-
strate the effectiveness of the proposed approach in capturing 
land cover dynamics with improved spatial and temporal resolu-
tion. A discussion follows, highlighting the advantages, limita-
tions, and potential improvements of the framework, along with 

its applications in early warning systems. Finally, the paper con-
cludes by summarizing the key findings and outlining future 
research directions.  

Dataset and study area
Global long-term near-surface camera networks
   There are several near-surface camera networks around the globe, 
each with different characteristics (such as distribution and scale) 
(Fig.  1 ). The PhenoCam Network (PhenoCamN) is the largest 
near-surface camera network globally, focusing mainly on North 
America. It boasts global coverage and approximately 750 site-
years of observations ( https://phenocam.sr.unh.edu/webcam/ ) 
[  51 ,  52 ]. In addition, there are respective near-surface camera net-
works in other continents. The European Phenology Camera Network 
(EPCN) focuses on Europe and consists of ~69 sites ( https://
fmiprot.fmi.fi/index.php?page=EUROPHEN ) [  53 ], while the 
Australian Phenocam Network (APN) was established in Australia 
and has more than 300 sites up to now ( http://phenocam.org.
au/ ) [  54 ]. The Phenological Eyes Network (PEN), composed 
of ~30 sites, is mainly distributed in Japan, with several sites in 
other Asian countries ( http://pen.envr.tsukuba.ac.jp ) [  55 ]. Brazil 
Phenocam Network (also known as ePhenology network, BPN) also 
deploys several sites in Brazil [  56 ,  57 ], as well as Indian PhenoMet 
Network (IPN) that consists of 5 sites in India [  58 –  62 ].        

   The global network of near-surface camera sites is not evenly 
distributed, with significant gaps in coverage across Asia, Africa, 
and Latin America. To address this disparity, we established the 
Near Surface Cameras Network (NSCamN), which consists of 
more than 100 cameras primarily focused on China (Fig.  1 ) [ 42 ]. 
NSCamN includes 2 main types of monitoring cameras. First, 
it incorporates traditional phenology cameras, commonly used 
in existing near-surface camera networks, which are manually 
installed and programmed to capture images at hourly intervals. 
Second, it integrates continuous monitoring video feeds provided 
by China Tower, from which a single frame is extracted every hour 
to generate hourly observational data. China Tower, as one of the 
world’s largest telecom tower infrastructure providers, has expanded 
its services to include environmental monitoring through its exten-
sive network of towers. Leveraging its infrastructure, China Tower 
supports high-resolution, real-time environmental observation, 
offering a valuable source of near-surface data for dynamic land 
cover monitoring. The integration of China Tower data highlights 
NSCamN’s capacity to integrate diverse sources of near-surface 
camera data, such as traffic monitoring cameras and travel cam-
eras, enabling the effective utilization of existing land surface obser-
vation networks across a wide range of environments. Therefore, 
we believe that the NSCamN can provide new observations and 
supplement the gaps in spatial coverage, thereby facilitating data 
exchange and collaborative research.

   Global near-surface camera networks play a crucial role not 
only in providing continuous surface dynamic monitoring but 
also in serving as validation tools at varying temporal frequencies 
(Fig.  2 ). Here, we listed 4 different varying temporal frequencies 
including seasonal change, monthly change, 10-d change, and 
daily change. As for seasonal change, we observe the broad pat-
terns of grassland change in a year at a site in North Dakota, 
USA, which highlights how plant phenology shifts across differ-
ent seasons from winter (snow-covered), spring (snow-melted), 
to summer (lush green) and autumn (browning) (Fig.  2 A). As 
for monthly change, Fig.  2 B offers a more detailed look at how 
the land field transforms from bare land to plowed and then to 
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flooding and vegetative over the stages of crop phenology at a 
rice field site in Spain. Figure  2 C delves into the nuances of 10-d 
intervals, providing a closer look at the maize harvest dynamics 
occurring gradually within a month at a site in Pennsylvania, 
USA. Lastly, Fig.  2 D showcases daily changes in rice harvest 
periods at a site in Arkansas, USA, which illustrates the rapid 
and subtle changes in vegetation that occur from 1 d to the next. 
These photos provide a comprehensive view of vegetation dynam-
ics at multiple time scales.           

Study area
   This study selected 8 near-surface camera sites globally, with 
the 5° × 5° grid containing each camera site defined as the cor-
responding mapping study area (Fig.  3 ). The sites are located 
in Asia, Europe, North America, South America, Africa, and 
Oceania. The selection of study areas was based on 2 key cri-
teria: the availability of continuous near-surface camera data 
for 2024, and the geographical diversity of the sites to ensure 
coverage of different global ecological zones and land cover 
types. Among the 8 selected sites, 6 are from the PhenoCamN 
and 2 are from NSCamN located in China. The Chinese sites 
include one phenology camera station and one tower station 
provided by China Tower.        

