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Abstract 13 

We developed a Time-series-based Image Fusion (TIF) algorithm to generate 10-m surface 14 

reflectance time series by synthesizing Landsats 8/9 and Sentinel-2 A/B data. Unlike traditional 15 

methods that rely on image pairs or thematic maps, TIF extracts all valid pixel-level observation 16 

pairs across time to build per-pixel linear regression models. This approach captures the spectral 17 

relationships between sensors while accounting for land surface dynamics. A temporal weighting 18 

scheme and an iterative refinement strategy improves the fusion process, yielding reusable 19 

coefficients that support efficient, scalable 10-m time-series generation.  TIF was applied to all 20 

Landsat multispectral bands, using native 10-m Sentinel-2 bands (Blue, Green, Red) and 21 

resampled bands (NIR and SWIR1/2) for visual assessment, with quantitative accuracy evaluated 22 

at the original Sentinel-2 resolutions. Experiments across five U.S. sites show TIF consistently 23 

outperforms state-of-the-art methods like STARFM, FSDAF 2.0, Sen2Like, and ESRCNN. For 24 

instance, TIF demonstrated a reduction in RMSE by 24% and an increase in SSIM by 6% 25 

compared to FSDAF 2.0 and ESRCNN, and outclassed STARFM and Sen2Like, which showed 26 

weaker results across all metrics. In multi-date change detection, TIF-predicted images achieved 27 

a mean F1 score of 0.70 and a mean disagreement rate of 0.05 against reference maps. TIF offers 28 
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a potential practical and efficient pathway for creating 10-m versions of NASA’s HLS products, 29 

opening new opportunities for fine-scale, time-sensitive Earth observations. 30 

Keywords: Landsat, Sentinel-2, HLS, TIF, data fusion, time series, change detection, 31 
harmonization 32 

Highlights 33 

● A novel satellite spatial-temporal fusion algorithm called TIF is proposed. 34 

● TIF creates 10-m harmonized Landsat and Sentinel-2 surface reflectance time series. 35 

● TIF outperforms other state-of-the-art methods in spectral and spatial accuracy. 36 

● TIF operates purely on time-series data, without requiring image pairs.  37 

● TIF predictions can be used for detecting land changes. 38 

  39 
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1. Introduction 40 

Monitoring Earth’s dynamic surface requires observing changes across various spatial and 41 

temporal scales (Zhu et al., 2022). Satellite time series are an invaluable tool for this purpose, 42 

supporting diverse applications in agriculture (Weiss et al., 2020), forestry (Fassnacht et al., 2024), 43 

ecological monitoring (Kennedy et al., 2014, Zeng et al., 2020), and urbanization (Zhu et al., 2019). 44 

While temporally dense datasets like MODIS (250/500/1000-m) and VIIRS (375/750-m) provide 45 

daily global coverage, their coarse spatial resolution hinders detailed analysis of heterogeneous 46 

landscapes, limiting their utility for applications such as precision agriculture, land-cover mapping, 47 

and quantifying localized land-use change (Chen et al., 2016; Radeloff et al., 2024; Thornton et 48 

al., 2023; Suh et al., 2024). Conversely, medium-resolution sensors like Landsats 8-9 (30-m) offer 49 

substantially greater spatial detail, but their revisit cycle (16 days with one satellite and 8 days with 50 

two) presents challenges for monitoring rapid changes like floods, irrigation dynamics, and insect 51 

outbreaks, which often unfold over periods of days to weeks (Zhu et al., 2022). 52 

The NASA Harmonized Landsat and Sentinel-2 dataset (HLS) is a deliverable of the 53 

Satellite Needs Working Group, an interagency effort of the US Government dedicated to 54 

identifying and addressing Earth observation needs across US civilian federal agencies (Olofsson 55 

and Virts, 2022). HLS provides dense time series by combining data from Landsats 8/9 56 

Operational Land Imager (OLI) and Sentinel-2 Multi-Spectral Instrument (MSI). Both top-of-57 

atmosphere (TOA) and surface reflectance products are available at ~2 day revisit interval 58 

(Claverie et al. 2018, Ju et al., 2025). While HLS offers consistent and temporally dense datasets, 59 

its spatial resolution remains limited to 30-m for both sensors. The 10-m native resolution Sentinel-60 

2 bands were not included as an operational component in the HLS version 2.0 release, primarily 61 

due to data volume and logistical considerations. This limitation restricts its applicability for many 62 
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fine-scale, time-sensitive applications. For example, Tulbure et al. (2022) emphasized the need of 63 

higher resolution HLS data to map short-lived flooding. Tian et al. (2020) suggested that 10-m 64 

Normalized Difference Vegetation Index (NDVI) time series is required to provide accurate 65 

vegetation phenology in urban areas. Additionally, 10-m HLS data hold promise for improving 66 

land use classification (Falanga Bolognesi et al. 2020; Parreiras et al. 2022), small-scale forest 67 

disturbance detection (Chen et al. 2021), phenology monitoring of heterogeneous forests (Bolton 68 

et al. 2020), and near real-time, sub-field level crop monitoring (Gao and Zhang, 2021; Liao et al., 69 

2023; Duan et al., 2024). As a result, a potential solution to address this resolution gap is to blend 70 

30-m Landsats 8/9 to the 10-m Sentinel-2 pixels through data fusion. However, doing so at a large 71 

scale requires robust fusion approaches that can overcome challenges of data availability and land 72 

surface dynamics by leveraging the full temporal depth of the satellite archives. 73 

Spatial-temporal image fusion is an effective way to enhance both spatial and temporal 74 

resolutions of satellite imagery (Wu et al. 2022). Here, temporal resolution refers to the frequency 75 

at which satellite observations are available for a given location. Many algorithms have been 76 

developed over the past two decades, broadly categorized as weight-function-based, unmixing-77 

based, learning-based, and hybrid methods (Ghamisi et al. 2019; Wang et al. 2023; Xiao et al. 78 

2023; Zhu et al. 2018). The field was pioneered by weight-function-based approaches like the 79 

Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al., 2006), which 80 

blended 500-m MODIS and 30-m Landsat imagery. While revolutionary, STARFM’s performance 81 

was limited in landscapes with significant heterogeneity or when predicting abrupt land cover 82 

changes (Hilker et al., 2009a). To address these shortcomings, several enhancements were 83 

developed, including the Enhanced STARFM (ESTARFM) (Zhu et al., 2010) and the Spatial 84 

Temporal Adaptive Algorithm for mapping Reflectance Change (STAARCH) (Hilker et al., 85 
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2009b). These methods improved the handling of land changes but still fundamentally relied on 86 

the availability of high-quality, temporally-close image pairs and could be constrained by the 87 

ability of the coarser data (e.g., MODIS) to accurately represent fine-scale change trajectories. 88 

Another class of image fusion methods relies on unmixing approaches (Zhukov et al., 1999; Xu et 89 

al., 2015). Fine-resolution land-cover and land-use maps are usually required to create 90 

endmembers and estimate the sub-pixel surface reflectance. Moreover, abrupt changes in surface 91 

properties between the input and prediction dates often degrade the performance of unmixing 92 

approaches.  93 

In recent years, learning-based approaches—including Bayesian methods (Li et al., 2013), 94 

sparse representation, and particularly machine and deep learning—have gained significant 95 

interest (Xiao et al., 2023). Deep learning methods, for instance, like the extended super-resolution 96 

convolutional neural network (ESRCNN) (Shao et al., 2019) and the degradation-term constrained 97 

spatiotemporal fusion network (DSTFN) (Wu et al., 2022), often employ a two-step process. First, 98 

they sharpen Sentinel-2’s native 20-m SWIR bands to 10-m using a convolutional neural network 99 

(CNN), guided by the native 10-m bands. Second, another CNN fuses the 30-m Landsat data with 100 

the resulting complete 10-m Sentinel-2 dataset. While these approaches can perform well in 101 

heterogeneous and dynamic landscapes, they have significant limitations. They require clear-sky 102 

Sentinel-2 imagery near the prediction date and rely on substantial GPU resources for model 103 

training and inference. Furthermore, a major challenge of deep learning methods is their “black 104 

box” nature. The complex, non-linear transformations learned by the network can make it difficult 105 

to interpret how a result was generated, and they can sometimes produce unpredictable artifacts or 106 

smooth over critical spatial details in ways that are not physically intuitive, potentially affecting 107 

the reliability of the fused imagery for scientific analysis. To overcome the limitations of any single 108 
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approach, hybrid methods have been developed, which strategically combine components from 109 

different fusion categories. A prominent example is the Flexible Spatiotemporal Data Fusion 110 

(FSDAF) model (Zhu et al., 2016) and its successors like FSDAF 2.0 (Guo et al., 2020) and 111 

SFSDAF (Li et al., 2020). FSDAF-like methods integrate spectral unmixing to handle 112 

heterogeneous landscapes with weight-function-based techniques to predict changes, proving 113 

effective in complex areas. Other hybrid innovations include the Fit-FC model (Wang and 114 

Atkinson, 2018), which enhances regression-based predictions by incorporating spatial filtering 115 

and residual compensation to correct errors arising from temporal changes. Similarly, the FIRST 116 

model (Liu et al., 2022) improves regression accuracy by leveraging the principle of spectral 117 

autocorrelation. These hybrid approaches represent a significant effort to create more robust and 118 

accurate fusion models by synergizing the strengths of different theoretical foundations.  119 

Recognizing the limitations of single-pair methods, recent research has increasingly 120 

incorporated time-series data. One group of methods eases the strict image pair requirement by 121 

operating on spatiotemporal patches. Approaches like the ROBust OpTimization-based (ROBOT) 122 

model (Chen et al., 2023), the Unpaired Spatio-Temporal Fusion of Image Patches (USTFIP) 123 

