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Land cover map can accurately characterize the spatial distribution of natural and artificial surface 
features. However, large-scale land cover products with submeter resolution are still scarce. To address 
this gap, this study proposes an innovative data annotation engine, called initial and expanded labeling, 
to generate reliable labels for high-resolution imagery. The engine takes imagery and historical products 
as input, generates a small number of labels using weight voting in the first stage, and iteratively expands 
the labels in the second stage. The proposed method can effectively deal with the insufficiency of training 
labels in large-scale submeter land cover mapping. Based on the datasets generated by this engine, 
we have produced the first large-scale submeter land cover map covering the urban areas of 42 major 
cities in China, called EcoVision. It has a spatial resolution of about 0.5 m with 8 representative urban 
land cover categories. The product has been validated with 23,850,000 randomly sampled validation 
pixels in 42 cities and has an overall accuracy of 83.6%. Compared with 5 existing land cover maps, 
EcoVision shows superior performance in spatial resolution, accuracy, and details. The product has 
been made public, providing high-precision data support for urban sustainable development research 
and territorial spatial planning.

Introduction

   Accurate land use and land cover (LULC) information is crucial 
for various studies, including environmental science, climate 
monitoring, food security, urban planning, disaster manage-
ment, and ecosystem protection [  1 –  3 ]. With the advancement 
of satellite technology, the spatial resolution of remote sensing 
imagery has been continuously increasing, providing data sup-
port for improving the spatial resolution of LULC mapping. 
Compared to low/medium-spatial-resolution imagery, high-
resolution imagery contains rich information on land cover 
texture, shape, and spatial distribution, which has unique advan-
tages for accurate mapping in highly heterogeneous regions such 
as densely populated megacities [  4 ]. However, these detailed 
features also bring more complex land structures and patterns, 
posing challenges for LULC mapping using high-resolution 
imagery [  5 ]. For medium/low-resolution LULC classification, 
people mainly rely on pixel-based machine learning algorithms, 
including decision trees [  6 ], support vector machines [  7 ], and 
random forest algorithms [  8 ]. These classification methods 
mainly rely on spectral and textural features of pixels. However, 
in high-resolution imagery, land patterns contain limited low-
level features in the spectral and spatial domains, making it dif-
ficult for traditional classification methods to identify fine land 
patterns, especially in urban areas [  9 ].

   In recent years, with the development of deep learning tech-
nology, neural networks have provided a more advanced 

and reliable solution for LULC classification. Compared to 
traditional methods, the major advantage of deep learning for 
image classification lies in its powerful feature representation 
capability, enabling it to learn and adaptively extract a large 
number of discriminative features for classification [  10 –  12 ]. 
Although various deep learning-based LULC classification 
algorithms have been developed, the training process of com-
mon deep learning methods highly depends on a large number 
of high-precision labels, which are usually generated by tedious 
and time-consuming manual annotation for specific needs, 
severely limiting their extension to large-scale products [  13 ]. 
The quality and diversity of training samples, which typically 
consist of raw images and corresponding labels, are key factors 
for large-scale model training. Previous studies have empha-
sized the vulnerability of deep learning models when dealing 
with data outside the distribution of training samples [  14 ,  15 ]. 
Notably, underperformance of the models is often attributed 
to the inadequacy of training data [ 14 –  16 ], including issues 
with the number, quality, representativeness, or diversity of 
samples. Although manually annotated samples can often pro-
vide more precise boundary and category information, their 
high time and labor costs limit their application in large-scale 
mapping. This also explains why the number of large-scale 
LULC products is relatively small, despite the increasing abun-
dance of remote sensing imagery [  17 ].

   In order to reduce the workload of labeling for high-resolution 
LULC mapping, many efforts have been made in weakly supervised 
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learning. Weakly supervised methods typically include incomplete 
supervised methods (only a subset of training samples have labels), 
inexact supervised methods (some training samples have no fine-
grained labels), and inaccurate supervised methods (some training 
samples have wrong labels) [  18 ,  19 ]. Since weakly supervised meth-
ods do not require detailed manual annotation of the original 
images in the entire dataset, they can reduce the cost and time of 
manual labeling and have been adopted in LULC mapping. Cui 
et al. [ 17 ] designed a weakly supervised learning framework and 
achieved relatively good results in some areas of Hubei Province, 
China. Li et al. [ 9 ] produced a 1-m spatial resolution LULC map 
of Maryland, USA. Tong et al. [  20 ] achieved land cover mapping 
results for 10 cities in different regions around the world. Although 
these weakly supervised learning studies have reduced the depen-
dence on labels, they all only used one LULC product without 
incorporating higher-resolution products and products in other 
formats, resulting in models lacking precise supervised informa-
tion. Therefore, compared with fully supervised models, these 
models still have difficulties in practical applications [ 17 ]. 
Meanwhile, researchers are also exploring the remote sensing appli-
cation potential of foundation models. In Ref. [  21 ], the zero-shot 
learning on the basis of Segment Anything Model (SAM) [  22 ] was 
applied to remote sensing image segmentation tasks. In Ref. [  23 ], 
the advantages of Contrastive Language-Image Pre-training [ 15 ] 
and SAM were combined for investigating the fine-grained seman-
tic alignment and text-vision consistency. However, in general, 
foundation models trained in specific scenarios are difficult to 
transfer directly. They need retraining or fine-tuning with data from 
new scenarios. Although prompt learning can reduce dependence 
on annotated data, its effectiveness can be limited by the quality 
and quantity of prompts. In cases where annotation is scarce on a 
large dataset, the performance of the model can be affected. In 
addition, training labels are still crucial for improving model per-
formance when dealing with complex and diverse remote sensing 
images.

   Currently, most LULC studies have focused on the develop-
ment of deep learning networks and the construction of loss 
functions [  24 –  26 ], while the importance of training labels has 
been somehow overlooked [  27 ]. In most of the current large-
scale mapping, the labels usually rely on existing historical 
products rather than manual annotation, which improves the 
convenience of obtaining labels. However, a number of prob-
lems and challenges exist when applying the historical LULC 
products, such as the differences in data formats, mismatched 
spatial resolutions, inconsistent classification systems, pixel 
misalignment caused by image offset, different reference time, 
and classification differences between products. These uncer-
tainties can lead to adverse effects on the generated labels as 
well as the subsequent modeling [ 27 ]. Therefore, there is an 
urgent need for new technologies to reduce the cost of collect-
ing LULC labels for high-resolution imagery.

   Based on the above considerations, (a) we proposed an 
innovative artificial data annotation engine called initial and 
expanded labeling (IEL), which can generate high-quality and 
diverse labels with the same resolution as the images, using a 
large number of available crowdsourced data as prompts. This 
alleviates the problems encountered in the joint use of crowd-
sourced data and the challenge of scarce labels in large-scale 
high-resolution LULC mapping. (b) Using the dataset gener-
ated by the IEL data annotation engine, we created a product 
called EcoVision. It is the first large-scale submeter-level LULC 
product covering the urban areas of 42 major cities in China, 

with a spatial resolution of 0.5 m and an overall accuracy 
of 83.6%.   