   This diverse selection of sites ensures that the study addresses 
a wide range of ecological conditions and land cover patterns, 
enabling the evaluation of the proposed land cover mapping 
framework. Specifically, according to the International Union 

for Conservation of Nature (IUCN) ecosystem typology [  63 ], 
these grids encompass diverse terrestrial ecosystems, including 
intensive land use region in Grid a and Grid e, savanna and 
grassland region in Grid b, Grid f, and Grid h, shrubland and 
shrubby woodland region in Grid c, temperate-boreal forests 
and woodlands in Grid d, and tropical or subtropical forest 
region in Grid g.     

Methods
   The FGP 3.0 framework integrates multimodal data sources to 
achieve accurate and scalable land cover mapping based on FGP 
1.0 and 2.0. The methodology consists of 3 key components: 
annual land cover modification, dense dynamic land cover moni-
toring, and high-resolution land cover classification (Fig.  4 ). 
Annual mapping combines Sentinel-2 spectral and Sentinel-1 
Synthetic Aperture Radar (SAR) features with near-surface cam-
era observations, using a spatial matching algorithm to recon-
struct dense daily Sentinel-2 normalized difference vegetation 
index (NDVI) time series and improve classification accuracy. 
Dynamic mapping extends this framework by incorporating 
near-surface camera dense observations to detect continuous and 
abrupt land cover changes at a daily scale, addressing the delay 
and limitations of satellite-only products. High-resolution map-
ping leverages SAM to perform parcel-level segmentation and 
refine land cover classifications, reducing noise and enhancing 
spatial precision. Furthermore, parcel-level monitoring enables 

Fig. 1. Global distribution of near-surface camera networks.
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the tracking of intra-parcel spectral variations, providing a 
detailed view of daily land dynamics, such as crop rotations and 
vegetation changes. Together, these components create a robust 
and flexible workflow for multitemporal and multispatial land 
cover monitoring.          

Annual land cover modification with  
near-surface cameras
   The FGP 3.0 framework integrates multimodal remote sensing 
data, including multispectral imagery, SAR, and near-surface 
camera observations. Each of these data sources contributes 

Fig. 2. PhenoCam photos in different time frequency change. (A) Seasonal change. (B) Monthly change. (C) Ten-day change. (D) Daily change.

Fig. 3. Distribution of study area (eight 5° × 5° grids) and the images collected by near-surface cameras located in the center of Grid a to Grid h.
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unique advantages to land cover classification to improve the 
mapping accuracy [  64 –  66 ]. SAR data advantages include the 
ability to penetrate clouds and operate in all weather condi-
tions, which is particularly beneficial for areas with frequent 
cloud cover or adverse weather [ 67 –  70 ]. Furthermore, SAR 
provides information on surface texture, moisture content, and 
structure, which enhances the discrimination of land cover 
types, especially in complex landscapes such as wetlands, urban 
areas, and agricultural fields [  71 –  73 ]. Combining these capa-
bilities with optical data further enriches the feature space for 
classification. Near-surface cameras complement satellite data 
by providing dynamic monitoring of surface conditions at an 

hourly or even sub-hourly intervals. These observations help 
fill data gaps caused by cloud cover, rain, or satellite revisit 
limitations, thereby enabling the construction of denser and 
more temporally continuous observation time series.

   However, integrating near-surface camera imagery with satel-
lite remote sensing data presents 2 main challenges: (a) the dif-
ference in imaging perspectives, as near-surface cameras capture 
oblique views compared to the perspective of satellite imagery, 
complicating spatial correspondence. (b) The limited spatial 
coverage of near-surface cameras, which provides point-based 
observations rather than regional-scale information, makes it 
challenging to scale observations from individual points to larger 

Fig. 4. The workflow of in-time land cover change mapping with multimodal data, dense surface observations, and SAM (FGP 3.0).
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areas. To address these challenges, the study designed a series of 
algorithms to enable the application of near-surface camera data 
in annual land cover mapping.

   First, an automated spatial matching algorithm was devel-
oped to align near-surface camera imagery with satellite data 
[ 42 ]. The near-surface camera images were divided into a grid 
of 10 × 10 cells, and for each grid cell, the 90th percentile of 
daily green chromatic coordinate (GCC) values was calculated, 
with the mean of these percentiles representing the daily GCC 
observation for the grid. A daily GCC time series was then 
constructed for each grid. Based on the approximate observa-
tion range of the camera, a set of random sampling points was 
selected within the range, and the annual NDVI time series 
from Sentinel-2 imagery was extracted for each sampling point. 
A linear regression analysis was performed between the NDVI 
time series of each sampling point and the GCC time series of 
various grid cells, and the grid with the smallest R 2 value was 
selected as the spatial match. Using the regression results, a 
functional relationship between GCC and NDVI was estab-
lished, enabling the reconstruction of dense daily NDVI time 
series that integrate near-surface camera observations.

