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Abstract 23 

Current mangrove time-series products are constrained to 25 m resolution, 24 

hindering precise delineation of boundaries, small patches, and internal structures, thus 25 

compromising area estimates and ecological assessments. Key barriers are the paucity 26 

of historical high-resolution imagery and high-quality labeled samples. To this end, we 27 

developed the Sub-meter Mangrove Transfer Learning Mapping (SMTLM) framework, 28 

combining a pre-trained model from 2020 existing sub-meter products with transfer 29 
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fine-tuning using few-shot samples from target historical years. We resampled time-30 

series Landsat imagery to sub-meter resolution and selected proven spectral bands and 31 

vegetation indices. To improve temporal transferability, we designed and evaluated 32 

three strategies: direct transfer learning (DTL), partial fine-tuning (PFT), and layer-wise 33 

fine-tuning (LFT). SMTLM generated China's first national Sub-meter Time-series 34 

Mangrove Map (STMM) for 1990-2020, achieving overall accuracy of 93.4%-97.2% 35 

and F1-scores of 0.93-0.97. STMM indicates a 105% mangrove area increase from 36 

2000 (14,316 ha) to 2020 (29,413 ha), nearly five times the 23.3% from existing product. 37 

When benchmarked against STMM, existing product exhibit commission and omission 38 

errors totaling 9,496–19,089 ha, and STMM detecting 2-4 times more mangrove 39 

patches. SMTLM provides a scalable solution for sub-meter mapping under sample-40 

limited conditions, enhancing temporal transferability of high-resolution methods. 41 

STMM offers a long-term, high-resolution dataset for precise mangrove dynamics 42 

assessment, revealing far greater 21st-century recovery in China than previously 43 

recognized. Optimized 30 m Landsat imagery via SMTLM retrieves fine spatial details 44 

comparable to sub-meter results, highlighting sub-meter mapping's improvement over 45 

existing coarse-resolution products for reliable monitoring. 46 

1. Introduction 47 

Mangroves are among the most carbon-rich forest ecosystems globally (Wang et 48 

al., 2019), providing critical coastal protection, biodiversity habitat, and carbon 49 

sequestration (Giri et al., 2015; Xu et al., 2024). However, they face accelerating 50 

degraded from anthropogenic activities and climate change (Chen et al., 2017; Hu et al., 51 

2018), with a global decline of 524,500 ha from 1996 to 2020 (Bunting et al., 2022). 52 

Given their ecological significance and conservation urgency, accurate and long-term 53 

monitoring of mangroves is urgently needed. Compared with traditional field surveys, 54 

remote sensing enables cost-effective, large-scale, and long-term monitoring of 55 

mangrove distribution (Tian et al., 2017; Zhao and Qin, 2020). 56 

Large-scale mangrove mapping studies are categorized by spatial resolution into 57 
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high-resolution (HR, 10-30 m) and very high-resolution (VHR, <10 m). HR imagery 58 

(e.g., Landsat and Sentinel-2) benefits from open access and extensive temporal 59 

coverage, making it widely used for long-term, large-scale monitoring (Hamilton and 60 

Casey, 2016; Zhao and Qin, 2020). The Global Mangrove Watch (GMW) dataset has 61 

become a widely adopted global baseline for mangrove mapping. It provides 30-m 62 

resolution maps from 1996 to 2020, enabling consistent long-term monitoring (Bunting 63 

et al., 2018), but its coarse resolution cannot capture fine-scale spatial details. The 64 

recently released 10-m High-resolution Global Mangrove Forests (HGMF) product for 65 

2020 markedly improves spatial detail (Jia et al., 2023). However, 10-m products face 66 

three challenges. First, precise delineation of mangrove boundaries is hindered by 67 

mixed pixels (Yang et al., 2022). Second, omission of internal structures (e.g., creeks 68 

and open spaces) critical for hydrological and ecological assessment (Matos et al., 69 

2020). Third, small mangrove patches are often below the pixel scale and thus easily 70 

misclassified as co-existent species. These limitations result in biased estimates of area 71 

and spatial distribution, highlighting the urgent need to develop higher-resolution 72 

products (Tian et al., 2025).  73 

VHR mangrove mapping has garnered increasing attention for its superior spatial 74 

detail and classification accuracy. For example, Zhang et al. (2021) created a 2-m 75 

resolution Mangrove Map of China 2018 using Gaofen-1 and Ziyuan-3 imagery with 76 

object-based analysis and manual editing. However, the high cost and restricted 77 

availability of these data constrain broader adoption. Another notable VHR product is 78 

the Large-scale Sub-meter Mangrove Map (LSMM) by Tian et al. (2025), the first sub-79 

meter resolution dataset for China in 2020, generated from publicly available Google 80 