Materials and Methods

Classification system
   Based on the landscape style of urban areas in China and both 
domestic [  28 ] and foreign research [  29 ], EcoVision has defined 
a classification system consisting of 8 representative LULC cat-
egories for the urban areas of 42 cities in China: other impervi-
ous surface areas (OISAs), grass/shrubs, trees, soil, buildings, 
water, roads, and agriculture. Compared to Ref. [ 28 ], we added 
the category of agriculture to support detailed urban-ecological 
studies, and meanwhile, our land cover systems are consistent 
with Ref. [ 29 ], involving basic urban land cover categories.

   Firstly, compared to medium/low-resolution imagery, high-
resolution remote sensing imagery has richer information on 
land cover texture, shape, and spatial distribution, having the 
potential for more detailed classification. Therefore, as a com-
mon LULC type in urban areas, impervious surfaces are further 
divided into buildings, roads, and OISAs in EcoVision to facili-
tate more in-depth urban studies. Among them, buildings 
include various types of structures such as residential, com-
mercial, and industrial buildings, roads include urban roads of 
all levels and transportation facilities such as bridges, and OISAs 
refer to hardened surfaces other than roads and buildings, such 
as parking lots and squares. These features are clearly visible on 
remote sensing imagery, are greatly affected by human activities, 
and are also areas of frequent human activity.

   Secondly, LULC types such as grass/shrubs, trees, soil, agri-
culture, and water have important ecological and landscape 
values in urban areas. Grass/shrubs include natural pasture and 
artificial grassland, mainly areas dominated by small woody or 
herbaceous plants with a height of usually less than 2 m; trees 
include tree stands or tree patches of woody vegetation with a 
height of usually more than 2 m; soil refers to barren soil or 
sandy land without vegetation cover, such as construction sites 
and quarries; agriculture mainly includes land used for crop 
cultivation; and water includes rivers, reservoirs, lakes, and 
other areas with water throughout the year.   

Study areas
   As shown in Fig.  1 , we focused on 42 major cities in China, 
including 4 municipalities, 26 provincial capitals, and 12 large 
cities, which represent different urban scales, landscape char-
acteristics, and urbanization intensities. We used the 2020 
global urban boundary products [  30 ] to extract the urban areas 
of the 42 cities [  31 ] as the mapping areas. The selection of cities 
is the same as the Hi-ULCM product [ 28 ], aiming to generate 
an LULC product with a wider coverage area, higher resolution, 
and richer details based on it. In addition, the category of agri-
culture is added to support more detailed urban ecological 
studies.           

Imagery and crowdsourced geographic information
   We collected images with a spatial resolution of 0.5 m from 
Google images, which were acquired approximately between 
2019 and 2020. Due to their diverse sources, the images exhibit 
a variety of imaging conditions such as different seasons, angles, 
and tones. To mitigate the impact of color variations, all images 
were pre-processed using standardization and normalization 
techniques [  32 ]. Additionally, the input patch size for the deep 
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learning network was defined as 1,024 × 1,024 pixels. In the 
end, about 270,000 remote sensing images were collected for 
these 42 major cities in China.

   We collected currently popular large-scale products related 
to LULC as our crowdsourced data:

1. � Huang et al. [33] used a semi-supervised learning method, 
combined with incomplete labels from OpenStreetMap 
(OSM), and used Google imagery from 2019 to 2020 to 
extract China’s 0.5-m-resolution building footprint data 
(CBF). The overall F1-score [34] of CBF reached 83.71%.

2. � Li et al. [35] used Google imagery from 2019 to 2020 
and deep learning technology to produce the first open 
map of urban construction sites (UCS) in China at 
0.5 m resolution, with a classification accuracy of 94.2%.

3. � Huang et al. [28] used 2015 ZY-3 satellite imagery and 
a semi-automatic process to produce a 2-m-resolution 
urban land cover map covering 42 major cities in China, 
called Hi-ULCM, with an overall accuracy of 88.6%. Its 
classification system includes 7 categories: OISAs, grass/
shrubs, trees, bare soil, buildings, water, and roads.

4. � Li et al. [25] used a semi-supervised learning method to 
create the first national land cover map of China at 1 m 
resolution using a deep learning framework and open-
access data based on Google imagery from December 
2022, with an overall accuracy of 73.61%. Its classifica-
tion system includes 11 categories: tree cover, shrubland, 
grassland, cropland, building, traffic route, barren and 
sparse vegetation, snow and ice, water, wetland, and 
moss and lichen.

5. � Huang et al. [36] used Sentinel-1 and Sentinel-2 data 
from 2016 and machine learning algorithms to produce 
the global impervious surface area (GISA) map at 10 m 
resolution, with an overall accuracy of 86%.

6. � OSM data are a product widely used in global urban 
research [37]. They are a series of user-generated 

maps collaboratively edited by a large number of 
volunteers. The data quality and completeness of OSM 
vary greatly across different regions, and the data in 
some areas may not be detailed or accurate enough. 
We downloaded OSM data related to LULC catego-
ries (OSM_Polygon) and road-related data (OSM_
Polyline) in June 2019.

   The crowdsourced geographic data information we used are 
shown in Table  1 .    

Annotation of validation samples
   It should be noted that although the 42 cities we focused on are 
all densely populated regions in China, they cover a large geo-
graphical area and exhibit diverse natural landscapes. The dif-
ferences in these natural landscapes have an important impact 
on urban LULC patterns, especially as some cities display 
unique urban landscapes or surface materials [ 28 ]. Therefore, 
to evaluate the effectiveness of IEL in large-scale LULC map-
ping, we implemented a random sampling scheme. We ran-
domly collected image patches in each study city and marked 
them as validation samples through manual interpretation. 
Specifically, 2,385 image patches were collected in the 42 study 
cities, with each patch being 100 × 100 pixels, covering an area 
of approximately one-ten-thousandth of the study area. All 
23,850,000 pixels were marked by manual visual interpretation. 
The patches in each city were selected randomly, and the num-
ber of patches depended on the urban area of each city (Fig.  1 ). 
It should be pointed out that the selected cities have unique 
and diverse landscape characteristics, which not only ensures 
the breadth of the validation samples but also increases the 
representativeness and reliability of the samples. The annota-
tion of the validation samples was completed by a team of 3 
interpreters within 1 month. To ensure consistency among the 
interpreters, they interpreted the ground objects in the images 
synchronously as a team. The proportions of LULC categories 
in the validation samples are as follows: OISAs: 20.8%, grass/

Fig. 1. The number of validation samples for the 42 study sites in China, including 4 municipalities, 26 provincial capitals, and 12 large cities.
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shrubs: 8.8%, trees: 11.1%, soil: 7.5%, buildings: 24.5%, water: 
7.1%, roads: 11.9%, and agriculture: 8.3%.   