   The point-based NDVI reconstruction was further extended 
to the entire study area by leveraging the first law of geography, 
which asserts spatial correlation. NDVI time series for all pixels 
in the study area were constructed based on the linear regression 
between the NDVI time series of sampling points and those of 
other pixels in the Sentinel-2 imagery. For dates with valid NDVI 
observations in each study area pixel, the original pixel values were 
retained, while missing NDVI values for other dates were supple-
mented using the results of the linear regression. This allowed the 
relationships between study area pixels (partially observed time 
series) and sampling points (fully observed time series) to be 
established, enabling the extrapolation of dense daily NDVI 
observations from sampling points to the entire study region. The 
reconstructed NDVI time series from near-surface cameras, com-
bined with Sentinel-2 multispectral features and Sentinel-1 SAR 
features [VV (vertical/vertical) + VH (vertical/horizontal) polar-
ization], formed the basis for land cover classification using a 
Random Forest classifier. Features used for classification included 
annual time series normalized burn ratio (NBR), normalized dif-
ference built-up index (NDBI), modified normalized difference 
water index (MNDWI), and annual time series Sentinel-1 back-
scattering coefficients. The temporal percentiles derived from the 
time series features were used for classification input to improve 
the accuracy and robustness of annual land cover mapping, and 
the multimodal temporal percentile matrix was derived by calcu-
lating percentiles (0th to 100th in 10% intervals) for each of the 
time series features stated above. The incorporation of dense 
annual time series allows for capturing seasonal and phenologi-
cal variations across different land cover types, which enhances 
annual land cover classification accuracy [  74 ]. Finally, the random 
forest classifier was selected due to its widespread use in large-scale 
land cover mapping, recognized for its strong generalization capa-
bility and reliable performance across diverse landscapes. For 
this study, one random forest classifier was trained for each of 
the 8 selected study regions, utilizing the enhanced time series 
features for robust and region-specific classification.   

Dense dynamic land cover monitoring with  
near-surface cameras
   With the increasing availability of near real-time satellite data, 
dynamic land cover monitoring has advanced considerably. 

Emerging products such as Google Dynamic World and FGP 
2.0 provide near real-time dynamic monitoring capabilities. 
However, these products are constrained by satellite revisit fre-
quencies and are susceptible to cloud and rain interference. As 
a result, their dynamic mapping is often limited to cloud-free 
imagery, leading to monitoring delays in highly cloudy or rainy 
regions. Moreover, abrupt or short-term land cover changes 
are frequently missed, making it difficult to achieve temporally 
continuous observations.

   To address these limitations, this study leverages the sub-
hourly dynamic monitoring capability of near-surface cameras 
and the reconstructed daily NDVI time series (see the previous 
section) to develop a method for daily dynamic land cover map-
ping. This method builds upon the dynamic mapping frame-
work of FGP 2.0, incorporating the first all-season sample set 
(FAST) for daily sample migration and the updated annual land 
cover maps for the study area. For sample migration, the spec-
tral angle distance (SAD) and Euclidean distance (ED) were 
calculated to measure the difference between the 2 spectral 
features in reference time and migration target time [ 25 ,  75 ]. 
SAD was used to assess the shape variations between spectral 
vectors, while ED measured the absolute spectral difference in 
feature space. These 2 indicators were combined to identify the 
most spectrally similar samples, ensuring that migrated sam-
ples maintained consistency of the target period. Furthermore, 
the updated annual land cover maps were used as a reliable 
foundation for dynamic updates, as they are constructed using 
spectral and SAR features accumulated over an entire year, 
ensuring high accuracy and consistency [ 36 ]. Specifically, for 
the updated annual land cover maps, we also utilized the tem-
poral percentile features derived from these annual time series 
to refine and update the classification results. Daily recon-
structed imagery and migrated samples were then used to train 
a Random Forest classifier, which captures abrupt land cover 
changes and performs dynamic monitoring for each day. This 
combined approach—integrating dense daily observations with 
robust annual baselines—provides the necessary data support 
for identifying short-term land cover transitions and ensures 
continuity in daily dynamic land cover mapping. By address-
ing the limitations of satellite-based products, the proposed 
method establishes a robust framework for monitoring rapid 
and dynamic environmental changes in near real time.   

High-resolution land cover map modification based 
on semantic segmentation
   The FGP land cover mapping framework was designed with the 
primary objective of providing on-demand, multispatial, and 
multitemporal land cover products. In addition to supporting 
multitemporal land cover mapping (e.g., annual and dense 
dynamic mapping), FGP 3.0 extends its capabilities to optimize 
multispatial resolution land cover mapping. While FGP 1.0 relied 
on super-resolution post-processing to produce high-resolution 
(meter- and submeter level) land cover maps from 30-m/10-m 
datasets, a common challenge with high-resolution Google Earth 
remote sensing image classification is the occurrence of salt-and-
pepper noise in the resulting maps [  76 ]. To address this, FGP 3.0 
explores a semantic segmentation-based approach for parcel-
level high-resolution land cover mapping.