(Goyena et al., 2023), and the Quick Spatiotemporal Fusion with Coarse- and Fine-Resolution 124 

Scale Transformation Errors and Pixel-Based Synthesis Base Image Pair (STEPSBI) (Ma et al., 125 

2023) divide the region of interest into smaller image patches. By learning relationships from 126 

multiple patches over time, they can relax the need for perfectly aligned, full-scene image pairs, 127 

but may still face scaling challenges for long-term, large-area applications. A second group focuses 128 

on modeling the temporal evolution of pixels to generate synthetic fine-resolution time series, 129 

often for specific variables like Vegetation Indices (VIs). These include geostatistical approaches 130 

like STGDFM (Kim et al., 2020), which uses land-cover-specific temporal trends and kriging, and 131 
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shape-matching methods like SSMM (Zhang et al., 2021; Shen et al., 2023) and TSFM (Liu et al., 132 

2022). These shape-matching models function by identifying pixels with similar temporal profiles 133 

(e.g., phenological curves) between coarse- and fine-resolution datasets. While powerful, their 134 

core assumption—that the temporal shapes of both time series are consistent—can be violated 135 

during abrupt land cover changes within a coarse pixel. Furthermore, methods like SSMM often 136 

require searching for similar pixels within a large spatial window, which introduces spatial 137 

dependencies and can be computationally inefficient. 138 

Despite these advancements, the creation of large-scale, long-term, operational 10-m 139 

surface reflectance time series remains a significant challenge, and to date, no such product exists. 140 

Three key limitations in existing spatial-temporal fusion methods hinder this goal. First, many 141 

algorithms are constrained by a dependence on high-quality, temporally-aligned image pairs. 142 

Weight-function-based and hybrid methods, often designed for MODIS-Landsat fusion, struggle 143 

when applied to Landsat and Sentinel-2 because obtaining frequent, cloud-free, near-coincident 144 

image pairs is difficult. Even recent methods that incorporate time series can be computationally 145 

impractical for processing many years of dense data at large scales. Second, most models exhibit 146 

degraded performance in dynamic and heterogeneous landscapes. They often rely on simplifying 147 

assumptions, such as the absence of land cover change or that surface reflectance changes linearly 148 

between observation dates (Xiao et al., 2023). These assumptions break down in real-world 149 

scenarios, reducing algorithm accuracy, particularly when abrupt land changes occur (Zhu et al., 150 

2018). Finally, high computational cost and scalability remain a major hurdle. Traditional methods 151 

like weight-function-based and unmixing approaches often employ moving-window searches for 152 

similar pixels, which are computationally intensive and difficult to scale (Liu et al., 2019). While 153 

deep learning and hybrid approaches leverage GPU acceleration and parallel processing 154 
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techniques, scaling these models for continuous, global-scale operational processing is still a 155 

formidable challenge (Goyena et al., 2023).  156 

To address these challenges, this paper introduces Time-series-based Image Fusion (TIF), 157 

a novel algorithm designed to generate high-spatiotemporal-resolution surface reflectance data. 158 

TIF’s innovative approach introduces a fully pixel-based framework that learns relationships 159 

directly from the entire historical record of observation pairs, thereby avoiding reliance on clear-160 

sky image pairs or computationally expensive searches for similar pixels. By doing so, it generates 161 

reusable, pixel-level coefficients that eliminate the need to re-run or retrain the model for each new 162 

prediction date. This design explicitly accounts for abrupt land surface changes through adaptive 163 

temporal clustering, removing the common assumption of temporal shape consistency. 164 

Furthermore, TIF focuses on predicting fundamental surface reflectance rather than derived 165 

indices, which enables more flexible, scalable, and robust prediction of 10-m land surface 166 

dynamics. We demonstrate that TIF can accurately produce 10-m surface reflectance predictions 167 

for any date with a corresponding 30-m Landsat observation, achieving high computational 168 

efficiency. This capability paves the way for creating an operational 10-m global HLS product, 169 

significantly advancing our capacity to monitor and analyze Earth surface phenomena at 170 

unprecedented spatiotemporal scales.  171 

2. Study Area and Datasets 172 
2.1. Study Area 173 

Five HLS tiles across the Conterminous United States (CONUS) were selected for TIF 174 

algorithm calibration and validation (Figure 1). These tiles include Far West (T10SFG), Rocky 175 

Mountains (T13TCF), Great Plains (T14SPJ), Southeast (T15RXQ), and New England 176 

(T18TXM). This selection provides a range of topographic features, land cover/land use types, 177 
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historical disturbance regimes, and cloud cover frequencies (Table S1), enabling a thorough 178 

assessment of TIF’s performance under varied conditions. 179 

  180 

Figure 1. (a) Black polygons: The five HLS tiles used for this study. Background: 2021 NLCD 181 
land cover maps (Dewitz 2023). The enlarged views of these tiles are shown at (b) Far West 182 
(T10SFG), (c) Rocky Mountains (T13TCF), (d) Great Plains (T14SPJ), (e) Southwest (T15RXQ), 183 
and (f) New England (T18TXM). Each tile covers surface areas with 109.8 km by 109.8 km. TIF 184 
calibration data includes 10,000 simple random calibration (SRC) sample (grey circles) and 5,000 185 
stratified random change calibration (SRCC) sample (red triangles). Independent validation sites 186 
used for evaluating algorithm performance are highlighted in purple polygons. TIF: Time-series-187 
based Image Fusion. 188 

 189 

2.2. Landsat Surface Reflectance (30-m)  190 

The lower-resolution input data, relative to the target 10-m resolution, consisted of 30-m 191 

Landsat 8 and 9 surface reflectance from the NASA Harmonized Landsat-Sentinel (HLS) Version 192 
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2.0 product (Ju et al., 2025), hereinafter referred to as L30. The NASA HLS products were selected 193 

due to their comprehensive preprocessing: atmospheric correction using the Land Surface 194 

Reflectance Code (LaSRC) v3.5.5 (Vermote et al., 2016), cloud and cloud-shadow masking with 195 

Fmask 4.6 (Qiu et al., 2019), and precise co-registration and gridding of Landsat data using the 196 

Automated Registration and Orthorectification Package (AROP) (Gao et al., 2009) over the 197 

Military Grid Reference System (MGRS) tiling system to align with Sentinel-2 data. Additionally, 198 

the C-factor bidirectional reflectance distribution function (BRDF) normalization is applied (Roy 199 

et al., 2016). The view angle is set to nadir. The illumination angle is calculated by averaging the 200 

solar zenith angles observed during the overpasses of Landsat-8 and Sentinel-2 at the center 201 

latitude of the tile (Zhang et al., 2015). We accessed L30 from 2013 to 2021 to ensure 202 

comprehensive temporal coverage for our analysis. The details of spatial and spectral 203 

characteristics of Landsat 8-9/OLI are shown in Table 1.  204 

Table 1. Spatial and spectral characteristics of Landsat 8-9/OLI and Sentinel-2/MSI used in this 205 
study. 206 

 
Band name 

 

Landsat 8-9/OLI Sentinel-2/MSI 
Band 

ID  
Resolution 

(m) 
Bandwidth 

(nm) 
Band 

ID 
Resolution 

(m) 
Bandwidth 

(nm) 

Blue Band 2 30 450–515 Band 2 10 458-523 

Green Band 3 30 525–600 Band 3 10 543-578 

Red Band 4 30 630-680 Band 4 10 650-680 

Broad NIR 
(BNIR) - - - Band 8 10 785-899 

Narrow NIR 
(NNIR) Band 5 30 845-885 Band 

8A 20 855-875 

SWIR1 Band 6 30 1560-1660 Band 11 20 1565-1655 

SWIR2 Band 7 30 2100-2300 Band 12 20 2100-2280 
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2.3. Sentinel-2 Surface Reflectance (10-m) 207 

For the high-resolution image inputs, we utilized 10-m BRDF-corrected Sentinel-2 surface 208 

reflectance, hereinafter referred to as S10. As HLS version 2.0 does not include S10, we derived 209 

and preprocessed our own from Sentinel-2 TOA reflectance downloaded from the Copernicus 210 

Open Access Hub (now replaced by the Copernicus Data Space Ecosystem). The preprocessing of 211 

S10 consists of the following steps: Sen2cor 2.10 (Main-Knorn et al. 2017) for atmospheric 212 

correction, Fmask 4.6 (Qiu et al. 2019) for cloud and cloud-shadow screening, nearest interpolation 213 

to downscale the cloud mask into 10-m resolution, C-factor BRDF correction (Roy et al. 2017), 214 

and bicubic interpolation to resample 20-m Bands 8A, 11 and 12 to 10-m grids. Note that we chose 215 

Sentinel-2 Band 8A with a narrower bandwidth to fuse the Landsat NIR band due to their similar 216 

spectral characteristics. We used S10 acquired between 2015 and 2021 in this study. Details of 217 

Sentinel-2/MSI spectral bands range and spatial resolutions are listed in Table 1.  218 

2.4. Multi-resolution Benchmark Datasets  219 

While TIF can predict 10-m Landsat NIR and SWIR data using downscaled (20-m to 10-220 

m) Sentinel-2 Bands 8A, 11 and 12 as inputs, these resampled Sentinel-2 bands cannot serve as a 221 

reliable reference for evaluating fusion performance at 10 m. This is because they do not represent 222 

true 10-m observations. We used a multi-resolution benchmarking strategy to address the lack of 223 