IEL data annotation engine
   To address the issues of low efficiency in manual labeling 
and the difficulty in constructing costly label sets for large-
scale LULC mapping, this study developed a data annota-
tion engine called IEL (Fig.  2 ), which consists of 2 stages: 
(a) Priority-based weighted voting stage (stage 1): Prompt 
data (prompt) matching the image resolution are generated 
by pre-processing crowdsourced data. A small number of 
high-confidence pixels of determined categories (trusted 
pixels) are obtained through weighted voting based on prod-
uct quality and spatiotemporal information, forming the 
initial label map (Label_Map0). (b) Iterative expansion stage 
(stage 2): An end-to-end semantic segmentation model is 
trained based on Label_Map0 to predict the imagery and gen-
erate new prompt data. The predicted results are combined 
with other products through a second voting process to build 
an expanded label. The model and label are iteratively opti-
mized (Label_Mapi → Label_Mapi+1) until the model’s per-
formance stabilizes, ultimately obtaining a high-precision 
mapping model and label.        

   Overall, this method includes 2 stages, aiming to obtain a 
large number of accurate and diverse labels from a large num-
ber of available crowdsourced data, and ultimately achieve the 
production of submeter-level LULC products for 42 major cities 
in China. The technical details of each stage of IEL are described 
in the following text.   

Priority-based weighted voting
   As introduced in the “Imagery and crowdsourced geographic 
information” section, the crowdsourced data related to LULC 
include vector data, LULC products, and thematic products. 
However, directly generating labels from these data would face 
3 major challenges: First, the data formats are inconsistent and 
the spatial resolutions are mismatched. Second, the classifica-
tion systems are inconsistent. Third, there are label conflicts, 
mainly manifested as pixel misalignment due to image shift-
ing, inconsistent reference times, and classification differences 
between products. To address these 3 issues, this study designed 
a weighted voting strategy to achieve low-cost automated label 
production in 3 steps.

   The first step is to address the differences in data formats 
and the mismatches in spatial resolution in crowdsourced 

data. Polygon data can be converted to raster data through 
rasterization, and polyline data can be transformed to raster 
data by expanding a buffer zone around their centerlines. 
The resolution of the raster data obtained from this process 
is set to the same as that of the target imagery, thus unify-
ing all data into raster format. Subsequently, the nearest-
neighbor interpolation method can be used to resample 
the remaining products with mismatched resolutions. Given 
that the LULC values in the products are discrete data, the 
nearest-neighbor interpolation can effectively ensure the 
stability of the LULC information while generating more 
detailed new values.

   The second step is to address the inconsistency of product 
classification systems within the crowdsourced data. In order 
to avoid the subjectivity caused by human operations, we 
introduced large language models, specifically GPT-4o 
[  38 ], to objectively establish classification mapping rela-
tionships across different LULC products. This was achieved 
through the following prompt-based approach: “Given your 
expertise and extensive experience in the field of LULC map-
ping, please convert the classification system used in <an 
existing product (reference)> into the classification system 
of <the target system>.” In this study, the target classifica-
tion system comprises 8 categories: OISAs, grass/shrubs, 
trees, soil, buildings, water, roads, and agriculture. GPT-4o 
can achieve the mapping of different classification systems 
by learning the knowledge from the reference materials. For 
example, for the SinoLC-1 used in this study, GPT-4o suc-
cessfully mapped several categories, such as tree cover to 
trees, shrubland and grassland to grass/shrubs, cropland 
to agriculture, building to buildings, traffic route to roads, 
barren and sparse vegetation to soil, and water to water. 
Furthermore, it identified that there are no corresponding 
mapping relationships for the categories of snow and ice, 
wetland, and moss and lichen within the SinoLC-1 classifica-
tion system relative to the target system. Similarly, the cat-
egories of all the LULC products can be mapped according 
to the reasonable relationships provided by GPT-4o, trans-
forming them into the classification system of the final 
product. The same method can be applied to the thematic 
products for category mapping. It should be noted that, due 
to differences in category definitions, the mapping relation-
ships may not always be simple one-to-one or many-to-one 
mappings, and there may also be complex mappings such as 
one-to-many or many-to-many. For example, GISA records 

Table 1. Crowdsourced geographic information

Product Format Resolution (m) Time Category

CBF [33] Raster 0.5 2019–2020  Buildings

UCS [35] Raster 0.5 2019–2020  Urban construction sites

Hi-ULCM [28] Raster 2.0 2015  OISAs, grass/shrubs, trees, bare soil, buildings, water, and roads

SinoLC-1 [25] Raster 1.0 2022  Tree cover, shrubland, grassland, cropland, building, traffic route, barren 
and sparse vegetation, snow and ice, water, wetland, and moss and lichen

GISA [36] Raster 10.0 2016  Impervious surface area

OSM Vector ﻿ 2019  OISAs, grass/shrubs, trees, soil, buildings, water, roads, and agriculture
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all impervious surfaces, which correspond to the 3 more 
specific impervious surface categories (OISAs, roads, 
and buildings) in the EcoVision classification system; Hi- 
ULCM does not have the agriculture category, and GPT-4o 
suggests that agriculture may be mixed into the bare soil and 
grass/shrubs categories, resulting in a 2-to-3 mapping rela-
tionship between bare soil and grass/shrubs in Hi-ULCM 
and the agriculture, grass/shrubs, and soil in the EcoVision 
classification system. After the above pre-processing, each 
crowdsourced data are converted into raster data, represent-
ing a single category or multiple categories, which we call 
“prompt”.

   The third step aims to solve the problem of conflicting 
label classification (Fig.  3 ) by proposing a priority-based 
weighted voting strategy to generate initial labels for image 
patches. The strategy is based on each image-patch pixel and 
centers on 3 key hyperparameters: priority sequence, weights, 
and confidence thresholds. The specific implementation pro-
cess is as follows: For each image patch, all corresponding 

prompts are collected. Then, based on these prompts, the 
priority sequence is established by using the principle of 
“easy-to-judge first”. Prompts mapped to the target category 
are collected in priority order, and the confidence for each 
pixel in the image patch is computed by weighted summation 
based on reference time, spatial resolution, and accuracy of 
each prompt. Once the threshold for that category is reached 
by a pixel’s confidence, the pixel is considered to be a trusted 
pixel, which is classified accordingly, and excluded from fur-
ther calculations. The remaining pixels continue to partici-
pate in the evaluation of the next priority category until all 
category determinations have been completed. The labeling 
results generated in this stage are defined as Label_Map0 in 
this study.        

   The priority sequence for each image patch follows the 
“easy-to-judge first” principle. Specifically, for each image 
patch, categories supported by single-category thematic 
products with the same or higher spatial resolution are 
given priority, as these data can meet the requirements 

Rasterization
and

resampling

Class-wise 
weighted 
summation

Threshold-
based 

binarization Merge 

Semantic 
segmentation 

model

 Priority-based weighted voting

Iterative expansion

Crowdsourced 
data Prompt

Label_Mapi+1
Label_Mapi

Image

Label_Map0

Output Prompt

No longer improve

Label

A

B

Fig. 2. The initial and expanded labeling (IEL) data annotation engine for LULC mapping using semantic segmentation model and crowdsourced data. (A) Priority-based 
weighted voting. (B) Iterative expansion.
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for spatial refinement. Secondly, categories are sorted in descend-
ing order of the number of prompts, aiming to reduce the 
risk of misjudgment caused by insufficient prompts. Finally, 
categories are prioritized based on the validation accuracy of 
each prompt reported in its literature, ensuring that categories 
with high reliability are determined first.