   Specifically, FGP 3.0 leverages the SAM, a state-of-the-art 
computer vision model, through its application in remote sens-
ing via the open-source tool Segment-Geospatial (samgeo) 
[  77 ,  78 ]. Samgeo, an extension of SAM tailored for geospatial 
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data, facilitates automated parcel segmentation and object 
extraction from high-resolution remote sensing imagery. Based 
on SAM’s prompt-based framework, samgeo enables object 
segmentation with minimal human supervision. This interactive 
segmentation approach provides flexibility and reduces the need 
for extensive labeled training datasets and additional model 
retraining. Without requiring additional sample annotation or 
model retraining, FGP 3.0 leverages the SAM model integrated 
within the samgeo framework to achieve automated parcel seg-
mentation for high-resolution remote sensing imagery. To 
enhance the semantic information in SAM-generated segmenta-
tion results, we utilize the super-resolution results from FGP 
1.0 as a reference for assigning land cover categories to the seg-
mented parcels with a mode strategy. By integrating the interac-
tive segmentation capabilities of SAM with the flexible geospatial 
segmentation framework provided by samgeo, FGP 3.0 offers a 
customizable and on-demand workflow for high-resolution land 
cover mapping. This process eliminates the need for extensive 
labeled datasets and bypasses the computational requirements 
of training deep learning models. It is also important to note 
that semantic information can be obtained from other publicly 
available land cover datasets. Additionally, for parcel-level dyna
mic mapping, the ground observations collected by NSCam can 
be integrated to enable dynamic classification and land cover 
allocation, further enhancing the accuracy and adaptability of 
the mapping process. Consequently, FGP 3.0 enables efficient, 
accurate, and scalable high-resolution land cover mapping, 
meeting the demands of diverse environmental and land man-
agement applications.    

Results

Annual land cover map modification results
   The experimental results comparing FGP 3.0 with other annual 
10-m land cover mapping products highlight the improved per-
formance of the proposed method in terms of overall mapping 
accuracy (Fig.  5 ). To evaluate the effectiveness of incorporating 
dense time series from near-surface cameras, we conducted a 
separate validation by removing the near-surface camera data, 
denoted as FGP 3.0*. Using 1,727 validation samples within the 
study area, FGP 3.0 achieved the highest average accuracy of 
70.52%, followed by FGP 3.0* at 67.58%. The WorldCover and 
FROM-GLC products produced comparable accuracies of 
65.72% and 64.13%, respectively. However, when examining 
accuracy across different grids, FROM-GLC exhibited a more 
consistent accuracy distribution, primarily between 60% and 
70%, while WorldCover showed greater variability, with some 
grids achieving accuracies similar to FGP 3.0. The Dynamic 
World product, designed for dynamic land cover monitoring, 
demonstrated more pronounced variability across grids, with an 
average accuracy of approximately 55.72%, which may explain 
its limited performance in annual land cover mapping.        

   Furthermore, a notable outlier in the grid-based accuracy 
results (Fig.  5 ) is observed in a grid located in Europe (Grid c), 
where classification accuracy is obviously lower. Upon further 
analysis, this reduction in accuracy was attributed to confusion 
between cropland and shrubland. This issue is particularly pro-
nounced in regions with Mediterranean climates, characterized 
by wet winters and dry summers. In these areas, coastal vegeta-
tion is predominantly shrubland, and agricultural fields are typi-
cally small and fragmented, interspersed with shrub cover, 
thereby increasing classification complexity. Additionally, the 

widespread practice of crop rotation and fallowing in this region 
often leads to fallow land being rapidly colonized by shrubs or 
weeds, further exacerbating confusion between cropland and 
natural shrubland. The integration of dense time series from 
near-surface cameras partially alleviates this issue. Compared to 
FGP 3.0*, the F1 score for cropland and shrubland of FGP 3.0 
improved by 8.04% and 14.29%, respectively, when near-surface 
camera data were included. However, the misclassification 
between cropland and shrubland remains a significant challenge 
in these areas. This is primarily due to the limited spatial coverage 
of near-surface cameras, as the cameras deployed within the grid 
were positioned in relatively homogeneous, continuous cropland 
areas. We hypothesize that expanding the deployment of near-
surface cameras to cover regions with interspersed cropland and 
shrubland along coastal zones could further enhance classifica-
tion accuracy in these areas.

   Based on the land cover maps of the grids of the study area 
presented in Fig.  6 , FGP 3.0 effectively identifies complex land 
cover types, such as mixed vegetation zones, transitional 
urban–rural areas, and regions with seasonal variability. The 
inclusion of near-surface camera data enables FGP 3.0 to recon-
struct daily time series, which complements the limitations of 
satellite observations caused by cloud cover or revisit inter-
vals. The comparison between FGP 3.0 and FGP 3.0* (which 
excludes near-surface camera data) demonstrates the added 
value of these dense temporal observations. The results indicate 
that near-surface cameras contribute to the more accurate map-
ping of vegetation cover, such as the confusion among grass-
land, shrubland, and bare land (Fig.  6 C and H), and the 
distinction between grassland and cropland in mixed agricul-
ture–pastoral zones (Fig.  6 G).           