“ground-truth” 10-m NIR and SWIR Sentinel-2 bands. First, Landsat Bands 5-7 were 224 

downsampled to 60-m using a Gaussian model-based degradation function, also known as the 225 

point spread function (PSF) (Williams and Becklund, 2002) to simulate coarser-resolution 226 

imagery. Next, the TIF framework was used to fuse this 60-m Landsat time series with the original 227 

20-m Sentinel-2 Bands 8A, 11, and 12. This generated a 20-m fused product for Landsat Bands 5-228 

7. Finally, we compared this 20-m fused products with the original 20-m Sentinel-2 bands (serving 229 
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as the reference) to quantitatively assess TIF’s fusion accuracy using spectral metrics. This scale-230 

degradation experiment is consistent with the principles of Wald’s protocol (Wald et al., 1997), a 231 

foundational validation framework in image fusion. The protocol relies on the principle of scale 232 

invariance, positing that an algorithm’s ability to accurately reconstruct a sensor's characteristics 233 

at an intermediate resolution (e.g., 60-m to 20-m) is a strong indicator of its capability to perform 234 

a similar downscaling task at other resolutions where direct ground truth is unavailable (e.g., 30-235 

m to 10-m). This controlled experiment provides an objective measure of TIF's performance in 236 

resolving finer spatial details while preserving spectral fidelity for these bands (Wang et al., 2016, 237 

2017; Shao et al., 2019). 238 

2.5. Calibration Data 239 

To develop and calibrate the TIF algorithm, we employed a dual-sampling strategy 240 

designed to capture both typical land cover conditions and less frequent but important land surface 241 

dynamics. First, a simple random calibration (SRC) sample of 10,000 pixels was selected in total, 242 

with 2,000 points allocated to each of the five study tiles. This sample represents the dominant 243 

land cover types and their characteristic spectral behavior. Second, a stratified random change 244 

calibration (SRCC) sample of 5,000 pixels was selected, with 1,000 points allocated to each study 245 

tile. These points were randomly drawn from manually delineated areas known to have 246 

experienced land surface changes, such as those resulting from land disturbances or vegetation 247 

recovery. Figure 1 displays the spatial distribution of both sample classes. By incorporating both 248 

the SRC sample, representing common conditions, and the SRCC sample, focusing on land surface 249 

changes, we enhanced the robustness of the TIF algorithm and ensured its reliable performance 250 

across a wide range of scenarios. This approach allows the algorithm to learn both the general 251 
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spectral relationships between Landsat and Sentinel-2 and the specific adjustments needed to 252 

accurately capture land surface changes. 253 

2.6. Validation Data  254 

To ensure a rigorous evaluation of the TIF algorithm, we designed the validation process to 255 

be entirely independent of the calibration data. Specifically, we identified five 6 km × 6 km test 256 

sites that were not used during the algorithm’s calibration phase (Figure 1). For each site, two 257 

growing-season images were designated to perform both qualitative and quantitative assessments 258 

of fusion performance. These test areas were specifically chosen to include diverse land cover 259 

types and surface changes, ensuring a robust and unbiased evaluation. While the TIF method is 260 

universally applicable, the selection of validation datasets was constrained by the requirements of 261 

the benchmark methods, Sen2Like (S2L) (Saunier et al., 2022), STARFM, FSDAF 2.0, and 262 

ESRCNN, used for comparison. Specifically, S2L requires at least one Sentinel-2 image prior to 263 

the prediction date, while ESRCNN requires at least one completely cloud-free Sentinel-2 image 264 

acquired near the prediction date for model training, and the other two approaches require one 265 

clear-sky Landsat and Sentinel-2 image pairs.  266 

3. Methodology 267 
3.1. The TIF Algorithm 268 

The conceptual basis of the TIF algorithm is the understanding that while the reconstruction 269 

of fine-resolution imagery from coarser data is an inherently ill-posed problem, robust 270 

relationships can be established empirically between co-located 30-m Landsat (L30) and 10-m 271 

Sentinel-2 (S10) pixels through the analysis of long-term time series. These relationships, which 272 

can be approximated by a set of linear models, are critically dependent on land surface dynamics. 273 

Instead of assuming a single, static linear relationship, TIF leverages the full temporal depth of all 274 

available L30-S10 observation pairs to learn the characteristic spectral co-variations between the 275 
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sensors for each 10-m pixel over time. To account for sub-pixel heterogeneity and dynamic 276 

processes, it employs K-means clustering to identify and model distinct spectral states or change 277 

trajectories. This allows the algorithm to refine the linear relationships for different conditions by 278 

then utilizing robust regression and adaptive model selection to derive the most accurate TIF 279 

coefficients for each state. Thus, the resulting linear TIF coefficients are not a simplistic 280 

assumption but rather the outcome of an adaptive, data-driven modeling process designed to 281 

capture these land surface dynamics. The entire TIF process is outlined in Figure 2. 282 

The TIF algorithm begins by assembling a time series of co-located Landsat (L30) and 283 

Sentinel-2 (S10) observation pairs for each 10-m pixel, matching observations within a 16-day 284 

temporal window (Qiu et al., 2018; Shang et al., 2019). To minimize variability from atmospheric 285 

or surface changes, these pairs are temporally weighted, giving higher influence to observations 286 

acquired closer in time (details in Section 3.1.1). The core assumption is that a consistent linear 287 

relationship exists between L30 and S10 reflectance. As demonstrated in previous work and our 288 

examples (Figures 3-5), this assumption holds for stable pixels and for homogeneous changes 289 

where both sensors' reflectance shifts synchronously, yielding a single set of regression 290 

coefficients (hereafter, TIF coefficients). However, this assumption is violated in cases of 291 

heterogeneous change—for instance, when land cover converts within only a portion of an L30 292 

pixel (Figure 5). In such scenarios, TIF coefficients derived from pre- and post-change 293 

observations can differ substantially for the changed (and sometimes for the unchanged) S10 pixels 294 

within that Landsat pixel. Such a condition is rare but will be more apparent in heterogeneous areas 295 

with fragmented change features. To address this, TIF employs K-means clustering (temporally 296 

applied; Section 3.1.2) on the time series observation pairs for each pixel. This identifies distinct 297 

temporal-spectral states, allowing robust regression (Section 3.1.3) to calculate separate, optimized 298 
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TIF coefficients for each state. Finally, these adaptively derived coefficients are applied to the 299 

input L30 data to predict the 10-m Sentinel-2-like surface reflectance for any given date (Section 300 

3.1.4). To further illustrate the algorithm’s application and performance, we present three 301 

representative examples: a stable land surface pixel (Figure 3), a pixel undergoing homogeneous 302 

land change (Figure 4), and a pixel experiencing heterogeneous land change (Figure 5).  303 

 304 

Figure 2. Illustration of 10 m HLS imagery time series obtained from the TIF approach. The key 305 
steps of TIF with respect to the target pixel (in yellow square) are highlighted in the black box. 306 
Observation pairs from L8-9 and S2 are first matched and weighted, after which pixel-wise K-307 
means clustering is optionally applied. In the “without clustering” branch, a single regression line 308 
is fit across all matched pairs, producing two coefficients (slope 𝑎 and intercept 𝑏) that are passed 309 
downstream. In the “with clustering” branch, separate regression lines are fit for each cluster, in 310 
addition to a simple regression line across all pairs. For each spectral band, the regression RMSEs 311 
are compared, and the coefficients from the model with lower error are retained as the final TIF 312 
coefficients. TIF: Time-series-based Image Fusion. L8-9: Landsat 8 and 9. S2: Sentinel-2. 𝑚 is the 313 
number of matched observation pairs. 𝑛 is the total number of spectral bands (n=6). 314 

 315 

3.1.1. Selection of L30-S10 Pairs  316 

TIF operates at the pixel level, estimating linear regression coefficients for each pixel and 317 

each spectral band using L30-S10 observation pairs. Each L30 pixel is divided into nine S10 pixels. 318 

This algorithm searches for valid L30 observations (excluding cloud, cloud shadow, and snow) 319 
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collected within ±16 days of the valid S10 acquisition date for observation matching. The 16-day 320 

window ensures sufficient L30-S10 observation pairs for regression while reducing misalignments 321 

due to temporal variations (Shang et al., 2019). If an L30 matches an S10 on the same day, all 322 

other Landsat observations will not be considered. In the absence of a same-day match, the search 323 

window is expanded to locate the closest L30 observation (still needs to be within ±16 days) to the 324 

S10 date.  325 

To mitigate the influence of temporal variations between Landsat (L30) and Sentinel-2 326 

(S10) observation pairs, TIF employs a weighted regression approach. Unlike previous methods 327 

that treat all observation pairs equally (e.g., Shang et al., 2019), TIF assigns each pair an initial 328 

weight (𝜔), which is inversely proportional to the temporal offset between the acquisition date of 329 

L30 and S10 (Error! Reference source not found.). The smaller the temporal offset, the higher 330 

the weighting, resulting in a greater influence of the observation pair on the regression model. The 331 

highest weight is given to the observation pairs acquired on the same day. In this study, we tested 332 

three weighting functions (Equations. 1-3): ‘Fair’, ‘Cauchy’, and ‘Sqrt’. According to the sensitive 333 

analyses with the SRC sample (Figure S2) and the change sample (Figure S3), we selected the 334 

‘Fair’ function in TIF due to its high accuracy and simplicity. We also explored the scenario 335 

without any weighting functions. The RMSE with the ‘Fair’ weighting function is 183.77, which 336 

is a slight improvement over the RMSE of 185.23 achieved without weighting, thus justifying its 337 

inclusion in the TIF algorithm.  This weighting strategy ensures that the TIF coefficients are 338 

primarily derived from observation pairs with the highest temporal correspondence, minimizing 339 

the influence of phenological changes and other temporal variations on the derived spectral 340 

relationships. 341 
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Fair:	𝜔 = !
(!#|%|)

							(1) 342 

Cauchy: 𝜔 = !
(!#%!)