Earth and Sentinel-2 imagery. Compared to 10-m products, LSMM enhances spatial 81 

accuracy and area estimation. Nevertheless, it relies on RGB features from historical 82 

sub-meter imagery and on same-year 10-m mangrove products to derive training 83 

samples, which are not always available across time and space, thereby limiting its 84 

long-term applicability. 85 

VHR long-term mangrove mapping encounters two primary challenges: mixed 86 

pixels in historical imagery and scarcity of high-quality historical samples. To mitigate 87 
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the first, resampling and interpolation can diminish mixed-pixel impacts on spatial 88 

boundaries, enhancing visual continuity and alignment with actual distributions (Li et 89 

al., 2022a, Chen et al., 2024). To mitigate sample scarcity, deep transfer learning 90 

provides a effective approach by integrating cross-year knowledge (Zhuang et al., 2020). 91 

The general strategy involves training a generalized model on ample samples from a 92 

specific year and transferring it to sample-scarce target years for mapping (Zhang et al., 93 

2021). Transfer learning commonly employs three typical strategies in remote sensing: 94 

direct transfer learning (DTL), partial fine-tuning (PFT), and layer-wise fine-tuning 95 

(LFT). DTL directly applies a pre-trained model to target data without additional 96 

training, yielding low computational cost and acceptable accuracy when target samples 97 

are absent, particularly in cross-year or cross-region crop classification (Lei et al., 2024). 98 

PFT freezes shallow layers to preserve general features while updating deeper layers 99 

with limited target-year samples for domain adaptation, achieving success in land cover 100 

classification (Naushad et al., 2021). LFT progressively unfreezes layers from deep to 101 

shallow during training, enabling full parameter adaptation and demonstrating strong 102 

performance in forest species classification (Tan et al., 2025). However, mangrove 103 

mapping poses unique challenges. Spectral and spatial heterogeneity is particularly 104 

pronounced: mangroves exhibit substantial variation in species composition and age 105 

structure, and their external boundaries are often irregular due to tidal inundation (Ye 106 

and Weng, 2025). Mangrove areas also frequently overlap with unvegetated surfaces 107 

(e.g., mudflats and open water) (Tran et al., 2022) and with other vegetation types such 108 

as reeds, Spartina alterniflora, and Suaeda salsa (Chen and Shi, 2023; Zhou et al., 2024). 109 

To our knowledge, this issue has not yet been explicitly addressed. Therefore, applying 110 

transfer learning to achieve long-term, high-precision mangrove mapping remains a 111 

challenging yet promising research direction. 112 

This study presents the Sub-meter Mangrove Transfer Learning Mapping (SMTLM) 113 

framework to determine the optimal transfer learning strategy for very-high-resolution 114 

(VHR) mangrove mapping. Applying SMTLM, we produced annual sub-meter 115 

mangrove maps for China from 1990 to 2020. The objectives were to: (1) assess transfer 116 

learning strategies for multi-decadal mapping and identify the best-performing 117 
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approach; (2) generate China's first Sub-meter Time-series Mangrove Map (STMM) 118 

using the superior model; and (3) benchmark STMM with existing datasets and 119 

investigate mangrove spatio-temporal dynamics over three decades. SMTLM mitigates 120 

historical samples scarcity, enabling robust VHR mangrove monitoring across decades. 121 

The resulting STMM fills a major gap in long-term sub-meter records for China, 122 

providing critical data for spatio-temporal analysis and ecological health assessment. 123 

2. Materials and methods 124 

2.1 Study area 125 

Mangrove forests in China are distributed along the southern and southeastern 126 

coasts, including Hong Kong, Macao, Taiwan, Guangxi, Hainan, Guangdong, Fujian, 127 

and Zhejiang. As shown in Fig. 1, a 10-km coastal buffer zone was generated from 128 

shoreline data. The red area indicates the potential mangrove distribution zone, 129 

delineated by integrating publicly available datasets (Section 2.2.2) and augmented 130 

through visual interpretation of high-resolution and historical Google Earth imagery to 131 

include omissions. These distribution patches were consistently applied across all study 132 

years, with analyses confined to this region. 133 
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 134 