Dense dynamic land cover change  
monitoring results
   The dense monitoring results presented in Fig.  7  demonstrate 
the effectiveness of the proposed method in capturing abrupt 
land cover changes on a daily basis across 2 distinct scenarios 
and regions. The first example (Fig.  7 A) is derived from a near-
surface camera station located in northern North America, with 
monitoring conducted from 2024 October 14 to 18. This example 
illustrates snow-induced land cover transitions, where previously 
exposed vegetation was progressively covered by snow over the 
observation period. The second example (Fig.  7 B) corresponds 
to a near-surface camera station in southern Europe, with 

Fig. 5. The annual land cover overall accuracy distribution among the grids of the 
study area. DW, Dynamic World.
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Fig. 6. The annual land cover mapping results of the grids compared to other 10-m global land cover products. (A to H) Eight study grids, which represent diverse terrestrial 
ecosystems as shown in Fig. 3.

Fig. 7. The daily dynamic land cover change monitoring results located in (A) land cover dynamics caused by the snow in northern North America from 2024 October 14 to 18 
and (B) land cover dynamics caused by the water expansion in south Europe from 2024 November 19 to 23.
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monitoring carried out from 2024 November 19 to 23. This case 
highlights wetland dynamics caused by rising water levels, where 
previously exposed vegetation and bare soil were gradually inun-
dated. These results underscore the capacity of the proposed 
method to monitor short-term dynamic land cover changes, 
which are often overlooked by existing dynamic products such 
as Google Dynamic World and FGP 2.0. Both products rely heav-
ily on Sentinel-2 imagery and were unable to capture the changes 
shown in the 2 examples due to the lack of cloud-free Sentinel-2 
observations during the specified time periods. The dependency 
on intermittent satellite data constrains their ability to detect 
short-lived or abrupt transitions, particularly in regions with 
frequent cloud cover or precipitation.        

   By leveraging reconstructed dense daily observations from 
near-surface cameras, the proposed method addresses these 
limitations. For the snow-induced transition in northern North 
America, the near-surface camera data provided continuous, 
high-temporal resolution monitoring that allowed for the cap-
ture of the snow accumulation process. Similarly, in southern 
Europe, the near-surface cameras enabled the detection of wet-
land dynamics on a daily basis, capturing subtle yet significant 
changes in the spatial extent of water. The ability to achieve 
such detailed monitoring through the integration of near-sur-
face cameras and reconstructed dense imagery establishes FGP 
3.0 as a robust tool for continuous land cover monitoring. This 
approach offers a reliable solution for addressing the challenges 
posed by regions with frequent cloud cover or highly dynamic 
landscapes, providing critical insights for environmental and 
ecological research.   

High-resolution land cover map modification results
   High-resolution land cover classification often focuses on 
urban and rural scenarios, such as the extraction of building 
footprints and agricultural fields. To evaluate the performance 
of FGP 3.0, high-resolution remote sensing imagery from dif-
ferent rural and urban settings in the United States and China 
was selected for classification (Fig.  8 ). In terms of computa-
tional resources, the segmentation process using the SAM-
based geosam model required approximately 1 h to process a 
10 km × 10 km mapping area. The model was run on an 
NVIDIA A100 GPU with 40 GB of memory. These resource 
requirements highlight the feasibility of implementing SAM 
for high-resolution land cover mapping to extend the approach 
to larger regions efficiently. The results highlight the strengths 
of the proposed FGP 3.0 framework in improving high-
resolution land cover classification through parcel-level seg-
mentation using the SAM. Compared with FGP 1.0 [ 25 ] and 
other high-resolution land cover products such as MULC [ 24 ] 
in the United States and SinoLC-1 in China [ 23 ], FGP 3.0 dem-
onstrates notable advancements in both spatial accuracy and 
classification quality. The integration of SAM within the samgeo 
framework enables more cohesive and spatially consistent 
parcel-based classifications, addressing the common issue of 
salt-and-pepper noise that is faced with high-resolution remote 
sensing products of FGP 1.0. This improvement is evident in 
rural (Fig.  8 A and C) and urban (Fig.  8 B and D) areas, where 
the classification results produced by FGP 3.0 are cleaner and 
more homogeneous.        

   A key advantage of FGP 3.0 lies in its ability to accurately 
delineate the boundaries of different land cover features, such 
as water bodies, croplands, and urban structures. The segmen-
tation approach ensures precise edge delineation, reducing 

misclassifications at feature boundaries, especially in areas 
where land cover types are spatially intertwined. For example, 
the water bodies and buildings in the urban and rural areas 
depicted in Fig.  8  are outlined with much greater precision than 
in FGP 1.0, MULC, and SinoLC-1, reflecting the enhanced edge 
detection capabilities of the SAM-based segmentation frame-
work. Furthermore, FGP 3.0 mitigates the issue of shadow-
induced misclassification, where shadows cast by tall buildings 
are often mistakenly classified as water bodies (Fig.  8 B). 
However, the classification results of FGP 3.0 are fundamentally 
dependent on the super-resolution outputs from FGP 1.0. As 
a result, inaccuracies or errors present in the FGP 1.0 outputs 
may propagate into the FGP 3.0 results, limiting the overall 
accuracy of the final land cover classifications, such as the omis-
sion of water shown in Fig.  8 A. Furthermore, although FGP 
3.0 shows notable improvements in delineating individual 
land cover features, the SAM model exhibits limitations in 
effectively perceiving and segmenting background informa-
tion. This shortcoming reduces its effectiveness in areas char-
acterized by highly complex or heterogeneous land cover 
patterns, suggesting that further refinements are needed to 
accurately capture the detailed structure and variability of such 
landscapes. Nevertheless, the integration of SAM within the 
FGP 3.0 framework provides a flexible and efficient approach 
to high-resolution land cover classification. It is particularly 
advantageous for addressing common tasks such as building 
or field extraction, where precise segmentation and efficient 
processing are critical.