				 (2) 343 

Sqrt: 𝜔 = !
(!#'|%|)

				 (3) 344 

where 𝑟	, ranging from [-16,16], is the temporal offset between the acquisition date of L30 and 345 

S10. 346 

3.1.2. K-means Clustering Applied Temporally for Each Pixel  347 

To account for the shifts in the L30-S10 spectral relationships caused by land changes 348 

within mixed 30-m pixels, TIF employs K-means clustering across all spectral bands. Importantly, 349 

this clustering is performed temporally on the historical observation pairs for each individual 10-350 

m pixel, not spatially across neighboring pixels. For a given 10-m pixel, the full time series of its 351 

L30-S10 observation pairs across all six spectral bands is grouped into categories. Each resulting 352 

cluster represents a distinct temporal-spectral state, often corresponding to pre-change, post-353 

change, or different phenological conditions. This allows for more nuanced and accurate model 354 

fitting by identifying and separating these different states. Such clustering is particularly important 355 

for modeling heterogeneous changes, where sub-pixels within an L30 footprint change at varying 356 

rates or in different ways. 357 

The algorithm is governed by two key clustering parameters. The first, k_max, is a 358 

predefined upper limit on the number of clusters to test. Based on sensitivity analysis (Figures S2 359 

and S3), we set k_max = 3, as this value provides the best balance between capturing landscape 360 

heterogeneity and maintaining sufficient observations within each potential cluster for robust 361 

regression. The second parameter, k_optimal, is the optimal number of clusters determined 362 

empirically for each individual pixel's time series (where 1 ≤ k_optimal ≤ k_max). We determine 363 
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k_optimal using the gap statistic method (Tibshirani et al., 2001), selecting the smallest value of k 364 

for which the gap statistic is within one standard deviation of the maximum gap value. A larger 365 

gap statistic indicates a more defined, non-random clustering structure in the data. While clustering 366 

is performed jointly using all spectral bands to capture the overall spectral state, the resulting L30-367 

S10 patterns can still vary by band within the same temporal cluster (Figure 5c). To handle this, a 368 

final adaptive selection step is performed after regression, as detailed in the next section.  369 

3.1.3. Regression Model Fitting and Adaptive Coefficient Selection 370 

To derive the TIF coefficients for each spectral band, a robust linear regression is employed 371 

(DuMouchel and O’Brien, 1989). This method is less sensitive to outliers than ordinary least 372 

squares (OLS) because it uses an iteratively reweighted least squares (IRLS) approach (Holland 373 

and Welsch, 1977). The core principle of IRLS, as implemented in TIF, is to iteratively assign 374 

lower weights to observations that have large residuals from the current model fit, thereby reducing 375 

their influence on the parameter estimation in subsequent iterations. This process continues until 376 

the model coefficients converge. Specifically, in each iteration, weights are calculated based on 377 

the residuals from the previous fit using a chosen weighting function. Observations identified as 378 

outliers receive progressively smaller weights, effectively downweighing their contribution to the 379 

final regression model. This iterative refinement makes the resulting TIF coefficients more robust 380 

to noise and improves the overall robustness of the fusion process. Our sensitivity tests confirmed 381 

this, showing that robust fitting consistently yielded better accuracies than OLS for both calibration 382 

samples (Figures S2 and S3). 383 

A key innovation in TIF is the adaptive selection of coefficients for pixels where K-means 384 

has identified multiple temporal clusters. For each spectral band in such a case, TIF fits regression 385 

models both with clustering (i.e., a separate model for each cluster) and without clustering (a single 386 
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model using all data). The final TIF coefficients are then chosen by comparing the Root Mean 387 

Square Error (RMSE) of these competing models, evaluated against same-day matching reference 388 

observations. For example, Figure 5 illustrates a pixel experiencing heterogeneous change where 389 

the NIR and SWIR2 bands show divergent spectral patterns. For the NIR band, the model with 390 

two clusters yields a lower RMSE (404) than the unclustered model (415), so the coefficients from 391 

the two clusters are retained. Conversely, for the SWIR2 band, a single unclustered model provides 392 

better accuracy, so those coefficients are used. This band-by-band adaptive process ensures that 393 

clustering is only used when it demonstrably improves fusion accuracy. This flexibility is crucial 394 

because the magnitude and spectral signature of land cover change can vary significantly across 395 

bands, and this method optimizes the prediction accuracy for each spectral component 396 

individually. 397 

3.1.4. Surface Reflectance Prediction 398 

The final step of the TIF algorithm is to predict the 10-m Sentinel-2-like surface reflectance 399 

(𝑦() for a given 30-m Landsat observation (𝑥(). The specific set of TIF coefficients (𝑎( and 𝑏() 400 

applied depends on the temporal clustering results for that pixel. For a pixel with only one 401 

identified temporal cluster (k_optimal = 1), the prediction is a direct application of the derived 402 

linear model for each spectral band	𝑖 , as shown in Equation (4). For a pixel where multiple 403 

temporal clusters (and thus multiple sets of TIF coefficients) exist, a cluster assignment step is 404 

required. To determine which set of coefficients to use for the input L30 observation, we calculate 405 

the Euclidean distance (𝐷)) between the multi-band L30 observation vector and the centroid of 406 

each available cluster (𝑐(,)), as shown in Equation (5). The cluster assignment is performed jointly 407 

using all six spectral bands to capture the overall spectral characteristics of the L30 observation. 408 

This approach ensures robust assignment, as some land surface changes may only be prominent in 409 
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specific bands. The set of TIF coefficients corresponding to the cluster with the minimum 410 

Euclidean distance (𝐷)) is then selected and applied using Equation (4) to generate the final surface 411 

reflectance prediction. In rare instances where a robust regression model could not be derived for 412 

a pixel due to an insufficient number of historical observation pairs, the missing prediction value 413 

is filled using a simple bicubic interpolation of the original 30-m Landsat image. 414 

𝑦( = 𝑎( ∗ 𝑥( + 𝑏( 					(4) 415 

𝐷) = 0∑ (𝑥( − 𝑐(,))+,
(-+ 	   (5) 416 

where 417 

𝑦( is the predicted Sentinel-2-like 10-m surface reflectance for the 𝑖./ band. 418 

𝑥( is the original L30 for the 𝑖./ band. 419 

𝑎( is the slope of the TIF coefficients for the 𝑖./ band. 420 

𝑏( is the intercept of the TIF coefficients for the 𝑖./ band. 421 

𝐷) is the Euclidean distance between L30 and the cluster 𝑘’s centroids across six bands.  422 

𝑐(,) is the surface reflectance of Cluster 𝑘’s centroids for the 𝑖./ band. 423 

𝑖 is the spectral band, corresponding to Landsats 8/9 bands 2, 3, 4, 5, 6, and 7. 424 

𝑘 is the 𝑘./ cluster, ranging from 1 to k_optimal. 425 
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3.1.5. Algorithm Calibration  426 

To calibrate the TIF algorithm, we explored three key components: the weighting function 427 

for each matching pair, the maximum number of K-means clustering, and the regression method. 428 

Using the L30-S10 observation pairs as TIF input, we applied the holdout validation strategy to 429 

randomly split the same-day matching pairs into calibration (60%) and validation (holdout, 40%) 430 

sets. For instance, if there were 35 valid pairs (16-day matching) and 15 of them were same-day 431 

matches, six of the same-day pairs would be randomly selected and withheld (from model 432 

regression) as reference points. This process was repeated five times to ensure robustness. Such a 433 

strategy helps ensure that both calibration and validation sets include spatially and temporally 434 

diverse observations, reducing potential biases associated with any specific location or time.  435 

Performance was evaluated using a Root Mean Square Error (RMSE) and Average 436 

Absolute Difference (AAD), alongside the missing observation rate. The missing observation rate 437 

is defined as the proportion of Landsat observations for which TIF could not generate a prediction 438 

due to insufficient valid Landsat-Sentinel-2 (L30-S10) observation pairs for regression, compared 439 

to a benchmark scenario where the maximum number of clusters (k_max) is set to 1 (no clustering). 440 

This rate serves as a proxy for the algorithm’s applicability to time series data, as it reflects the 441 

trade-off between increasing the flexibility of the model (by allowing more clusters) and reducing 442 

the number of usable observation pairs. 443 

To derive TIF coefficients, a robust linear regression model is estimated for each spectral 444 

band using the available L30-S10 observation pairs within each identified temporal cluster (or for 445 

all pairs if no clustering is applied). A minimum of four valid observation pairs is required to 446 

proceed with the regression for any given cluster and spectral band. This threshold is set to ensure 447 

a sufficiently robust estimation of the two model parameters (slope and intercept). While two 448 
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points theoretically define a line, using at least four pairs provides a degree of redundancy (two 449 

degrees of freedom), making the derived coefficients less sensitive to noise or individual outlying 450 

observations and leading to more stable and reliable inter-sensor relationships. Increasing k_max 451 

generally leads to a higher missing observation rate because dividing the data into more clusters 452 

can result in some clusters having fewer than the required four pairs. While higher k_max values 453 

can potentially improve accuracy by capturing finer-scale variations, an excessively high missing 454 

observation rate can negatively impact overall performance by limiting the data available for 455 

model training. Therefore, the optimal k_max value balances the benefits of increased model 456 

flexibility with the need for sufficient training data. To assess the algorithm’s accuracy and 457 

robustness, we used the mean RMSE and AAD values calculated over five iterations of the 458 

optimization process. This iterative approach ensures that the chosen parameters consistently 459 

produce reliable results. 460 

Calibration results indicate that the optimal configuration for the TIF algorithm is achieved 461 

with a maximum of three clusters (k_max = 3), utilizing the robustfit regression method and the 462 