Fig. 1. Spatial extent of the mangrove study region along China’s coast. 135 

2.2 Datasets 136 

2.2.1 Landsat imagery 137 

This study employed Landsat 5 TM and Landsat 8 OLI surface reflectance data 138 

from Google Earth Engine (GEE). Cloud and shadow interference was mitigated using 139 

scene-based and pixel-based masking (Tian et al., 2020). Scene-based masking 140 

excluded images containing more than 70% cloud cover. Pixel-based masking applied 141 

bitwise operations to the QA_PIXEL band, targeting cloud (bit 3) and shadow (bit 4) 142 

pixels. For target-year data gaps due to persistent clouds, composites integrated cloud-143 

free pixels from adjacent years. For example, 2020 composites used valid Landsat 8 144 

imagery from 2019-2021, assuming negligible mangrove change during this period. 145 
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2.2.2 Available mangrove datasets 146 

The Large-scale Sub-meter Mangrove Map (LSMM) by Tian et al. (2025) served 147 

as the reference dataset for 2020 model pre-training and accuracy assessment. Derived 148 

from Sentinel-2 and sub-meter Google Earth imagery using random forest classification 149 

and object-based segmentation, LSMM provides 0.9 m spatial resolution, 97.56% 150 

overall accuracy, and an F1-score of 0.98, and constitutes the earliest national-scale 151 

mangrove map at sub-meter resolution in China. It is publicly available at 152 

https://doi.org/10.57760/sciencedb.18643. Other historical mangrove products were 153 

collected to define the study area and enable comparative analysis (Table 1). 154 

Table 1  155 

Overview of the reference datasets used. 156 

Reference Product Resolution Extent Period 

Bunting et al. (2022) 

Global Mangrove Watch 

(GMW) 

30-m Global 1996-2020 

Jia et al. (2018) 

Chinese Academy of 

Sciences Mangroves 

(CAS) 

30-m China 1990-2020 

Zhang et al. (2021) Mangrove China (MC) 2-m China 1990-2018 

Jia et al. (2023) 

High-resolution Global 

Mangrove Forests 

(HGMF) 

10-m Global 2020 

Tian et al. (2025) 

Large-Scale Sub-meter 

Mangrove Map (LSMM) 

0.9-m China 2020 

2.2.3 Reference data 157 

To ensure robust model training and reliable evaluation, three complementary 158 

datasets were constructed: pre-training, fine-tuning, and testing. The pre-training 159 

dataset establishes a broad feature foundation using large-scale samples; the fine-tuning 160 

dataset employs limited historical sub-meter imagery for cross-year adaptation; the 161 
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testing dataset provides independent validation points for accuracy assessment. Details 162 

of their construction follow. 163 

The pre-training dataset was derived from LSMM, converted to raster labels 164 

(mangrove = 1, background = 0). Labels and corresponding 2020 Landsat composites 165 

were divided into 512 × 512 samples, yielding 18,034 total (9,186 Guangdong, 4,665 166 

Guangxi, 2,154 Hainan, 1,108 Fujian, 850 Taiwan, 71 Zhejiang), split 8:2 for training 167 

and validation. 168 

The fine-tuning dataset used limited historical sub-meter imagery, segmented via 169 

multi-scale methods and visually interpreted with contemporaneous high-resolution 170 

products to generate high-quality labels. These and annual Landsat composites were 171 

partitioned into 512 × 512 samples, split 8:2; sample counts per year are detailed in 172 

Table 2. 173 

The testing dataset comprised 10,000 validation points per year, evenly distributed 174 

across the study area with 1:1 mangrove to non-mangrove ratio. Non-mangrove 175 

samples were subdivided into mudflats, water bodies, and other vegetation types, 176 

generated using existing products and Landsat imagery. 177 

Table 2  178 

Sample counts for the pre-training dataset (2020) and fine-tuning dataset (other 179 

years). 180 

Year Sample Train Validation 

2020 18034 14428 3606 

2016 4644 3715 929 

2012 5957 4765 1192 

2008 7813 6250 1563 

2004 4133 3307 826 

2000 4924 3939 985 

1990 3356 2686 670 
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2.3 Transfer learning framework for sub-meter mangrove mapping 181 

 To address the scarcity of high-quality historical samples in long-term mangrove 182 

mapping, we propose the Sub-meter Mangrove Transfer Learning Mapping (SMTLM) 183 

framework. As shown in Fig. 2. It comprises three components: (1) generating 184 

composite imagery by integrating Landsat data with vegetation indices and resampling; 185 

(2) pre-training a SegFormer model on 2020 samples; (3) fine-tuning with limited 186 

target-year samples. This yields a consistent time series of sub-meter mangrove maps. 187 

 188 

Fig. 2. Framework of Sub-meter Mangrove Transfer Learning Mapping. 189 

2.3.1 Image reconstruction 190 

Each Landsat image includes six spectral bands: blue, green, red, near-infrared 191 