   Furthermore, we combined the dense observations of near-
surface cameras and land parcels obtained from SAM to pro-
vide parcel-level land dynamics (Fig.  9 ). This approach is 
particularly effective for monitoring cropland parcels [  79 ], as 
high-resolution imagery provides accurate parcel boundary 
delineation, while the integration of Sentinel-2 imagery with 
NSCam observations enables the extraction of high-temporal 
resolution spectral information. For Fig.  9 , the parcel segmenta-
tion results derived from Google Earth high-resolution imagery 
are overlaid onto Sentinel-2 imagery in the top row. This pro-
cess highlights how parcel-level segmentation can produce 
more structured and organized land cover classification results, 
which avoids the fragmentation or misclassification that often 
occurs with pixel-based methods. Combined with Sentinel-2 
and near-surface dense observations, the daily spectral varia-
tions within individual parcels can provide insights into crop 
dynamics at the field level. As shown in Fig.  9 , the near-surface 
camera located in Henan, China captures the rotation of crops 
within the monitored parcels, which illustrates a typical crop 
rotation pattern of winter wheat followed by maize. This rota-
tion is clearly captured through the combination of parcel-level 
segmentation and daily spectral observations, providing valu-
able data for agricultural monitoring and land management.            

Discussion
   This study presents a novel framework FGP 3.0 for land cover 
mapping by integrating near-surface camera images with satel-
lite remote sensing data, demonstrating improvements in both 
annual and dynamic land cover monitoring with multiple tem-
poral and spatial resolutions. The proposed approach leverages 
the continuous observation capabilities of NSCam to recon-
struct dense daily time series and incorporates advanced deep 
learning models for high-resolution semantic segmentation. 
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The results present the potential of near-surface cameras for 
capturing fine-scale temporal and spatial land cover changes, 
particularly in regions with frequent cloud cover or rapid land 
cover changes. This section explores potential expansions and 
modifications of NSCamN, its applicability in validating exist-
ing dynamic land cover products, its potential for land system 
monitoring, and directions for future research.  

Expansions and modifications of NSCamN
   The deployment of NSCamN in real-world environments presents 
several significant challenges, particularly due to complex field 

factors such as insufficient site distribution, signal reception, and 
camera angle flexibility. Here, we discuss several solutions to effec-
tively address the above challenges, which include appending 
supplementary field photographs and street view networks, 
improving signal reception capabilities, and designing a more 
flexible and controllable mechanism to adjust camera angles, lead-
ing to a more robust and comprehensive monitoring system.

   First, augmenting NSCam network cameras with supple-
mentary field photographs, captured by deploying additional 
lower-cost cameras or mobile devices, can enhance surface 
observation coverage, providing a more comprehensive view 

Fig. 8. The high spatial resolution land cover mapping results compared to FGP 1.0, MULC in the United States, and SinoLC-1 in China for (A) rural in the United States, 
(B) urban in the United States, (C) rural in China, and (D) urban in China.
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of the monitored area. Here, we collected the locations of main 
field photo networks around the globe, including the Global 
Geo-Referenced Field Photo Library [ 48 ], Land Use/Cover 
Area frame Survey (LUCAS, in Europe) [  80 ], and USGS Land 
Cover Trends Dataset (in the USA) [  81 ]. These field photo net-
works provide valuable supplement for phenology camera net-
works. Meanwhile, global street view networks also serve as 
valuable field photo data sources for validating land cover and 
land use changes. These networks provide billions of images 
worldwide through services like Google Street View and Baidu 
Street View and crowdsourcing platforms like Mapillary and 
KartaView. New datasets like Global Streetscapes offer a col-
lection of 10 million crowdsourced street view images from 
688 cities across 210 countries, enriched with over 300 attri-
butes, addressing the gap of lacking comprehensive metadata 
[  82 ], which enables further analysis and application of street 
view data source.