‘Fair’ weighting function (Figures S2 and S3). While increasing k_max beyond 3 yields marginal 463 

improvements in accuracy, it also leads to a noticeable increase in the missing observation rate. 464 

Specifically, setting k_max to 4 results in a 2% missing observation rate, indicating a significant 465 

reduction in the usable time series data. This loss of data outweighs the marginal gain in accuracy. 466 

Therefore, k_max = 3 strikes the optimal balance between maximizing prediction accuracy and 467 

maintaining sufficient observation availability for robust time series analysis. This configuration 468 

ensures that the TIF algorithm effectively captures spectral variations while minimizing data loss 469 

due to insufficient L30-S10 pairs within individual clusters.  470 
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 471 
Figure 3. Illustration of TIF execution with a stable land pixel covered by extensive urban trees 472 
and a small portion of roads from Wethersfield, CT. (a) False color composite 473 
(R/G/B=NNIR/Red/Green) of the L30, TIF predictions, and hidden S10 data for the same 474 
geographic area. Both L30 and S10 were acquired on 2021-06-16. The white circle indicates the 475 
point of interest (upper left corner) within the 30 m by 30 m pixel. (b) Time series of NNIR 476 
reflectance for the point of interest (Lat: 41.7236, Lon: -72.6720). The solid red dots represent S10 477 
data, the blue dots represent L30 data, and the black circles are TIF predictions. The dashed line 478 
represents the date of withheld Sentinel-2 image. (c) Linear relationship of the NNIR reflectance 479 
at the point of interest (solid line), built by TIF, between matching L30-S10 pairs (purple points), 480 
compared to the 1:1 line (dashed line). The black cross denotes the centroid of all matching pairs. 481 
(d) Google Earth images of the area of interest captured at different timestamps. The yellow box 482 
indicates the extent of the L30 pixel shown in (a). The white marker highlighted the location of 483 
the investigated point in (b) and (c).  484 

2019/092018/062016/042015/092013/09

(a)

(b)

(c)

(d)

L30 TIF S10

N
N
IR

NNIR



24 

 485 
Figure 4. Illustration of TIF execution with a homogeneous land change pixel covered by crops 486 
in Gustine, CA. (a) False color composite (R/G/B=NNIR/Red/Green) of the L30 surface 487 
reflectance, TIF predictions, and hidden S10 data for the same geographic area. Both L30 and S10 488 
were acquired on 2021-07-20. The white circle indicates the point of interest (middle one) within 489 
the 30 m by 30 m pixel. (b) Time series of NNIR reflectance for the point of interest (Lat: 37.2837, 490 
Lon: -120.9469) The solid red dots represent S10 data, the blue dots represent L30 data, and the 491 
black circles are TIF predictions. The dashed line represents the date of withheld Sentinel-2 image. 492 
(c) Linear relationship of the NNIR reflectance at the point of interest (solid line), built by TIF, 493 
between matching L30-S10 pairs (purple points), compared to the 1:1 line (dashed line). The black 494 
cross denotes the centroid of all matching pairs. (d) Google Earth images of the area of interest 495 
captured at different timestamps. The yellow box indicates the extent of the L30 pixel shown in 496 
(a). The white marker highlighted the location of the investigated point in (b) and (c).  497 
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 499 
Figure 5. Illustration of TIF execution with a heterogeneous land change pixel from an urban area 500 
in the north of Springfield, MA. (a) False color composite (R/G/B= NNIR/Red/Green) of the L30 501 
surface reflectance, TIF predictions, and hidden S10 data for the same geographic area. Both L30 502 
and S10 were acquired on 2021-06-16. The white circle indicates the point of interest (lower left 503 
corner) within the 30 m by 30 m pixel. (b) Time series of NNIR and SWIR2 reflectance for the 504 
point of interest (Lat: 42.1565, Lon: -72.5847). The solid red dots represent S10 data, and the blue 505 
dots represent L30 data. For NNIR, purple and yellow circles indicate TIF predictions for cluster 506 
1 and 2, respectively. For SWIR2, black circles are TIF predictions. The dashed line represents the 507 
date of withheld Sentinel-2 image. (c) Linear relationships of surface reflectance at the point of 508 
interest (solid lines), built by TIF, compared to the 1:1 line (dashed line). NNIR used clustered 509 
matching L30-S10 pairs (purple and yellow points). The red and blue cross denotes the centroids 510 
of different clusters. SWIR2 used all matching L30-S10 pairs (black points) with the centroids 511 
highlighted in black cross. (d) Google Earth images of the area of interest captured at different 512 
timestamps. The yellow box indicates the extent of the L30 pixel shown in (a). The white marker 513 
highlighted the location of the investigated point in (b) and (c).  514 
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3.2. Sen2Like (S2L) 515 

S2L is an open-source tool designed to produce harmonized 10 and 30-m surface 516 

reflectance data from Landsat and Sentinel-2. The data fusion module of S2L utilizes interpolation 517 

methods and historical Sentinel-2 data to construct a 10-m Landsat image on the target date. As 518 

shown in Equation (6), the predicted 10-m Landsat image (𝐿!"# ) consists of two parts, the 519 

resampled image using bilinear interpolation (𝐿$"→!"#) and the resolution difference (𝐷$"→!"#) that 520 

describes the details seen by Sentinel-2 but not by Landsat. Following interpolation, it is assumed 521 

that the difference in resolution can be estimated from recent Sentinel-2 images with a low pass 522 

filter. Two modes are provided to process the Sentinel-2 images and to estimate the difference. (1) 523 

The predict mode utilizes linear interpolation to reconstruct a simulated Sentinel-2 image on the 524 

target date for calculation 𝐷$"→!"#. On the contrary, (2) the composite mode will select the surface 525 

reflectance from the most recent valid observations for analysis, so temporal variations were 526 

neglected in this approach. Notably, the S2L fusion module does not require coarse-fine image 527 

pairs. While this data fusion algorithm is more efficient than weight-based methods, one major 528 

concern is the expected increase in artifacts and noise due to the simplicity of this approach. 529 

𝐿!01 = 𝐿20→!01 + 𝐷20→!01						(6)	530 

where  𝐿!01 is the predicted 10-m Landsat image, 𝐿20→!01 is the resampled 10-m Landsat image, 531 

and 𝐷20→!01 refers to the resolution difference between 30-m and 10-m imagery, estimated from 532 

Sentinel-2 data using a low-pass filter to recover spatial details not present in the coarser Landsat 533 

data.  534 

For this study, we utilized S2L version 4.4.0 and ingested Sentinel-2 L2A and Landsat 8 535 

Collection 2 Level 2 data to generate the 10-m Landsat imagery for all the test sites. As S2L only 536 

provides NNIR and SWIR bands at 20-m spacing, we employed bicubic interpolation to obtain 537 
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10-m images for the visual comparison. Currently, the maximum number of historical Sentinel-2 538 

images used to derive the resolution difference is limited to two. Details regarding the S2L 539 

procedures can be found at Saunier et al. (2022).  540 

3.3. ESRCNN  541 

ESRCNN (Shao et al. 2019) was developed to predict 10-m Landsat 8 images using a deep 542 

learning-based convolutional neural network (CNN). ESRCNN relies on at least one clear 543 

Sentinel-2 image acquired close to the target Landsat image. This approach involves two fusion 544 

networks with three layers each. The self-adoption fusion of Sentinel-2 is performed to predict 20 545 

m SWIR bands (Bands 11 and 12) at 10-m resolution by feeding Sentinel-2 visible (Bands 2-4) 546 

and BNIR (Band 8) bands. Then, the multi-temporal fusion of 30-m Landsat 8 Bands 1-7 to 10-m 547 

is achieved by using the 15-m Landsat 8 panchromatic band and the six 10-m Sentinel-2 bands 548 

(Bands 2, 3, 4, 8, and fused Bands 11 and 12) from the first step.  549 

In this study, we kept the original self-adoption fusion and conducted the multi-temporal 550 

fusion framework for Landsat 8 Bands 2-7 solely based on Sentinel-2 multispectral bands (i.e. 551 

without the 15-m panchromatic band) to keep the input data consistent. We trained and tested 552 

ESRCNN models for each validation site (purple polygons in Figure 1) at 30-m to 10-m scale to 553 

qualitatively evaluate the accuracies of prediction images. We also adopted the model using the 554 

60-m benchmark data to quantitatively assess the spectral fidelity for the predicted 20-m Landsat 555 

Bands 5-7.  556 

3.4. STARFM 557 

The Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al., 558 

2006) is a foundational weight-function-based algorithm. It predicts a fine-resolution (e.g., 559 
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Landsat) image on a target date by blending information from one or more fine-coarse image pairs 560 

acquired on different dates and the coarse-resolution (e.g., MODIS) image from the target date. 561 