   The weights (k) are determined in terms of the spatiotemporal 
consistency and validation accuracy. As shown in  Eq. 1 , level 1 
weight (k 1) is given to the thematic products with superior spa-
tiotemporal consistency and accuracy; level 2 weight (k 2) is 
given to the products with slightly inferior but still acceptable 
spatiotemporal consistency and accuracy; and level 3 weight 
(k 3) is given to products that have poor spatiotemporal consis-
tency and accuracy (the definitions of superior, slightly infe-
rior, and poor in this study are given in the “Framework 
implementation” section). In this way, the confidence of each 
pixel corresponding to the category can be calculated using 
 Eq. 2 , where  j = 0, 1, … ,m    represents the index of prompts, 
﻿i = 0, 1, … , n    represents the category of the final product, and 
﻿kj
i
    and  aj

i
   , respectively, indicate the weight and opinion of the 

corresponding  Promptj   . If  Promptj    considers the current pixel 
as the foreground of that category,  aj

i
    is 1; otherwise, it is 0.

﻿﻿  

﻿﻿   

   The process of determining the confidence thresholds 
for each category in each image patch is divided into 
2 steps: (a) For categories with simple mapping relation-
ships (i.e., one-to-one or many-to-one), determine whether 
there is a level 1 weight prompt under that category in the 
image patch. If so, its threshold is set as the level 1 weight 
to fully exploit the potential of high-quality data; otherwise, 
the thresholds are set as the sum of n associated level 2 and 
level 3 weight, aiming to avoid an excessive mixing of low-
confidence pixels, thereby ensuring the accuracy of the 
screening results. (b) For categories with complex mapping 
relationships (one-to-many or many-to-many), the thresholds 
are set by adding the sum of the weights of all complex map-
ping relationship prompts’ weights to the threshold deter-
mined in the first step, to avoid misclassification. We 
summarized the implementation process of the proposed 
priority-based weighted voting strategy for an image patch 
using the pseudo code (Algorithm 1), where H and W rep-
resent its height and width, respectively, and K represents the 
number of prompts corresponding to the currently processed 
category:

(1)k =

⎧
⎪⎨⎪⎩

k1, if superior

k2, if slightly inferior

k3, if poor

(2)

Confidencei=
∑m

j=0
k
j

i
a
j

i

where a
j

i
=

{
0, if Promptj=0

1, other

© Google Earth

© Google Earth

© Google Earth

© Google Earth

© Google Earth

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

Fig. 3. The classification differences between various prompts, as well as the results of priority-based weighted voting.
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        It is worth noting that considering that all prompts have 
the same spatial resolution as the image after pre-processing, 
and the above process is performed pixel by pixel, the spatial 
resolution of the obtained labels Label_Map0 is the same as 
that of the image. For our submeter-level Google imagery, 
Label_Map0 is still at the submeter level. Figure  3  shows the 
results of priority based weighted voting.   

Iterative expansion
   So far, there are still some pixels whose LULC category has not 
been determined, mainly due to the limitations of each prompt, 
which result in the confidence levels for all categories corre-
sponding to these pixels not reaching the preset threshold. In 
addition, Label_Map0 is largely constrained by the coverage area 
of historical products, making it difficult to apply in regions 
where historical products are scarce. Therefore, we further intro-
duced a semantic segmentation network to fully ensure the num-
ber of prompts corresponding to each image patch and gradually 
classify the remaining undetermined pixels. The semantic seg-
mentation model is a deep learning model that automatically 
learns the category of each pixel based on the contextual informa-
tion of the image patch by training on a large amount of labeled 
data, achieving pixel-by-pixel classification of the image patch.

   Specifically, the Label_Map0 generated in the first stage was 
used as the label for the image patches to construct a dataset. 
A semantic segmentation network was trained based on this 
dataset, ignoring the loss propagation of pixels with undeter-
mined categories in the labels, thus obtaining a network model 
that has learned LULC classification knowledge. Unlike Label_
Map0, which has pixels with undetermined categories, the 
trained semantic segmentation model can classify all pixels of 
each image patch based on the classification knowledge in the 
dataset, generating a predicted result of the same size. Although 
the model’s prediction results can be directly used as the final 
mapping results, to make more rational use of its information, 
the model’s prediction results were regarded as a new type of 
prompt. By combining historical products, we continued to 
vote for all pixels with undetermined categories in the image 

patches, generating labels with more trusted pixels, denoted as 
Label_Map1. Compared to directly using the model output for 
mapping, the introduction of prompts aims to further utilize 
information from historical products, alleviate bias during 
model training, improve label accuracy, and enhance the mod-
el’s ability to classify complex land features.

   The difference of the voting process between the first and the 
second stage lies in the addition of a new prompt, “model predic-
tion”, for each image. According to the setting principles of prior-
ity sequence, weights, and confidence thresholds described in the 
“Priority-based weighted voting” section, for each image patch, 
the priority sequence remains unchanged. Meanwhile, the one-
to-one mapping relationship between the new prompt and the 
target product also keeps the confidence thresholds unchanged 
and the weights of the other prompts remain the same, while the 
weight of the new prompt is determined only by the validation 
accuracy analysis. In this way, “model prediction” is involved in 
the priority-based weighted voting strategy to generate Label_
Map1 with more trusted pixels.

   It can be seen that the new label Label_Map1 involved in the 
semantic segmentation model can be used to construct a new 
dataset with the original image patches, and the new dataset can 
be used to train a new semantic segmentation model. Therefore, 
to obtain the best model and labels, as shown in Fig.  2 B, we 
incorporated model training and label expansion into a loop 
process. Specifically, in each round, the dataset generated by the 
initial labels and the original image patches was used to train the 
model. When the accuracy of the model did not improve on the 
validation samples, the model outputs for the image patches were 
fed into the priority-based weighted voting to generate new labels 
with more trusted pixels. This iterative process continued until 
the accuracy of the model on the validation samples reached a 
saturation point, resulting in the final mapping model and label. 
It is worth noting that in this iterative process, the priority 
sequence, weights, and confidence thresholds of each image 
patch did not change, and the trusted pixels of each round were 
saved to the next loop, aiming to make full use of the pixel labels 
generated in the previous steps to assist model learning. Among 

Algorithm 1. Pseudo code for priority-based weighted voting strategy.  
# Ps: the prompts corresponding to the current image patch, each sized H × W 