   To evaluate the capability of matching single-time photos from 
noncontinuous near-surface cameras with satellite remote sens-
ing imagery, we further analyzed photos taken by mobile cameras 
in Beijing. The results indicate that the majority of photos could 
be matched with satellite imagery within a time difference of 0 
or 1 d, accounting for over 85% of the cases. Among these, 34.51% 
of the photos can be successfully matched with satellite data cap-
tured on the same day. For most of the remaining photos, the 
time difference for matching did not exceed 2 d (Fig.  10 ). These 
findings demonstrate the potential of integrating diverse data 
sources into NSCam network, such as global field photos and 
street views, to enhance the accuracy and comprehensiveness of 
land dynamics [  83 ,  84 ]. Moreover, mobile cameras and street view 
data offer additional opportunities for enriching land cover vali-
dation [  85 ,  86 ]. Recent advancements in machine learning and 
computer vision, including scene understanding algorithms, 
enable the automated interpretation of these photo-based datasets 
[  87 ,  88 ], which would be especially beneficial for capturing abrupt 

land cover changes or validating temporal land cover transitions 
in underrepresented regions, thereby addressing the gaps in tra-
ditional validation workflows.        

   Additionally, maintaining reliable signal reception in envi-
ronments where terrain, vegetation, and urban structures can 
obstruct pathways is a major issue; for instance, 4G or 5G signals, 
commonly used for data transmission, can be significantly weak-
ened in densely forested areas or wild areas. To address these 
issues, integrating external antennas and advancements in signal 
amplification technology are proposed for NSCam network to 
enhance the reliability of data transmission. Specifically, high-
gain directional antennas can be deployed to extend communica-
tion range, while low-noise amplifiers (LNAs) and signal repeaters 
can help strengthen weak signals in challenging environments. 
Last but not least, achieving the desired camera angles for optimal 
coverage and observation is crucial. Fixed-angle cameras are 
limiting as they do not allow for adjustments to accommodate 
changing conditions or specific monitoring requirements. The 
design and implementation progress of pan–tilt–zoom (PTZ) 
mechanisms in NSCam cameras can significantly improve their 
flexibility and control, allowing for remote adjustments of the 
camera’s pan, tilt, and zoom functions. PTZ mechanisms enable 
remote adjustments of the camera’s pan (horizontal movement), 
tilt (vertical movement), and zoom functions, allowing for adap-
tive repositioning to accommodate seasonal changes in vegeta-
tion, shifts in hydrological conditions, or sudden environmental 
disturbances. This capability will also be particularly beneficial 
in dynamic environments where observation requirements may 
change over time.   

Expanding NSCam’s role in multiscale land 
monitoring systems
   Significant progress has been made in dynamic land cover 
monitoring with the development of products such as Google 

Fig. 9. Parcel-level land dynamic monitoring using the combination of near-surface camera dense observations at the site of Henan, China.
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Dynamic World and FGP, which leverage near real-time satel-
lite data to capture land cover changes. The NSCam system, 
with its high temporal resolution and ground-level observa-
tions, provides more detailed phenological information for 
capturing surface changes. Therefore, for the classification sys-
tem of dynamic land cover mapping, we can refine the existing 
standard land cover classification framework by incorporating 
phenological distinctions. For example, vegetation can be cat-
egorized into off-season and on-season, while croplands can 
be further divided into harvested farmland and actively grow-
ing cropland, depending on the land use status and seasonal 
phenological variations. These refinements would enhance the 
ability of dynamic land cover mapping to capture short-term 
transitions and agricultural cycles more accurately.

   Furthermore, NSCam can serve as an independent and 
objective benchmark for evaluating the accuracy of these prod-
ucts. For instance, it can provide high-resolution validation 
data for abrupt land cover changes, such as snow cover dynam-
ics or wetland expansion, as demonstrated in this study (Fig. 
 7 ). Such validation efforts not only improve the calibration and 
performance of dynamic mapping models but also enhance the 
reliability of real-time land cover monitoring for critical appli-
cations, including disaster response and ecosystem manage-
ment. In addition, establishing a comprehensive near-surface 
camera network would facilitate the monitoring of land system 
changes, not only within a single year but also across multiyear 

time series. In this study, we combined PhenoCam site informa-
tion with the FGP global land cover dataset to explore potential 
land system changes at these sites [ 25 ]. The results revealed that 
approximately 11% of PhenoCam sites exhibited potential land 
cover changes between 1982 and 2023. Among the unchanged 
sites, 44% are located in forested areas, 15% in croplands, and 
11% in grasslands. Interestingly, these land cover types also con-
stitute the primary categories involved in land cover changes. 
Specifically, 63% of the observed changes were driven by the 
conversion of cropland to grassland, while 17% resulted from 
the conversion of forest to grassland (Fig.  11 A). Furthermore, 
about 11% of the sites showed evidence of potential urban 
expansion into cropland areas.        

   Beyond its role in product validation, a near-surface camera 
network holds considerable potential for monitoring land sys-
tem degradation and broader environmental transformations. 
The fine temporal resolution of NSCam enables detailed track-
ing of critical indicators of land degradation, such as vegeta-
tion loss, hydrological shifts, and other ecosystem changes. 
These observations provide essential evidence for assessing the 
impacts of land use practices, climate change, and other anthro-
pogenic activities on ecosystems. Specifically, NSCam facilitates 
high-frequency monitoring of land degradation processes, 
allowing for the detection of early signs of soil erosion, defor-
estation, and water stress. This capability is particularly criti-
cal in semi-arid and arid ecosystems, where vegetation cover 

Fig. 10. Examples of supplementary field photographs enhancing observation coverage in Beijing, showing the differences in date between cameras and satellites (Landsat 
8/9 and Sentinel-2).
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changes can serve as early warning signals for desertification 
risks. Additionally, NSCam enhances the ability to track hydro-
logical variations, capturing seasonal fluctuations in water bod-
ies and detecting prolonged drying trends in wetlands and 
rivers, which are crucial for managing water resources and 
mitigating the effects of droughts.