The core principle involves identifying spectrally similar neighboring pixels within a moving 562 

window in the fine-resolution image. These similar neighboring pixels are then weighted based on 563 

their spectral similarity, temporal proximity to the prediction date, and spatial distance from the 564 

central pixel. These weights are used to calculate the change in reflectance from the coarse-565 

resolution imagery and apply it to the fine-resolution pixels. For our study, we adapted STARFM 566 

for Landsat-Sentinel-2 fusion, using one complete Landsat-Sentinel-2 image pair from a base date 567 

and the 30-m Landsat image on the prediction date. 568 

3.5. FSDAF 2.0 569 

The Flexible Spatiotemporal Data Fusion (FSDAF) 2.0 (Guo et al., 2020) is an advanced 570 

hybrid fusion method that builds upon the original FSDAF (Zhu et al., 2016). It is designed to 571 

perform well in heterogeneous landscapes and areas with land cover changes. FSDAF 2.0 572 

integrates multiple techniques: it first uses spectral unmixing to estimate the temporal change for 573 

each land cover class based on the difference between coarse-resolution images. It then distributes 574 

this class-level change to fine-resolution pixels using a thin plate spline interpolator. A final 575 

residual compensation step, similar to STARFM’s neighborhood weighting, is applied to capture 576 

information missed by the initial class-based prediction. This hybrid approach allows it to better 577 

preserve spatial detail and handle land cover changes compared to purely weight-function-based 578 

methods. For this study, we implemented FSDAF 2.0 using one base Landsat-Sentinel-2 image 579 

pair and the Landsat image on the prediction date. 580 
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4. Evaluation Metrics 581 

We evaluated the performance of TIF, S2L, ESRCNN, STARFM, and FSDAF 2.0 through 582 

three approaches: qualitative comparison (Section 5.1), quantitative assessments of spectral and 583 

spatial fidelity (Section 5.2), and change detection applications (Section 5.3). To generate 584 

prediction image for a target date, the TIF algorithm was applied, excluding Sentinel-2 585 

observations acquired on that date from training. The derived TIF coefficients were then used with 586 

the original 30-m Landsat image to reconstruct fine-resolution imagery. Details of the prediction 587 

dates for each validation site are provided in Table S2. Inputs for S2L and ESRCNN are listed in 588 

Table S3 and Table S4, respectively. The configurations of ESRCNN training are outlined in Table 589 

S5. Inputs for STARFM and FSDAF 2.0 are shown in Table S6. 590 

4.1. Quantitative Evaluation of Spectral and Spatial Fidelity 591 

To quantitatively evaluate the performance of TIF, S2L, STARFM, FSDAF 2.0, and 592 

ESRCNN, we employed six widely used metrics for assessment of image fusion results. Figure 6 593 

presents density plots showing the relationship between the TIF predicted surface reflectance and 594 

the reference data for each spectral band. From these plots, we calculated the Correlation 595 

Coefficient (CC), RMSE, AAD, and Erreur Relative Global Adimensionnelle de Synthese 596 

(ERGAS; Wald, 2002) to assess pixel-level spectral fidelity. To assess spatial fidelity, which 597 

encompasses overall image structure and radiometric similarities, we utilized the Universal Image 598 

Quality Index (UIQI; Wang and Bovik, 2002) and the Structure SIMilarity (SSIM; Wang et al., 599 

2004). In terms of the metric values, the closer CC, UIQI, and SSIM to 1, the more similar the 600 

predictions are to the references. On the contrary, the closer RMSE, AAD, and ERGAS, are to 601 

zero, the better the predictions. Finally, to provide a comprehensive evaluation of algorithm 602 

performance, we calculated the mean values of these metrics across all six spectral bands.   603 
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 604 

 605 

Figure 6. An illustration of TIF predictions (T10SFG, 2021-07-20) versus reference surface 606 
reflectance across each spectral band at Far West. TIF: Time-series-based Image Fusion. CC: 607 
Correlation Coefficient; RMSE: Root Mean Square Error; AAD: Absolute Average Difference; 608 
ERGAS: Erreur Relative Global Adimensionnelle de Synthese.  609 
 610 

In addition to previously mentioned metrics, we employed the semivariogram (Curran 611 

1988) to measure the spatial fidelity of prediction images. Following the methodology outlined by 612 

Qiu et al. (2023), we varied the lag distance h between 0 and 350 m in 10-m increments and 613 

analyzed the semivariance for each spectral band. To reduce the computation cost, we randomly 614 

selected 1% of the total pixels for each test region (600 × 600 pixels). Figure 7 illustrates the 615 

semivariance for a TIF prediction image compared with its corresponding reference image. Higher 616 

spatial fidelity was anticipated when the semivariance curve of the predicted image closely aligned 617 

with that of the reference image. To quantify these differences, we calculated the absolute 618 
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semivariance difference, ∆𝛾(ℎ), between the prediction image and the reference image at each lag 619 

distance (Equation (7) for details and Figure 7 as a visual demonstration). The mean value of these 620 

differences across all spectral bands was used to assess algorithm performance in terms of spatial 621 

fidelity.  622 

∆𝛾(ℎ) = !
+4
∑ (𝑥( − 𝑥(#/)+4
(-! 				(7)	623 

where, 624 

𝑥( is the surface reflectance of the 𝑖th pixel. 625 

𝑥(#/ is the surface reflectance at the pixel with a lag distance of ℎ from the 𝑖th pixel. 626 

ℎ is the lag distance between the pixel pair. 627 

𝑁 is the total number of paired pixels at the distance ℎ in four directions: upper, lower, left, 628 

and right. 629 

 630 

Figure 7. Illustration of semivariograms between the TIF prediction image (T10SFG, 2021-07-631 
20) and the reference image of each spectral band at Far West. TIF: Time-series-based Image 632 
Fusion. The ∆𝛾(ℎ) indicates the semivariance difference between the prediction data and the 633 
reference data at lag distance ℎ.  634 

4.2. Supervised Multi-date Change Detection  635 

We created change maps from two growing-season images to assess the applicability of 636 

fusion methods in land change detection. Using a multi-date classification change detection 637 

approach (Singh, 1989), we classified satellite images from two timestamps to identify changes. 638 
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The reference change maps were constructed from two actual Sentinel-2 images. The predicted 639 

change maps were generated by replacing the second (later) Sentinel-2 image with the predicted 640 

10 m image. Agreement between the predicted and reference change maps served as a performance 641 

indicator for the fusion methods.   642 

We used Random Forest (RF) (Breiman 2001) due to its good performance in remote 643 

sensing image classification. We optimized the number of trees to 500 to balance classification 644 

accuracy and computation efficiency. For the training data, we collected “stable” and “changed” 645 

samples based on the two summer images shown in Table S1. The “changed” category included 646 

various types of land changes, such as fire, forest management, water dynamics, agricultural 647 

practice, and construction activities etc. The number of training pixels varied across different test 648 

areas; the “stable” sample size ranged from 2,334 to 4,351 pixels and the “changed” sample size 649 

from 402 to 2,351 pixels. These samples were consistent across different image fusion algorithm 650 

evaluations.  651 

We calculated the F1 score (for land change) and the disagreement percentage using the 652 

reference change maps produced by Sentinel-2 images for quantitative evaluation. The F1 score 653 

reflects the classification accuracies over changed places and the disagreement percentage 654 

indicates the overall dissimilarity between the reference change map versus the prediction change 655 

map. Higher F1 scores and lower percentages of disagreement indicate better fusion performance. 656 

5. Results 657 
5.1. Visual Assessment  658 

A qualitative visual comparison of TIF, S2L, STARFM, FSDAF 2.0, and ESRCNN outputs 659 

(10 m) against withheld reference imagery was conducted across five validation sites. Figure 8 660 
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showcases the performance of each method over a heterogenous landscape near Gustine, CA, on 661 

2017-07-09 and 2021-07-20. We could observe that S2L images exhibited clear tonal differences 662 

compared to the reference imagery, indicating overall spectral shifts. To highlight fine-scale 663 

details, zoom-in views of an agriculture area (Figure 9) and an urban area (Figure 10) are also 664 

provided. STARFM showed visible spectral distortions (yellow circles) and speckle-like artifacts 665 

(white circles) across both crop fields and urban places. Additionally, it incorrectly generated the 666 

shape of a construction on 2017-07-09, as indicated by the yellow arrow. FSDAF 2.0 exhibited 667 

similar spectral artifacts to those observed in STARFM and it tended to blur the boundaries 668 

between adjacent patches, highlighted by the yellow arrow. ESRCNN exhibited overall good 669 

performance, however, inconsistency over edges were observed. For instance, it smeared crop 670 

boundaries on 2017-07-09 (yellow arrow) while sharpening them on the other date (white arrow). 671 

Both S2L methods struggled to reconstruct spatial details over developed areas (yellow circles). 672 

S2L.CompositeMode produced a blurry image on 2017-07-09, whereas S2L.PredictMode 673 

generated over-sharpened results with noticeable speckle noise. In contrast, TIF consistently 674 

produced high-quality results across all sites and dates. It effectively enhanced spatial details while 675 

preserving both spectral and spatial accuracy, resulting in superior visual quality compared to the 676 

benchmark methods.  677 

Over homogeneous landscapes, all methods adequately reconstruct the spatial details of 678 

roads against the forest background. However, differences emerged in forest management areas 679 

(Figure S5 and Figure S6). ESRCNN generated over-sharpened images on 2018-07-04, exhibiting 680 

more spatial textures than the reference image, but produced over-smoothed results on 2021-07-681 

28, losing spatial detail in vegetated areas. This suggests that ESRCNN’s performance might be 682 

unpredictable and image dependent. S2L.CompositeMode and S2L.PredictMode produced blurred 683 
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images on 2018-07-04 and noticeable artifacts on 2021-07-28, particularly S2L.PredictMode 684 

(Figure S6p). TIF consistently outperformed the benchmark methods in these homogeneous 685 

landscapes, enhancing spatial textures while preserving spectral values. The TIF fusion results for 686 

remaining validation sites are provided in the Supplementary Data (Figure S11, Figure S13, and 687 