# map: find prompts that have a mapping relationship with the current class 

# ps: rules for setting the priority sequence of target product classes 

# w: rules for setting weights 

# t: rules for setting thresholds 

# Out: label after the first stage 

Cs = ps(Ps) # priority sequence, sized N, represents the n categories of the target product 

for C in Cs do 

    P = map(C, Ps) # the prompts mapped to the C category, sized K × H × W 

    Ws = w(P) # Weights, sized K × 1 × 1 

    Ts = t(P) # Thresholds, sized N 

    Conf = sum(P × Ws, axis=0) # confidence of the current category, sized H × W 

    Out = where(Conf > Ts[C] and Out is Null, Conf, Out) # only set categories for undetermined pixels 
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them, Label_Mapi is iterated to obtain Label_Mapi+1, and the 
final label is Label_Mapx. Figure  4  shows the iterative process 
and final results of the labels of several of our Google image 
patches in the second stage. In addition, we have summarized 
the implementation process of the proposed iterative expansion 
method for image patches using pseudo code (Algorithm 2):          

   In this way, by fully considering the historical product infor-
mation corresponding to each image patch and using the 
semantic segmentation model with submeter-level image LULC 
classification knowledge, IEL generated high-quality and diverse 
labels. The final large-scale mapping result is based on the final 
label Label_Mapx, with the mapping model supplementing the 
small number of undetermined pixels.   

Framework implementation
   The IEL data annotation engine was implemented using PyTorch 
2.1.1 and Python 3.9, and runs on a single NVIDIA GeForce 
RTX3090 TI graphics processing unit (GPU) accelerator equipped 
with a memory capacity of 24 GB. The deep learning model 
involves different semantic segmentation models in the second 
stage of IEL. We selected several state-of-the-art semantic segmen-
tation networks for our experiments. These models, encompassing 
CNN (convolutional neural network)-based and transformer-
based semantic segmentation approaches, included UNet [  39 ], 
HRNet [  40 ], PSPNet [  41 ], DeepLab V3+ [  42 ], ViT [  43 ], Swin 
transformer [  44 ], and SegFormer [  45 ]. The first 4 models are 
CNN-based: UNet has a symmetric encoder–decoder structure 
with skip connections, HRNet maintains high-resolution fea-
tures throughout the model, PSPNet incorporates a pyramid 
pooling module, and DeepLab V3+ combines depthwise sepa-
rable convolution and atrous convolution. The last 3 networks 
are transformer-based: ViT applies transformers directly to 
image patches, Swin transformer proposes a hierarchical struc-
ture with shifted windows, and SegFormer integrates multi-
scale features in a simple yet effective manner for semantic 
segmentation. In the comparative experiments, Label_Map0 
was uniformly used as the label for Google image patches to 
train these 7 models. After validation, the OA of the above 
models were 79.92%, 80.06%, 78.89%, 80.12%, 78.92%, 79.85%, 
and 78.22%, respectively. DeepLab V3+ showed the best 

performance during training. Therefore, the trained DeepLab 
V3+ was used in the iterative expansion stage of IEL. In the 
training stage, the models were uniformly trained for 10 epochs 
using the Adam optimizer with a batch size of 1, and only the 
model with the best performance on the validation samples 
was retained. All models were supervised by cross-entropy, 
with a learning rate of 0.01. The momentum parameter was set 
at 0.9, complemented by a weight decay of 0.0005.

   Detailed mapping relationships between various products 
and the EcoVision classification system are presented in Table 
 2 . In this study, level 1 weight (k 1 = 0.3) was assigned to the-
matic products with a time difference of no more than 1 year, 
a spatial resolution no lower than that of the target imagery, 
and an accuracy higher than 85%; level 2 weight (k 2 = 0.2) 
was given to products with a time difference of no more than 
5 years, a resolution no lower than 4 times the spatial resolution 
of the target imagery, and an accuracy higher than 80%; and 
level 3 weight (k 3 = 0.1) was applied to the remaining products. 
The threshold was set as the sum of associated 3 level 3 prompts’ 
weights. The priority sequence, weights, and confidence thresh-
olds in Table  3  can be used to convert the products used in this 
study into labels, and their accuracy assessment is presented in 
“Performance of each stage of IEL” section.     

Accuracy assessment
   We compared EcoVision with the validation samples using 4 popu-
lar metrics—overall accuracy (OA), user’s accuracy (UA), pro-
ducer’s accuracy (PA), and F1-score. In addition, we further 
visually compared EcoVision with 2 sets of LULC products, includ-
ing 2 high-resolution products: SinoLC-1 and Hi-ULCM, and 3 
open-access medium-resolution LULC products: ESRI_2020 [  46 ], 
ESA_WorldCover [  47 ], and FROM-GLC10 [  48 ].    

Results

Performance of EcoVision
   Figure  5  shows the overall visual illustration of EcoVision for 
some cities, as well as the mapping results and details in the 
representative city of Nanjing. Figure  5  shows that buildings, 
roads, and OISAs are distributed in the city center, while roads 
crisscross between various blocks, forming a dense network. 
The main river meanders from the suburbs through the city, 
and other water bodies such as ponds, reservoirs, and creeks 
are distributed in a patchy or linear pattern. Although agricul-
ture, soil, grass/shrubs, and trees are also sparsely distributed 
in the urban area, they are mainly found in the suburbs. 
Therefore, the overall visual results of EcoVision accurately 
reflect the spatial distribution of multiple LULC categories and 
demonstrate the actual layout and development characteristics 
of Chinese cities.        

   Using 2,385 validation samples of size 100 × 100 generated 
from 42 cities, the OA of EcoVision is 83.63%. Table  4  shows the 
confusion matrix calculated from the validation samples, which 
is used to represent the OA of EcoVision, as well as the corre-
sponding PA, UA, and F1-score for each category. Considering 
that, to our knowledge, this is the first submeter-level LULC 
product covering a large area of China, and given the proposed 
IEL engine, which uses a weakly supervised approach to elimi-
nate the tedious task of manually drawing labels, the mapping 
results are generally satisfactory. 

   As seen from Table  4 , the F1-scores of all LULC categories 
except grass/shrubs (68.38%) and soil (78.00%) are above 80%. 

Algorithm 2. Pseudo code for iterative expansion. 
# Is, Iv, Ls, Lv, Ps: all images, validation images, their labels and all prompts

# train: train model with all images and labels until validation loss no longer decreases

# val: validate model with validation images and labels

# infer: perform model inference

# pwv: priority-based weighted voting

# Out: the final label 

V_max = -inf

while True:

train(model, Is, Ls, Iv, Lv)

V = val(model, Iv, Lv)

if V > V_max :

V_max = V

P = infer(model, Is)

Ls = pwv(P, Ps, Ls)

else:

break
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© Google Earth

© Google Earth

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

Fig. 4. The generation process of label within the iterative expansion.

Table 2. Category relations between various products and the proposed EcoVision. The road polyline is uniformly expanded by a buffer zone 
of 1.5 m. Italic indicates product names.