   Moreover, early detection of ecosystem disturbances or 
land system changes enabled by NSCam could serve as a criti-
cal component of early warning systems, identifying emerging 
risks before they escalate into severe environmental crises. 
Current early warning systems primarily rely on meteorologi-
cal data, but the dynamic land cover monitoring provided by 
NSCam offers a valuable complement [  89 ,  90 ]. For ecosystems 
and biodiversity, NSCam can track vegetation health and habi-
tat changes, providing early alerts for deforestation or eco-
system degradation [  91 –  93 ]. For geological hazards, it can 
detect shifts in vegetation cover or soil moisture, supporting 
landslide and erosion warnings [  94 ,  95 ]. For agriculture, it 
enables parcel-level monitoring of crop health and water 
stress, aiding in drought and pest warnings [ 42 ,  96 ,  97 ]. In 
urban areas, NSCam can monitor impervious surfaces and 
drainage changes, improving early detection of urban flood-
ing and waterlogging risks [  98 –  100 ].

   To further explore these dynamics, we analyzed land deg-
radation and restoration across PhenoCam sites since 2000 
[  101 ]. The results indicate that 33% of the sites exhibiting 
potential land degradation are located on impervious surfaces, 
followed by 28% in croplands and 18% in forested areas. In 
contrast, 59% of the sites displaying potential land restoration 
are located in forests (Fig.  11 B). These findings highlight the 
potential of integrating NSCam into multiscale monitoring 
frameworks to better understand and validate land system 
changes and environmental challenges. By leveraging its fine 
temporal resolution and coupling it with global datasets, 
NSCam can provide critical insights into more informed land 
management and conservation strategies.    

Conclusion
   Timely land cover mapping is critical for monitoring environ-
mental changes and supporting sustainable land management, 
yet challenges still remain in capturing abrupt and real-time 
land changes. This study introduces FGP 3.0, a framework that 

leverages multimodal datasets, including near-surface cameras, 
Sentinal-1 and Sentinel-2 imagery, and the high spatial resolu-
tion imagery along with the SAM foundation model to enhance 
multiple spatiotemporal land cover mapping. The results dem-
onstrate that FGP 3.0 improves classification accuracy by 
reconstructing dense daily Sentinel-2 time series through the 
integration of near-surface cameras and satellite imagery. This 
approach also enables continuous and dense monitoring of land 
cover changes over time, offering valuable insights into rapid 
land transformations that are often missed by traditional satel-
lite-based products. The integration of SAM further refines high 
spatial-resolution land cover classifications by delineating parcel 
boundaries, reducing salt-and-pepper noise, and improving edge 
accuracy for features like croplands, water bodies, and urban 
structures. Combined with high temporal-resolution remote 
sensing observations, this capability supports parcel-level 
dynamic monitoring, such as tracking crop rotation patterns in 
agricultural landscapes. The flexibility of FGP 3.0 positions it as 
a robust and scalable tool for multiscale and real-time land cover 
mapping. Its integration of high-frequency near-surface camera 
observations and multimodal datasets provides a foundation for 
implementing early warning systems to detect and address land 
system changes, as well as informing policy development and 
sustainable land management strategies.   
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Land cover mapping plays a critical role in monitoring land system changes. Despite advancements in remote sensing
technologies, traditional satellite-based approaches are often constrained by cloud cover, coarse temporal resolution,
and limitations in capturing fine-scale landscape dynamics, leading to gaps in continuous and real-time monitoring.
Near-surface cameras offer a solution by providing high-frequency, ground-level observations that bridge temporal
gaps and enhance spatial detail. Therefore, this study makes substantial contributions by pioneering the integration of
near-surface camera observations with satellite imagery, addressing key challenges in imaging perspective differences
and limited coverage of ground-based observations for enhanced land cover monitoring at a 30-m/10-m scale. A key
innovation lies in leveraging near-surface cameras to reconstruct dense satellite data time series and capture daily
land cover dynamics, addressing critical temporal gaps in traditional satellite-based approaches. The research further
advances the field by implementing state-of-the-art deep learning techniques, particularly the Segment Anything
Model (SAM), to achieve precise parcel-level delineation and reduce classification noise at a high-resolution (meter-
and submeter level) scale. Furthermore, the framework’s ability to synthesize multimodal data sources (near-surface
cameras, Sentinel-1/2, and high-resolution imagery) represents a methodological breakthrough in space and surface
sensor integration for real-time land cover change detection, enabling time-sensitive applications and early warning
systems for land system changes.
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