(NIR), shortwave infrared 1 (SWIR 1), and shortwave infrared 2 (SWIR 2). From these, 192 

three vegetation indices were derived: Wetland Forest Index (WFI), Modified 193 

Normalized Difference Water Index (MNDWI), and Mangrove Vegetation Index (MVI), 194 

to enhance discrimination of mangroves from other wetlands, water bodies, and 195 

vegetation. All bands and indices were combined using median compositing in GEE, 196 

resampled to 0.9 m with cubic convolution to match the sample resolution, and scaled 197 

with min–max normalization, yielding composites with improved spectral detail and 198 
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spatial consistency with the sub-meter samples. 199 

2.3.2 Pre-training for VHR feature learning 200 

This study employed SegFormer, pre-trained on a large-scale dataset broadly 201 

covering the study region (Section 2.2.3). This pre-training stage enables the network 202 

to learn stable relationships between diverse image patterns and mangrove occurrence, 203 

capturing generalized spectral, spatial, and textural representations that enhance model 204 

generalization and provide a strong basis for subsequent fine-tuning. 205 

SegFormer is a semantic segmentation network that combines the strengths of 206 

Vision Transformers (ViT) and Convolutional Neural Networks (CNN) (Fig. 3). It 207 

excels in feature extraction and spatial structure modeling (Xie et al., 2021), addressing 208 

mangrove remote sensing challenges like complex boundaries, fragmented small 209 

patches, heterogeneous internal structures, and temporal variability. SegFormer departs 210 

from standard ViT architectures by discarding positional encoding, thereby reducing 211 

the amplification of minor spatial misalignments in multi-temporal imagery. Its 212 

hierarchical Transformer uses convolutional embeddings to capture spatial 213 

relationships without fixed indices, enhancing robustness and adaptability. The 214 

lightweight MLP decoder improves inference efficiency and boundary precision while 215 

preserving fine VHR details. A hybrid attention mechanism fuses local cues for accurate 216 

edge extraction with global context for better mangrove-environment relationships, 217 

thereby improving class separability and suitability for intertidal mangrove mapping. 218 

As shown in Fig. 3, the input image is represented as (H × W × C), where H and W 219 

are spatial dimensions and C denotes multispectral bands; initial size is 512 × 512 × 9. 220 

The encoder progressively reduces spatial resolution while increasing channel depth, 221 

and the decoder fuses and upsamples multi-scale features to restore resolution and yield 222 

pixel-level predictions. The output is 512 × 512 × 2, corresponding to mangrove and 223 

non-mangrove classes. 224 
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 225 

Fig. 3. SegFormer architecture and block structure. 226 

2.3.3 Transfer learning strategy for cross-year mapping 227 

Long-term mangrove mapping is challenged by the scarcity of high-quality 228 

historical samples. Transfer learning transfers knowledge from pre-trained models to 229 

target years under limited sample conditions, substantially reducing dependence on 230 

extensive historical training data. Existing transfer learning strategies primarily include 231 

direct transfer learning (DTL), partial fine-tuning (PFT), and layer-wise fine-tuning 232 

(LFT). 233 

As shown in Fig. 4, DTL is applied without additional training. PFT freezes most 234 

model parameters and updates only deeper layers, preserving pre-trained low-level 235 

feature extraction while adapting to task-specific traits. In the SegFormer architecture, 236 

encoder Blocks 1-3 remain frozen as general-purpose extractors, while Block 4 and the 237 

decoder (Block 5) are fine-tuned using target-year samples at a fixed learning rate of 238 

1e-4. This moderate rate enables efficient feature learning while mitigating overfitting 239 

risks under limited samples. Experiments employed 300 epochs for PFT, sufficient for 240 

convergence. LFT progressively unfreezes layers from deeper to shallower, offering 241 

refinement between partial and full fine-tuning. Specifically, only the decoder is trained 242 

in epochs 1-100 at 1e-4, with the encoder frozen; Blocks 3 and 4 are unfrozen in epochs 243 
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101-200 at the same rate; and all encoder blocks are unfrozen in epochs 201-300, with 244 

the rate decaying to 3e-5. This staged approach ensures stable knowledge transfer, 245 

gradual adaptation to temporal heterogeneity in remote sensing imagery, and 246 

convergence without oscillation. 247 

Fine-tuning was performed separately for each year, and the optimal strategy was 248 

selected based on validation accuracy to generate the corresponding mangrove maps. 249 

 