Figure S15). 688 

 689 

Figure 8. Visual comparison of the fusion results from the T10SFG experiment. The original 30 690 
m Landsat images acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). Reference 10 691 
m Sentinel-2 (S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 692 
2017-07-09 from TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L predict mode and S2L 693 
composite mode. The downscaled results on 2021-07-20 are correspondingly (k) – (p). The 694 
centroid of the area is Lat = 37.290544, Lon = -120.978904. Images are displayed by NNIR, red, 695 
and green bands with the same stretch scales. Two zoom-in areas are highlighted: subarea 1 – blue 696 
polygon; subarea 2 – orange polygon. 697 
 698 
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 699 
Figure 9. Zoom-in views of subarea 1 marked in Figure 8. The original 30 m Landsat images 700 
acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). Reference 10 m Sentinel-2 (S10) 701 
acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2017-07-09 from 702 
TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L composite mode and S2L predict mode. (k) – (p) 703 
are corresponding downscaled images on 2021-07-20. Images are displayed by NNIR, red, and 704 
green bands with the same stretch scales.  705 

 706 
Figure 10. Zoom-in views of subarea 2 marked in Figure 8. The original 30 m Landsat images 707 
acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). Reference 10 m Sentinel-2 (S10) 708 
acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2017-07-09 from 709 
TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L composite mode and S2L predict mode. (k) – (p) 710 
are corresponding downscaled images on 2021-07-20. Images are displayed by NNIR, red, and 711 
green bands with the same stretch scales.  712 

 713 

5.2. Quantitative Evaluation  714 

Figure 11 summarizes the quantitative evaluation across all validation results, with metrics 715 

averaged over six spectral bands. TIF achieves the highest accuracy and robustness, consistently 716 

delivering top or near-top performance, indicated by structural similarity (UIQI and SSIM), 717 

correlation (CC), and the error-based metrics (RMSE, ERGAS, and AAD). FSDAF 2.0 and 718 
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ESRCNN also demonstrate strong performance, with competitive results in several metrics. 719 

STARFM offers moderate accuracy, generally outperforming the S2L methods. We also notice 720 

that the accuracies of STARFM and S2L results varied between day1 and day2 (see Figure S9). 721 

The inconsistent performance of these methods is likely due to factors such as the temporal 722 

changes that happened between the input image date(s) and the prediction date. These results 723 

highlight TIF’s robustness and generalizability across diverse surface conditions, with STARFM 724 

serving as a baseline and FSDAF 2.0 and ESRCNN as alternatives in specific cases.   725 

The performance of image fusion algorithms varied with land cover types and landscape 726 

heterogeneity. TIF achieved the best overall performance, with a mean RMSE of 0.0196 across all 727 

validation sites and the lowest RMSE of 0.0132 in homogeneous forested areas (T13TCF). Its 728 

performance declined slightly over urban (T18TXM) and agriculture areas (T10SFG). STARFM, 729 

FSDAF 2.0, and ESRCNN showed similar patterns. On the contrary, S2L fusion algorithms 730 

produced the worst predictions over highly forested areas (T13TCF and T15RXQ) compared to 731 

other sites, indicating larger spectral and spatial inaccuracies. The mean RMSEs of S2L fusion 732 

methods among all sites were 0.0540 (S2L.PredictMode) and 0.0527 (S2L.CompositeMode). 733 

These quantitative results align with the visual comparisons, confirming TIF’s superior 734 

performance, with the lowest fusion errors and minimal variability across dates and locations.  735 

 736 
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 737 

 738 
Figure 11. Quantitative spectral and spatial evaluation for all study areas and the mean results 739 
using six metrics: (a) UIQI, (b) SSIM, (c) RMSE, (d) ERGAS, (e) CC, (f) AAD. Values averaged 740 
over six spectral bands. Colors represent different algorithms: Orange for TIF, Blue for 741 
S2L.PredictMode, Green for S2L.CompositeMode, Yellow for STARFM, Brown for FSDAF 2.0, 742 
and Purple for ESRCNN. Note: The values of RMSE and AAD are enlarged by 104. UIQI: 743 
Universal Image Quality Index. SSIM: Structure SIMilarity. RMSE: Root Mean Square Error; 744 



38 

ERGAS: Erreur Relative Global Adimensionnelle de Synthese. CC: Correlation Coefficient; AAD: 745 
Absolute Average Difference.  746 

Figure 12 shows the quantitative evaluation of the spatial fidelity of the fusion algorithms 747 

based on the averaged absolute value of the semivariance difference. The TIF algorithm 748 

demonstrated the smallest error, remaining below 1 × 103 for all lag distances, indicating a higher 749 

spatial fidelity compared to other methods.  750 

 751 
Figure 12. Quantitative spatial assessment of TIF, S2L, STARFM, FSDAF 2.0, and ESRCNN, 752 
averaged by all validation sites.  753 

5.3. Change Detection Results 754 

The effectiveness of each fusion method for change detection was assessed by comparing 755 

land change maps generated from the predicted and reference surface reflectance data. Figure 13 756 

displays the change maps for a heterogeneous landscape (the same area shown in Figure 8). TIF 757 

outperformed the other methods, accurately capturing vegetation changes and small-scale urban 758 

modifications (subarea 2). STARFM and FSDAF 2.0 produced more commission errors (red 759 

circles). ESRCNN is generally good, but showed more commission errors across heterogeneous 760 

landscapes (Figure 13l), including some resulting from artifacts introduced by the deep learning 761 

model, such as artificial lines that are not present in the original imagery. S2L exhibited more 762 
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omission errors (yellow circles), and S2L.PredictMode introduced noticeable salt-and-pepper 763 

noise (purple circles, Figure 13u). For the homogeneous forest harvest area (Figure S7), TIF, 764 

STARFM, FSDAF 2.0, and ESRCNN delivered comparable results. However, the S2L-derived 765 

change maps underestimated the extent of tree removals, resulting in substantial omission errors. 766 

Across the remaining validation sites, TIF demonstrated consistent and accurate performance, 767 

effectively identifying diverse surface changes. For example, TIF successfully captured the spatial 768 

patterns of subtle vegetation recovery signals after selective logging, which were missed by other 769 

methods (Figure S14). Furthermore, TIF provided more accurate delineation of urban growth and 770 

modification areas compared to the omission-prone outputs from FSDAF 2.0, ESRCNN, and S2L 771 

(Figure S16). These findings highlight TIF’s superiority in capturing fine-scale changes across 772 

diverse land cover types and landscape conditions. 773 

 774 

Figure 13. Change map comparisons with the same extent as Figure 8 are shown in (a) – (g). The 775 
zoom-in views of subarea 1 enclosed in blue boxes with the same extent of Figure 9 are shown in 776 
(h) – (n). The magnificent views of subarea 2 enclosed in orange boxes with the same extent of 777 
Figure 10 are shown in (o) – (u). Grey means stable surfaces, white depicts changed areas, and 778 
black indicates invalid data from the QA band.  779 
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pepper noise
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Figure 14 summarizes the quantitative evaluation of the change maps among different sites. 780 

Higher F1 scores and lower disagreement rates indicate better similarity to the reference maps. 781 

TIF method consistently ranks among the top performers, achieving the highest mean F1 (0.70) 782 

and the lowest mean disagreement rate (0.05), followed by ESRCNN (F1 = 0.67, disagreement = 783 

0.07) and FSDAF 2.0 (F1 = 0.66, disagreement = 0.07). Both S2L methods performed worse, 784 

particularly S2L.PredicMode, which has the lowest F1 scores and the most omission errors. A 785 

detailed change detection comparison including resampling results (nearest, bilinear, and bicubic) 786 

can be found in Figure S21. These results demonstrate that TIF predictions align more closely with 787 

the reference data, highlighting its effectiveness in capturing diverse land changes across a range 788 

of landscapes. 789 

 790 

Figure 14. F1 scores and disagreements of change maps for the five test regions and the mean 791 
values. Different colors and textures represent results from different fusion methods.  792 
 793 

 794 
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6. Discussion 795 

 The Time-series-based Image Fusion (TIF) algorithm presented here offers a novel 796 

approach to generating 10-m Harmonized Landsat-Sentinel (HLS) data, consistently 797 

outperforming state-of-the-art methods in our experiments. Its success stems from several key 798 

innovations that directly address long-standing challenges in spatiaotemporal fusion.  799 

TIF’s most significant advantage lies in its full exploitation of the temporal domain. Unlike 800 

methods reliant on limited image pairs or short time series (Chen et al., 2023; Goyena et al., 2023), 801 

TIF leverages the entire historical record of pixel-level observations. This obviates the need for 802 

image-pair matching and allows TIF to uniquely accommodate inherent differences in atmospheric 803 

correction (e.g., LaSRC vs. Sen2Cor) and sensor bandpasses without explicit harmonization steps. 804 

The core outputs of TIF are reusable coefficients, which enable a highly efficient “predict-mode” 805 

(Figure S17-S20). New Landsat observations can be downscaled to 10-m on-demand without 806 

retraining the model, a crucial feature for large-scale operational workflows. Our analysis showed 807 

that these pre-calculated coefficients maintain high accuracy, even when predicting events like 808 

wildfires that occurred outside the initial coefficient development period (Figure S19). We also 809 

quantitatively evaluated the fusion performance in the “predict-mode” and found that, although 810 

accuracy decreases slightly in these scenarios (Figure S18), likely due to challenges in adapting to 811 

novel, heterogeneous sub-pixel change (Figure S20), model continues to yield high performance 812 

(e.g. SSIM>0.85, RMSE<0.0025), demonstrating strong spatial and spectral fidelity. This "train 813 

once, predict many" paradigm, combined with a pixel-based parallel processing strategy, makes 814 