Vector product LULC thematic product
Single-category thematic 
product Output product

OSM Hi-ULCM SinoLC-1 EcoVision

 Apron, dam, fuel, parking, pitch, sports 
center, track, stadium

OISAs ﻿ GISA OISAs

 Grass, meadow Grass/shrub Shrubland, grassland ﻿ Grass/shrub

 Forest, orchard, scrub Trees Tree cover ﻿ Trees

 Quarry Soil Barren and sparse  
vegetation

UCS Soil

 Car dealership, bank, commercial Buildings Building CBF, GISA Buildings

 Water, reservoir, dock, riverbank Water Water ﻿ Water

 Living street, motorway, motorway 
link, path, primary, primary link, 
residential, secondary, secondary link, 
service, tertiary, tertiary link, track, 
trunk, trunk link

Roads Traffic route GISA Roads

 Farmland Grass/shrub, Soil Cropland ﻿ Agriculture
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Among them, the F1-score of buildings is the highest (90.00%), 
which reflects the efficacy of the high-quality product CBF in 
label production in this study. In addition, the results of 
F1-score indicate that the performance of EcoVision for the 
basic urban scenes—buildings (90.00%), roads (83.04%), and 
OISAs (81.09%)—can meet the needs of urban spatial analysis. 
For each LULC category, except for OISAs, grass/shrubs, and 
trees, the PA of the remaining 5 LULC categories is higher than 
the UA. The performance of the final product is satisfactory in 
most categories, as the accuracy of most categories is above 
75%. As shown in Fig.  6 , the UA, PA, and F1-score of the 8 land 
cover categories in the 42 cities are generally stable. Categories 

like buildings, water, and agriculture have stably high accuracy, 
with median F1-scores above 85%. Overall, the performance 
of EcoVision is satisfactory and has the potential to provide 
more detailed data for the study of urban environments.           

City-level LULC in EcoVision
   We summarized the area of each LULC category in the urban 
areas of all 42 studied cities. Figure  7  shows the geographical 
regions and the percentages of LULC categories for each city, 
facilitating comparisons of the proportions of various LULC 
categories between or within cities. Among the 42 cities, the 
area occupied by buildings has the largest proportion, averaging 

A

C

a c d e
© Google Earth © Google Earth © Google Earth © Google Earth © Google Earth

b

OISAs

Grass/shrubs

Trees

Soil

Buildings

Water

Roads

Agriculture

B

Fig. 5. An illustration of EcoVision for some cities (A), the results for Nanjing (B), and the close-up maps of Nanjing and the corresponding Google images (C).

Table 3. Voting parameter settings of different prompts for Label_Map0 in EcoVision

Category CBF UCS Hi-ULCM SinoLC-1 GISA OSM Threshold

 Buildings 0.3 ﻿ 0.2 0.1 0.1 0.1 0.4

 Soil ﻿ 0.3 0.2 0.1 ﻿ 0.1 0.5

 Roads ﻿ ﻿ 0.2 0.1 0.1 0.1 0.4

 Water ﻿ ﻿ 0.2 0.1 ﻿ 0.1 0.3

 Trees ﻿ ﻿ 0.2 0.1 ﻿ 0.1 0.3

 Grass/shrub ﻿ ﻿ 0.2 0.1 ﻿ 0.1 0.4

 OISAs ﻿ ﻿ 0.2 ﻿ 0.1 0.1 0.4

 Agriculture ﻿ ﻿ 0.2 0.1 ﻿ 0.1 0.4
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19.17%, followed by agriculture (17.29%), OISAs (13.37%), trees 
(12.80%), roads (11.18%), soil (11.09%), water (9.44%), and grass/
shrubs (5.66%). There are no obvious geographical differences in 
the area percentages of artificial surfaces (i.e., buildings, roads, 
and OISAs). Cities in the north and west (including N, NE, NW, 
and SW regions) generally have a lower proportion of water areas, 
while some cities in the south and east (including E and S regions) 
have a relatively higher proportion. A similar trend is also 
observed in the central region, where Changsha and Wuhan in 
the south have larger water areas, while Zhengzhou has a relatively 
smaller proportion. In addition, the proportion of green spaces 
(including grass/shrubs and trees) is relatively high in the E, S, 
and SW regions, exceeding 10% in most cities, except for Shanghai 
and Suzhou. This may be related to the generally more suitable 
climate for plant growth in these areas. Bare soil tends to be more 
common in N and E, and less so in W and S.            

Discussion

Performance of each stage of IEL
   In this section, we introduced the quantitative results obtained 
from the intermediate processes of IEL, aiming to illustrate the 
value of each stage. First, the performance of Label_Map0 and 
Label_Map1 is shown in Table  5 . 

   Overall, both Label_Map0 and Label_Map1 achieved good 
OA performance. The excellent performance of Label_Map0 
demonstrates the potential of using existing products to provide 
labels, which is also the main source of initial labels for the data 
annotation engine we proposed. In comparison, the results of 
Label_Map1 show that the supplementation through seman-
tic segmentation models can also bring additional benefits 
to the labels. Especially for grass/shrubs, the PA in Label_Map0 
was only 32.32%, due to the lack of suitable grassland or 

Table 4. Mapping accuracy based on validation samples for EcoVision over the 42 cities

Accuracy OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

 PA (%) 76.29 55.09 80.09 90.52 92.30 88.31 90.94 90.20

 UA (%) 86.53 90.12 88.93 68.53 87.82 82.54 76.41 80.50

 F1-score (%) 81.09 68.38 84.28 78.00 90.00 85.33 83.04 87.79

Fig. 6. Statistical results of EcoVision’s user’s accuracy, producer’s accuracy, and F1-scores in 42 cities.
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shrub products currently available. Through the model’s sup-
plementation, its PA increased to 45.31%. It should be noted 
that, as previously introduced, both Label_Map0 and Label_
Map1 include unlabeled pixels. To estimate the proportion of 
trusted pixels for the 2 labels within the entire dataset, we sys-
tematically counted their numbers and proportions in the vali-
dation samples. As shown in Table  5 , the “Ratio” column 
reflects that the count of trusted pixels exhibits a progressive 
increase through iterative optimization.

   This study incorporates the relatively low-resolution product 
GISA (10 m), and its positive role in EcoVision is elaborated as 
follows. On the one hand, high-resolution impervious sur-
face products are scarce. As one of the highest-resolution large-
scale relevant thematic products, the GISA (10 m) product 

serves as a vital reference for the OISAs category, and avoids 
uncertainty from relying on a single data source. As shown in 
Table  2 , only 2 raster products (GISA and Hi-ULCM) provide 
data for the OISAs category. On the other hand, by assigning a 
low weight to the GISA product and placing the OISAs category 
in a later order during the voting process, the data engine can 
effectively reduce classification errors. Figure  8  visually demon-
strates the positive role of the GISA product. The first row shows 
how our engine uses GISA to automatically correct the classifica-
tion errors in the Hi-ULCM product for the top-left part, hence 
preventing error accumulation. The second row illustrates that 
even with resolution differences, the use of low-resolution GISA 
product in the high-resolution land cover classification does not 
lead to coarse-grained misclassifications in the final product.        