 250 

Fig. 4. Schematic diagram of freezing with different transfer learning strategies, 251 

including DTL, PFT, and LFT. 252 

2.3.4 Sub-meter time-series mangrove map 253 

After pre-training and fine-tuning, an annual optimal model was used to generate 254 

STMM. During inference, a sliding window partitioned each composite into 512×512 255 

pixel tiles, which were passed through the encoder–decoder network to produce pixel-256 

wise probability maps; pixels were assigned to the class (mangrove or non-mangrove) 257 

with the highest probability, and tiles were mosaicked to obtain wall-to-wall 258 

classifications. Spatial accuracy was then refined through post-processing, in which 259 

boundary errors, fragmented patches, and suspected omissions were manually corrected 260 

using sub-meter Google Earth imagery and existing mangrove datasets. For years 261 

without historical sub-meter imagery, alternative high-resolution data and ancillary 262 

information were used. All edits were cross-checked by two experienced field 263 

researchers, yielding the Sub-meter Time-series Mangrove Map (STMM) for China 264 

from 1990 to 2020. 265 
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2.4 Accuracy assessment 266 

To evaluate SMTLM's effectiveness, we assessed the three transfer learning 267 

strategies' accuracy using mIoU, F1-score, and Precision, calculated on the fine-tuning 268 

dataset's validation subset. For objective classification performance of STMM products, 269 

quantitative evaluation employed the testing dataset (Section 2.2.3) with Overall 270 

Accuracy (OA), Producer's Accuracy (PA), User's Accuracy (UA), and F1-score; each 271 

metric is confined to the interval 0-1, and larger values correspond to better 272 

classification performance. 273 

3. Results 274 

3.1 Evaluation of transfer learning strategies 275 

Fig. 5 compares the performance of DTL, PFT, and LFT in long-term mangrove 276 

mapping. LFT consistently outperformed the other two strategies across all evaluation 277 

metrics, achieving the highest mIoU, F1-score, and Precision. On average, LFT 278 

improved mIoU by about 2.6% over PFT and 4.9% over DTL, and yielded F1-score 279 

gains of 1.3% and 4.9%, respectively. Moreover, DTL and PFT showed substantial 280 

accuracy drops in early years such as 1990, while LFT maintained stable performance 281 

across all periods, demonstrating superior temporal robustness and transferability. 282 

 283 

Fig. 5. Comparison of mIoU (%), F1-score (%), and Precision (%) among DTL, PFT, 284 
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and LFT. 285 

3.2 Accuracy evaluation 286 

Table 3 summarizes the accuracy of STMM products across years. The results 287 

demonstrate consistently high classification performance, with OA ranging from 93.4% 288 

(1990) to 97.2% (2020). PA for mangrove class exceeded 88% in all years, while UA 289 

was consistently above 97.9%, indicating robust detection with minimal omission and 290 

commission errors. The F1-score remained above 0.93 throughout, reaching its 291 

maximum of 0.97 in 2020. Non-mangrove classification also achieved stable 292 

performance, with PA and UA generally above 89%. These findings confirm that 293 

STMM maintains reliable performance and strong temporal stability in mangrove 294 

mapping.  295 

Table 3  296 

Classification performance metrics of the STMM. 297 

Product Class PA (%) UA (%) OA (%) F1-score 

STMM_2020 Mangrove 95.6 98.8 

97.2 0.97 

 Non-mangrove 98.8 95.7 

STMM_2016 Mangrove 90.3 98.9 

94.7 0.94 

 Non-mangrove 99.0 91.1 

STMM_2012 Mangrove 92.7 99.1 

96.0 0.96 

 Non-mangrove 99.2 93.2 

STMM_2008 Mangrove 92.1 99.2 

95.7 0.96 

 Non-mangrove 99.2 92.6 

STMM_2004 Mangrove 88.4 99.4 

93.9 0.94 

 Non-mangrove 99.4 89.5 

STMM_2000 Mangrove 90.4 99.1 

94.8 0.95 

 Non-mangrove 99.2 91.2 

STMM_1990 Mangrove 88.7 97.9 

93.4 0.93 

 Non-mangrove 98.1 89.7 
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3.3 Spatial structures and details 298 

To assess differences in spatial details between STMM and existing mangrove 299 

products, we compared edge delineation, interior structures, and small patches. Fig. 6 300 

highlights edge variations among STMM, HGMF, GMW, MC, and CAS, overlaid on a 301 

0.6 m RGB basemap, for three edge types: tidal flats (Fig. 6(a)), water (Fig. 6(b)), and 302 

Spartina alterniflora (Fig. 6(c)). STMM achieved superior boundary accuracy, and the 303 

other products frequently misclassified large Spartina alterniflora areas as mangroves. 304 

Fig. 7 demonstrates internal feature detection, including open spaces and creeks; 305 

STMM delineated tidal channels 10 m wide and open areas 0.15 ha, whereas 306 

alternatives typically omitted these. Fig. 8 compares small patch identification: STMM 307 

excelled in detecting fragmented patches of mangroves or Spartina alterniflora, unlike 308 

other products, which often overlooked or misclassified them due to resolution 309 

constraints. 310 

 311 

Fig. 6. Edge delineation of mangrove communities in STMM and other products. 312 
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 313 

Fig. 7. Internal structure representation of mangrove communities in STMM and other 314 

products. 315 

 316 

Fig. 8. Detection of small mangrove patches in STMM and other products. 317 

3.4 Spatio-temporal evolution of mangrove forests in China 318 

Fig. 9 depicts the temporal dynamics of mangrove distribution in China, revealing 319 

distinct change patterns across periods. From 1990 to 2020, the total mangrove area 320 

first declined and then increased. Mangrove extent decreased from 16,285 ha in 1990 321 

to 14,316 ha in 2000, representing a 12% decline, and then recovered to 29,413 ha by 322 

2020, corresponding to an overall increase of approximately 105.4%. 323 
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 324 

Fig. 9. Total mangrove area in China across seven periods. 325 

Fig. 10 displays changes in mangrove extent among China’s coastal regions 326 

between 1990 and 2020, highlighting clear spatiotemporal variability. Macao was 327 

merged into Guangdong statistics due to its small mangrove extent. Guangxi shows 328 

sustained expansion, with mangrove area increasing by about 213% over the study 329 

period. Guangdong recorded a 36% reduction in mangrove area between 1990 and 2000, 330 

and then a 145% expansion from 2000 to 2020. Hainan exhibits a 20% decrease from 331 

1990 to 2004 and a subsequent 41% increase by 2020, indicating recent restoration 332 

gains. Fujian and Taiwan show overall growth, whereas Zhejiang and Hong Kong 333 

display relatively minor fluctuations. 334 
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 335 

Fig. 10. Temporal and provincial variation in mangrove in China (1990-2020). 336 

3.5 Comparison with existing products 337 

Table 4 presents a comparison of mangrove patch counts among different products. 338 

STMM detected substantially more mangrove patches than CAS and MC, with relative 339 

increases of 38%-306% and 114%-148%, respectively. When compared with GMW, 340 

STMM also showed higher patch counts of 14%-78% in overlapping years, 341 

demonstrating its superior performance in identifying fragmented and boundary-342 

adjacent mangrove patches. 343 
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Table 4  344 

Comparison of patches counts measured by STMM and other products. 345 

Year STMM CAS GMW MC 

1990 5181 1855 -- 2086 

2000 6708 2465 -- 2769 

2008 9906 2441 12030 -- 

2012 11432 -- -- 5353 

2016 11796 -- 10320 -- 

2020 16414 11932 9228 -- 

Fig. 11 illustrates temporal area trends. STMM indicates a 105.4% increase in 346 

mangrove extent from 2000 to 2020, surpassing MC (26.8%) and CAS (23.3%) gains; 347 

its expansion rate is 3.9 times that of MC and 4.5 times that of CAS. In contrast, GMW 348 

shows stability from 1996 to 2020 without upward trends. Fig. 12 compares mangrove 349 

areas from STMM and other products for matching years, with percentages computed 350 

using STMM as the denominator (e.g., 117% = 19,089 ÷ 16,285 × 100%). Relative to 351 

STMM, CAS exhibits 54%-76% spatial overlap, with commissions of 3,847 ha (2020) 352 

to 11,627 ha (1990), omissions of 4,195 ha (2000) to 10,184 ha (2020), and differences 353 

of 9,496 ha (2016, 43%) to 19,089 ha (1990, 117%). MC shows 69%-78% overlap with 354 

59%-99% differences, while GMW has the lowest overlap (47%-62%) and differences 355 

of 83%-107%. Commission denotes non-mangrove areas misclassified as mangroves; 356 

omission indicates mangroves misclassified as other land-cover types. 357 
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 358 

Fig. 11. Trend analysis of the existing products. 359 

 360 

Fig. 12. Comparison of area statistics. (a) STMM and CAS, (b) STMM and GMW, (c) 361 