N

SW

C

NE

E

S

NW

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

Fig. 7. The LULC composition of 42 major Chinese cities in EcoVision, categorized by geographical region.
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   In this study, we proposed an iterative expansion method 
aimed at fully exploiting the advantages of various products 
and semantic segmentation models. To verify the effectiveness 
of this method and determine the best number of iterations, 
we conducted experiments in 42 cities. Using the same Google 
imagery data, we trained the model with labels generated from 
different numbers of iterations and validated each set of gener-
ated labels. With the increase number of iterations, the OA 
of the model gradually increased and reached the highest 
point. Specifically, the first iteration brought the greatest 
improvement, increasing the accuracy from 80.12% to 82.26%. 
In subsequent iterations, the accuracy further improved to 
83.13% and 83.60%, with the increments becoming progres-
sively smaller. After 4 iterations, the model’s accuracy stabilized 
at 83.79%.

   Figure  9  displays several Google images of different styles 
and the visual results of the model outputs during each itera-
tion, further illustrating the benefits brought by iterative expan-
sion. Specifically, roads vary in size (e.g., small countryside 
pathways versus big highways), and the surface material could 
be asphalt, concrete, or gravel. In urban areas, they are easily 
obscured by tall buildings, resulting in large areas of shadow 
and further presenting different styles. The initial labels had 
low diversity, which made the model somewhat inadequate in 
dealing with road extraction with high intra-class differences, 
leading to a considerable omission of roads (Fig.  9 A and B). As 
the number of iterations increased and the labels became more 

diverse, the model’s performance in road extraction showed 
a stable and marked improvement trend. Similar to roads, 
OISAs also have different styles, and in the visible spectral 
information, they are very similar to the exposed rock surfaces 
in the soil category, which is why OISAs and soil are easily 
confused in the initial iterations (Fig.  9 B). Similar situations 
also occur with farmland and muddy water bodies both appear-
ing brownish (Fig.  9 C), dark water bodies and dense forests, as 
well as shadows caused by tall buildings (Fig.  9 A and E). 
However, the distinction among these features showed a stable 
improvement trend with iteration, thanks to our proposed 
iterative expansion, which enriched the label and further 
increased intra-class diversity. Meanwhile, to filter out inap-
propriate pixels and avoid the contamination of the label by the 
model’s incorrect output (such as the phenomenon of large 
areas of water or forest appearing in urban commercial districts 
during initial iterations), the role of other prompts should not 
be overlooked. They can effectively filter out unreliable infor-
mation and prevent cumulative errors in the model. It is worth 
noting that we were pleasantly surprised to find that the advan-
tage of iteration is also quite evident for the agriculture extrac-
tion. Unlike the other LULC classes, the agriculture category 
has fewer prompts, only from SinoLC-1 and OSM_Polygon. 
However, the amount of agriculture in OSM_Polygon is rela-
tively small, and the accuracy of agriculture in SinoLC-1 is 
relatively low (reportedly, its PA is 71.07% and UA is 67.86%). 
Therefore, directly introducing them as labels would inevitably 

Table 5. Mapping accuracy and number of trusted pixels based on validation samples for Label_Map0 and Label_Map1

Label Accuracy OISAs
Grass/
shrubs Trees Soil Buildings Water Roads Agriculture OA (%) Ratio (%)

 Label_Map0 PA (%) 76.93 32.32 88.08 91.23 93.12 91.49 86.98 87.82 88.28 45.43

UA (%) 88.82 56.83 89.13 78.55 91.36 90.01 89.21 88.38

F1-score 
(%)

82.45 41.21 88.60 84.42 92.23 90.74 88.08 88.10

 Label_Map1 PA (%) 74.25 45.31 82.41 94.32 93.88 92.58 92.28 93.88 87.59 79.12

UA (%) 90.88 89.03 88.56 79.22 92.84 89.18 83.69 86.02

F1-score 
(%)

81.73 60.06 85.37 86.11 93.36 90.85 87.78 89.78

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

Fig. 8. The data engine IEL can effectively utilize low-resolution GISA and provides valuable support for producing EcoVision.
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affect the final agriculture extraction. However, through itera-
tion, we overcame the limitations of the original products and 
filtered out unreliable and uncertain agricultural pixels from 
SinoLC-1, which gradually improved the model’s ability to 
extract agricultural land (Fig.  9 D and E). As for the building 
category, there was not much change throughout the itera-
tion, thanks to the high-quality China’s building footprint 
product CBF.           

Comparison with state-of-the-art LULC datasets
   In this section, we compared the EcoVision product with 2 
high-resolution LULC products and 3 medium-resolution 
LULC products, in terms of both visualization and quantitative 
results. The spatial resolution, LULC types, and their corre-
sponding relationships are shown in Table  6 . Figure  10  displays 
a visual comparison of the 6 products in several local areas. 
Despite the differences in spatial resolution or geographical 

coverage among these products, through comparative analysis, 
we can still intuitively feel that EcoVision, with its higher-
resolution imagery and high-quality labels generated by the 
data annotation engine IEL, is able to capture more detailed 
urban spatial features and more accurately distinguish various 
LULC classes in heterogeneous areas.         

   The city center is covered by a large amount of impervious 
surface. In Fig.  10 , this LULC type is represented rather roughly 
in the 3 medium-resolution products, only able to be roughly 
identified as impervious surfaces or buildings, and it is difficult 
to further subdivide them into roads, buildings, and OISAs (Fig. 
 10 ). Compared with Hi-ULCM, which is also a high-resolution 
product, EcoVision has a higher spatial resolution and more 
detailed classification, especially with the addition of the agri-
culture category, thus providing more comprehensive urban 
ecological information. In the Hi-ULCM product, the data for 
water, buildings, and roads are directly sourced from OSM and 

© Google Earth

© Google Earth

© Google Earth

© Google Earth

© Google Earth

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture

A A_0 A_1 A_2 A_3 A_4

B B_0 B_1 B_2 B_3 B_4

C C_0 C_1 C_2 C_3 C_4

D D_0 D_1 D_2 D_3 D_4

E E_0 E_1 E_2 E_3 E_4

Fig. 9. Various styles of Google imagery (e.g., “A”, “B”, and “C”) and their corresponding iterative results (e.g., “A_1” signifies the results of the model trained with Label_map0), 
demonstrating the advantages gained through the iterative process.
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China’s web map service providers A-map and Map World, rather 
than being extracted from imagery. Although this method 
reduces the cost of data acquisition, its reference time is unreli-
able, and the data quality still needs further verification [  49 ]. For 
example, there are omissions of water in Fig.  10 A, buildings in 
Fig.  10 C, and roads in Fig.  10 D. Compared with the SinoLC-1 

product, which only contains building and road information, 
EcoVision further supplements other impervious surface infor-
mation in urban areas and demonstrates superior performance 
in the extraction of building footprint information, by accurately 
identifying and extracting individual buildings. When address-
ing the issue of shadow caused by high-rise buildings in city 

Table 6. Category relations among FROM_GLC10, ESA_WorldCover, ESRI_2020, Hi-ULCM, SinoLC-1, and EcoVision