STMM and MC. 362 

4. Discussion 363 

4.1 Merits of SMTLM 364 

Efficient use of limited historical samples is critical for long-term mangrove 365 

mapping. This challenge places two key requirements on mapping approaches: 366 

achieving high accuracy with scarce training samples (Dutta and Das, 2023) and 367 

mitigating domain shifts arising from inter-annual variations (Wang et al., 2023). 368 
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SMTLM systematically addresses these issues and offers a robust solution for large-369 

scale mapping. 370 

SMTLM mitigates the scarcity of historical samples through transfer learning. 371 

Traditional pixel-based and object-based classification methods can support long-term 372 

mangrove mapping (Xue and Qian, 2022; Xiao et al., 2021). However, they require 373 

large quantities of training samples (Khushbu et al., 2021). The lack of VHR historical 374 

imagery hinders the generation of sufficient samples, making these methods difficult to 375 

apply directly to long-term sub-meter mapping tasks. The semi-automatic sub-meter 376 

mapping method proposed by Tian et al. (2025) can generate representative training 377 

data, yet it depends on GE sub-meter imagery and existing mangrove products as 378 

references, which are often absent in earlier years, restricting its applicability to long-379 

term mapping. To this end, SMTLM first pre-trains SegFormer on extensive PY 380 

samples to learn generalized mangrove representations, and subsequently fine-tuning 381 

the network with a small number of TY samples to adapt to the target domain while 382 

preserving previously learned features (Li et al., 2022b). This approach reduces sample 383 

requirements while sustaining high accuracy. As shown in Table 2 and Table 3, 384 

reductions of 60%-80% in sample size still yield comparable to full-sample training. 385 

This strategy significantly decreases dependence on annotated samples and improves 386 

efficiency, which is particularly advantageous for historical years with limited available 387 

data (Lin et al., 2023). 388 

SMTLM's LFT strategy alleviate domain shift from different year image. Transfer 389 

learning strategy selection markedly affects model performance. Therefore, we 390 

compared DTL, PFT, and LFT. Results indicated LFT superior across metrics (Fig. 5). 391 

DTL computationally efficient, but it degrades under spectral or structural domain 392 

discrepancies. For example, Xie et al. (2016) showed CNN feature transfer from natural 393 

to remote sensing images causes mismatch and accuracy decline, underscoring DTL 394 

limits. PFT updates high-level layers while freezing low-level ones, assuming 395 

transferable low-level features like texture or edges (Oquab et al., 2014). However, 396 

Yosinski et al. (2014) noted freezing shallow layers hinders adaptation amid differing 397 

low-level spectral patterns between years or sensors, prevalent in long-term mangrove 398 
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mapping. LFT progressively unfreezes layers top-down, enabling gradual semantic, 399 

structural, and spectral adaptation (Kornblith et al., 2019). This hierarchical approach 400 

avoids abrupt shifts, preserves PY knowledge stability, and adapts to TY variations. 401 

This alignment of model features with TY samples ensures long-term stability and 402 

robustness in multi-temporal remote sensing. 403 

4.2 Merits of STMM 404 

The Sub-meter Time-series Mangrove Map (STMM) provides comprehensive and 405 

reliable data, enabling precise fine-scale mangrove and ecosystem monitoring. The key 406 

advantages of STMM can be summarized as follows: classification accuracy and long-407 

term temporal trend representation. We analyze the factors driving these advancements 408 

and their ecological implications. 409 

STMM achieves exceptional accuracy (Table 3), attributed to three critical factors: 410 

sample, model, and transfer learning strategy. First, we constructed a large and 411 

representative sub-meter mangrove training set based on LSMM, enabling robust pre-412 

training and cross-year model transfer. The quality and diversity of pre-training samples 413 

play a decisive role in transfer learning performance (Ma et al., 2024). The LSMM 414 

dataset, as a sub-meter product, supplies abundant, well-distributed samples and fine 415 

spatial detail, enabling the model to learn subtle structural and boundary characteristics 416 

within mangrove stands. Second, the use of SegFormer (Section 2.3.2), which 417 

integrates multi-scale feature extraction with attention mechanisms, is well suited to the 418 

complex patch patterns and boundary geometries typical of mangrove landscapes (Song 419 

et al., 2025). Third, systematic comparison of transfer learning schemes confirmed the 420 

advantage of LFT for long-term mapping. As shown in Fig. 5, LFT improves mIoU by 421 

about 2.6% relative to PFT and 4.9% relative to DTL, with corresponding F1 gains of 422 

1.3% and 4.9%, respectively, further enhancing the accuracy of STMM. 423 

STMM supports precise monitoring of mangrove dynamics and yields area 424 

estimates that closely approximate actual statistics. Taking CAS as an example, its 425 

lower classification accuracy and coarser spatial detail (Table 4; Fig. 8) introduce 426 
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substantial biases in mangrove area. Because commission and omission partly offset, 427 

CAS reports 4,386 ha more mangroves than STMM in 2000 but 6,337 ha fewer in 2020. 428 

Consequently, estimates of 21st-century change diverge markedly: CAS indicates a 23% 429 

increase, whereas STMM suggests a 105% expansion, about 4.5 times larger. Spatial 430 

discrepancies between CAS and STMM, defined as the sum of commission and 431 

omission errors, range from 9,496 ha in 2016 to 19,089 ha in 1990, corresponding to 432 

43% to 117% of the STMM-derived mangrove area. Patch counts, an important 433 

indicator of mangrove fragmentation (Ximenes et al., 2023), also differ substantially: 434 

STMM maps 38% to 306% more patches than CAS (Table 4) , thereby increasing the 435 

reliability of subsequent ecological analyses. Collectively, these findings highlight 436 

limitations of current products and indicate that temporally continuous, sub-meter 437 

datasets are required for reliable area estimation and fine-scale spatial analysis of 438 

mangrove ecosystems. 439 

4.3 Limitations 440 

 Although the proposed SMTLM effectively alleviates the issue of sample scarcity 441 

in historical mangrove mapping and enables the generation of STMM, several 442 

limitations still exist.  443 

SMTLM faces two primary limitations. First, to minimize inter-sensor 444 

discrepancies impairing model transferability, we used only Landsat imagery, excluding 445 

others like Sentinel-2. Although resampling improves visual smoothness, the intrinsic 446 

30 m resolution constrains the minimum detectable patch size. Future work could 447 

integrate historical high-resolution imagery or apply super-resolution reconstruction to 448 

enhance spatial detail (Chen et al., 2024; Li et al., 2022a) However, super-resolution 449 

was not employed in this study because Landsat’s six spectral bands are not consistently 450 

available in higher-resolution datasets, which would compromise the consistency of 451 

input features (Yang et al., 2024). Second, since pre-training composite imagery 452 

includes pixels from adjacent years in some areas, temporal misalignment between 453 

samples and corresponding input images may cause minor spatial inconsistencies. 454 
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Propagation errors during training may weaken the model's cross-year generalization 455 

ability. In the future, emphasis should be placed on supplementing data from different 456 

sources concurrently to ensure temporal consistency (Zhou et al., 2025; Huo et al.,2024). 457 

STMM also has two limitations. First, there may still be minor omissions or 458 

misclassifications. Although multiple existing mangrove products combined with 459 

manual interpretation were used to delineate the study area, it is possible that some 460 

mangrove habitats were excluded. In addition, in the post-processing stage, visual 461 

verification is difficult for areas with complex ecological environments, and errors may 462 

exist. Nevertheless, such instances are rare and have a negligible impact on overall 463 

statistics. Second, although STMM performs well in terms of spatial details, 464 

approaching the performance of the 2-m resolution product MC, it may not be sufficient 465 

to achieve genuine sub-meter accuracy due to the inherent resolution limitation of 466 

Landsat imagery. Further work could integrate multi-source time-series high-resolution 467 

remote sensing data (Fu et al., 2024; Sun et al., 2025), employ advanced super-468 

resolution reconstruction technology, and supplement sub-meter feature details to 469 

achieve mapping accuracy closer to the sub-meter level. 470 

5. Conclusion 471 

This study developed the Sub-meter Mangrove Transfer Learning Mapping 472 

(SMTLM) framework, leveraging the SegFormer deep learning model. Pre-trained on 473 

extensive 2020 sub-meter mangrove samples, the model was fine-tuned using limited 474 

transfer-year samples via the LFT strategy. SMTLM mitigates the scarcity of high-475 

quality historical samples and generates the Sub-meter Time-series Mangrove Map 476 

(STMM). STMM outperforms existing products (GMW, CAS, and HGMF) in spatial 477 

accuracy and detail, detecting 151%-198% more mangrove patches. It shows that 478 

mangrove extent increased by 105.4% from 2000 to 2020, which is 3.9 times higher 479 

than the growth reported by MC and 4.5 times higher than that reported by CAS for the 480 

same period. In conclusion, this work demonstrates the efficacy of SegFormer and LFT 481 

in remote sensing-based mangrove mapping, providing a novel solution to historical 482 
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sample shortages. STMM offers a vital benchmark for mangrove conservation and 483 

restoration research in China. 484 

Data availability 485 

The complete STMM dataset is available at https://doi.org/10.5281/zenodo.17867080. 486 
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