Product FROM_GLC10 (10 m) ESRI_GLC10 (10 m) ESA_GLC10 (10 m) Hi-ULCM (2 m) SinoLC-1 (1 m) EcoVision (0.5 m)

 LULC 
types

 Impervious area  Built area  Built-up  OISAs  Building  OISAs

 Buildings  Buildings

 Roads  Traffic route  Roads

 Forest  Trees  Tree cover  Trees  Tree cover  Trees

 Shrubland  Scrub  Shrubland  Grass/shrubs  Shrubland  Grass/shrubs

 Grassland  Grass  Grassland  Grassland

 Bare land  Bare  Barren/sparse 
vegetation

 Soil  Barren and sparse 
vegetation

 Soil

 Water body  Water  Permanent water 
bodies

 Water  Water  Water

 Cropland  Crops  Cropland ﻿  Cropland  Agriculture

OISAs Grass/shrubs Trees Soil Buildings Water Roads Agriculture Built area/Impervious area

A

B

C

D

Fig. 10. The visual comparison demonstrations of 6 products across 4 local regions show that EcoVision exhibits the best performance. (A) to (D) show Google images and 
corresponding land cover maps from different products.
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centers, the SinoLC-1 product often misclassifies shadows as 
other categories, resulting in phenomena such as road disconti-
nuity and the appearance of large areas of natural vegetation in 
city centers, which do not match actual observations. In contrast, 
EcoVision can accurately reveal the linear morphology of roads, 
overcoming the interference of roadside vegetation and high-rise 
buildings on road extraction.

   Based on the LULC mapping relationships in Table  6  and 
using the validation samples, we further quantitatively compared 
EcoVision with 5 LULC products, with the results presented in 
Table  7 . Overall, EcoVision achieves the best result in terms of 
OA with 83.63%, followed by Hi-ULCM (72.27%), SinoLC-1 
(51.13%), ESA_WorldCover (47.67%), ESRI_2020 (46.78%), 
and FROM_GLC10 (46.42%). In terms of the F1-score for each 
category, EcoVision also shows the best performance. From this, 
we have achieved the goal of generating an LULC product with 
a wider coverage area, higher resolution, and richer details based 
on Hi-ULCM. 

   In summary, compared to the current state-of-the-art LULC 
products over a large area, EcoVision, with its highest spatial 
resolution, richer detail representation, superior accuracy, and 
more detailed category classification, provides more accurate 
and comprehensive data support for research and applications 
in fields related to urban spatial analysis.    

Conclusion
   The contributions of this study lie in both methodology and 
product aspects. On the one hand, we proposed a 2-stage data 
annotation engine called IEL. In the first stage, it generates a 
small number of labels through priority-based weighted voting, 

while in the second stage, it iteratively extends these labels using 
semantic segmentation models. This method can overcome 
challenges, such as data format and resolution differences, 
inconsistent classification systems, and label conflicts between 
different products, avoid tedious manual pixel annotation, and 
effectively alleviate the challenge of label scarcity in large-scale 
high-resolution LULC mapping.

   Furthermore, we have created China’s first large-scale 
submeter-level LULC product, EcoVision, using labels generated 
by IEL. The spatial resolution of this product is 0.5 m, covering 
42 major cities in China. The product was validated with a total 
of 23,850,000 randomly selected pixels from the 42 cities, achiev-
ing an OA of 83.63%, providing high-quality reference for future 
related research. The superiority of EcoVision was also verified 
by comparing it with 5 other state-of-the-art LULC products, 
and it outperformed the only large-scale LULC product in China 
(SinoLC-1) in terms of OA, with higher resolution and richer 
details. The EcoVision dataset has been publicly released:  https://
doi.org/10.5281/zenodo.14921585 .   

Acknowledgments
   We gratefully acknowledge the free access of the SinoLC-1 prod-
ucts provided by Wuhan University, the ESA_WorldCover prod-
ucts provided by the European Space Agency, the ESRI_2020 
products provided by ESRI, Inc. and IO, Inc., the FROM_GLC10 
products provided by Tsinghua University, the LULC informa-
tion provided by the OSM, and the VHR Google Earth images 
provided by Google Inc.
   Funding: This work was supported by the National Key 
Research and Development Program of China (grant number 

Table 7. Comparison of mapping accuracy based on test samples for SinoLC-1, Hi-ULCM, ESRI_2020, ESA_WorldCover, FROM_GLC10, and 
EcoVision

LULC Type Accuracy OISAs Buildings Roads Grass/shrubs Soil Trees Water Agriculture OA (%)

 EcoVision PA (%) 76.29 55.09 80.09 90.52 92.30 88.31 90.94 90.20 83.63

UA (%) 86.53 90.12 88.93 68.53 87.82 82.54 76.41 80.50

F1-score (%) 81.09 68.38 84.28 78.00 90.00 85.33 83.04 87.79

 SinoLC-1 PA (%) 69.34 
64.17 
66.05

43.83 22.84 34.58 40.11 63.84 70.83 51.13

UA (%) 60.88 32.35 71.66 46.28 86.25 36.16

F1-score (%) 50.97 26.78 46.95 42.97 73.37 47.88

 Hi-ULCM PA (%) 75.24 78.26 76.88 53.35 51.12 74.48 80.46 ﻿ 72.27

UA (%) 66.87 80.12 79.62 69.64 53.83 78.32 81.83 ﻿

F1-score (%) 70.81 79.18 78.23 60.42 52.46 76.35 81.14 ﻿

 ESRI_2020 PA (%) 88.32 32.12 20.12 32.51 58.17 78.10 46.78

UA (%) 61.13 29.33 34.69 68.13 71.93 32.84

F1-score (%) 72.25 30.66 25.47 44.02 64.32 46.24

 ESA_WorldCover PA (%) 73.10 28.13 27.38 48.52 52.32 84.50 47.67

UA (%) 70.33 36.52 36.81 73.56 88.31 36.18

F1-score (%) 71.69 31.78 31.40 58.47 65.71 50.67

 FROM_GLC10 PA (%) 70.64 37.50 31.37 31.63 43.88 62.47 46.42

UA (%) 62.91 28.66 29.36 66.90 89.17 29.64

F1-score (%) 66.55 32.49 42.95 58.32 58.82 40.20

D
ow

nloaded from
 https://spj.science.org on D

ecem
ber 03, 2025

https://doi.org/10.34133/remotesensing.0811
https://doi.org/10.5281/zenodo.14921585
https://doi.org/10.5281/zenodo.14921585


Zhang et al. 2025 | https://doi.org/10.34133/remotesensing.0811 17

2024YFF1306102) and the National Natural Science Foundation 
of China (grant numbers 42271328 and 42471391).
   Author contributions: All authors contributed to the writing 
of the manuscript. X.H. conceived the study. E.Z. designed the 
methodology. J.Z. provided data. E.Z. programmed the frame-
work codes. E.Z. prepared the original draft. X.H., J.L., and J.Z. 
revised the draft.
   Competing interests:﻿ The authors declare that they have no 
competing interests.   

Data Availability
   The EcoVision product generated in this paper and correspond-
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