TIF computationally efficient and scalable.  815 

The enhanced spatiotemporal resolution of TIF-generated data also creates new scientific 816 

opportunities. The dense 10-m time series can improve the detection of rapid and fine-scale land 817 
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changes often missed by coarser data (Gao et al., 2015) and can serve as a higher-resolution input 818 

for time-series analysis algorithms like the Continuous Change Detection and Classification 819 

(CCDC) method (Zhu et al., 2014), thereby enhancing their applicability in heterogeneous 820 

landscapes.  821 

When compared to other methods, TIF’s advantages become clear. Weight-function-based 822 

and hybrid methods like STARFM and FSDAF 2.0 perform well when high-quality image pairs 823 

are available but struggle in heterogeneous landscapes and with predicting small changes. A deeper 824 

analysis of the results reveals why TIF’s design leads to superior performance in specific contexts. 825 

In regions with high phenological variability like the agricultural T10SFG site, paired methods 826 

such as STARFM and FSDAF 2.0 are highly sensitive to the specific state captured in their input 827 

pairs. TIF, by contrast, leverages the entire time series to learn a more complete model of the 828 

typical phenological cycle for each pixel. Its temporal clustering can identify distinct states, 829 

allowing for more robust predictions even during periods of rapid change. This reduced reliance 830 

on ideal, synchronous image pairs also makes TIF inherently more resilient to temporal data gaps 831 

caused by cloud cover. Furthermore, the use of robust regression mitigates the influence of noise 832 

and outliers (e.g., undetected cloud contamination) that can disproportionately affect pair-based 833 

methods, while the pixel-level modeling inherently accounts for systematic inter-sensor 834 

differences. It is this combination of long-term learning, adaptive change modeling, and noise 835 

reduction that explains TIF’s consistently strong performance across diverse and challenging 836 

conditions. Deep learning approaches like ESRCNN can achieve comparable accuracy to TIF but 837 

require significant computational resources (e.g., GPU acceleration) and depend on clear-sky 838 

Sentinel-2 imagery near the prediction date, which is often unavailable. Furthermore, CNN-based 839 

methods can introduce over-smoothing artifacts along feature boundaries. In contrast, TIF’s 840 
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design, which requires no image pairs or model retraining for prediction, significantly reduces both 841 

data dependency and computational demand (Table S7), making it more suitable for large-scale 842 

and near-real-time applications. Our test using Matlab R2023b on an AMD EPYC 7713 system 843 

with 512 GB memory showed a processing time of 0.4–0.7 s per pixel per CPU core for TIF 844 

coefficient generation. The storage requirement for the TIF coefficients depends on the number of 845 

temporal clusters (k_optimal) identified for each pixel. For global land coverage (approximately 846 

18,500 Sentinel-2 tiles), we estimate the total storage would range from ~49 TB if all pixels were 847 

stable (k_optimal=1) to a maximum of ~227 TB if all pixels required the most complex modeling 848 

(k_optimal=3), as detailed in Table S7. Based on the cluster distribution observed across our 849 

diverse U.S. test sites (where heterogeneous pixels requiring more clusters are common), a more 850 

realistic global estimate is approximately 153 TB. This storage demand is highly manageable for 851 

an operational system, especially considering that only these small coefficient files need to be 852 

archived, rather than the voluminous raw pixel-level time series. 853 

 Despite its advantages, TIF has limitations that warrant further investigation. Performance 854 

is reduced over water bodies and areas with frequent water/land transitions, likely attributable to 855 

uncertainties in the Sentinel-2 atmospheric correction over water (Warren et al., 2019). We also 856 

acknowledge that blocky patterns can appear in intensively managed agricultural areas, likely due 857 

to rapid phenological changes that are challenging for a model that relies solely on temporal 858 

information. While TIF’s pixel-wise design avoids the need for image pairs and ensures 859 

algorithmic simplicity, it entails a trade-off between scalability and local consistency in highly 860 

heterogeneous landscapes. To mitigate potential artifacts due to the absence of spatial 861 

neighborhood information, future work could explore spatially adaptive strategies, such as 862 

integrating neighboring pixels or edge-aware regularization.  863 
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The algorithm’s accuracy is also dependent on the number of available historical matched 864 

observation pairs. Our sensitivity analysis (Figure 15) based on 10,000 simple random calibration 865 

sample units (grey circles in Figure 1) demonstrates that TIF’s performance (measured by RMSE) 866 

improves sharply as the number of pairs increases to approximately 30, after which the accuracy 867 

gains stabilize. Notably, TIF outperforms a simple nearest-neighbor baseline with as few as six 868 

observation pairs, establishing a minimum threshold for effective performance. To assess the 869 

practical applicability of TIF at a global scale, we analyzed the availability of these observation 870 

pairs over a 10-year period for 100,000 simple random sample units. This analysis confirmed that 871 

over 96% of the world’s land surface meets the minimum performance threshold (≥6 pairs) and 872 

over 93% meets the optimal threshold (≥30 pairs) (Figure 16a, c). As expected, observation pair 873 

availability is primarily limited by cloud cover (Figure 16b). Nonetheless, TIF remains viable even 874 

in some of the cloudiest regions (up to 99% cloud cover), where the minimum of six pairs is still 875 

often attainable (blue line in Figure 16a). For persistently low-density regions, such as parts of the 876 

tropics or high-latitude areas with extensive snow and ice, adaptive strategies like extending the 877 

temporal matching window beyond 16 days will be necessary to gather sufficient data for robust 878 

coefficient derivation.   879 
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 880 

Figure 15. Sensitivity of TIF performance to the number of matching observation pairs. The 881 
analysis is based on 10,000 simple random calibration sample units (grey circles in Figure 1). The 882 
curve shows the Root Mean Square Error (RMSE) as a function of the maximum number of pairs 883 
used in the TIF regression. The dashed line indicates the RMSE of a simple nearest-neighbor 884 
resampling, serving as a baseline for comparison. 885 



46 

 886 

Figure 16. Global analysis of observation pair availability from 100,000 simple random sample 887 
units. (a) Relationship between the maximum cloud cover fraction (blue line) and the resulting 888 
number of matched observation pairs, alongside the cumulative percentage of observation pairs 889 
found globally (gray line). (b) Global map of mean cloud cover fraction (2013–2024). (c) Global 890 
spatial distribution of the number of matched L30-S10 observation pairs over a 10-year period. 891 
Dot colors in (c) correspond to the observation pair counts shown on the x-axis of (a), with 892 
saturation capped at 300 for high-density areas. 893 

Methodologically, several avenues exist for future enhancement. The fixed k_max value of 894 

3, while effective, could be replaced by more adaptive approaches like hierarchical clustering to 895 

better capture complex change histories in very long time series. For near-real-time applications 896 
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using pre-calculated coefficients, prediction accuracy can be reduced in rare cases of novel 897 

heterogeneous change (Figure S20). This could be addressed by developing more efficient 898 

coefficient updating strategies, such as recursive regression, which would enable fast updates only 899 

in areas of detected change. Finally, it is important to acknowledge that our validation of 900 

NIR/SWIR bands using downsampled 60-m imagery may underrepresent the algorithm’s true 901 

performance on fine-scale spatial textures. 902 

Finally, the TIF framework is extensible. Future work should explore its adaptation for other 903 

satellite missions (e.g., PlanetScope, WorldView) and the synergistic integration of other data 904 

sources. For example, incorporating the Landsat 15-m panchromatic band could enhance spatial 905 

detail for Landsat 8/9-focused applications (Li et al., 2017), while integrating SAR data (e.g., 906 

Sentinel-1) could improve performance over water and in cloudy regions. While global-scale 907 

implementation presents practical challenges related to data management and regional 908 

heterogeneity, TIF’s efficiency and robust design make it a strong candidate to underpin a future 909 

operational 10-m global HLS product. 910 

7. Conclusions 911 

In this study, we presented TIF, a novel time-series-based image fusion method, for 912 

generating 10-m resolution surface reflectance imagery by synthesizing Landsat 8-9 and Sentinel-913 

2 A/B data. TIF uniquely leverages long-term pixel-level observations, eliminating reliance on 914 

prior image pairs or ancillary data.  Our experiment results showed that TIF accurately produces 915 

10-m Sentinel-2-like surface reflectance images for any clear-sky Landsat observation date, 916 

effectively reconstructing fine-resolution time series and facilitating improved land change 917 

detections. Moreover, TIF’s highly efficient pixel-based parallel processing framework enables 918 
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operational implementation for large-scale applications. These capabilities highlight TIF’s 919 

potential as an exploratory approach toward a 10-m HLS product. While further validation is 920 

needed for operational use, such an advancement would significantly expand the existing NASA 921 

HLS suite and unlock new possibilities for research and monitoring efforts requiring high spatial 922 

and temporal resolutions in Earth observations. 923 
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List of Figure Captions 1164 

• Figure 1. (a) Black polygons: The five HLS tiles used for this study. Background: 2021 NLCD 1165 
land cover maps (Dewitz 2023). The enlarged views of these tiles are shown at (b) Far West 1166 
(T10SFG), (c) Rocky Mountains (T13TCF), (d) Great Plains (T14SPJ), (e) Southwest 1167 
(T15RXQ), and (f) New England (T18TXM). Each tile covers surface areas with 109.8 km by 1168 
109.8 km. TIF calibration data includes 10,000 simple random calibration (SRC) sample (grey 1169 
circles) and 5,000 stratified random change calibration (SRCC) sample (red triangles). 1170 
Independent validation sites used for evaluating algorithm performance are highlighted in 1171 
purple polygons. TIF: Time-series-based Image Fusion. 1172 
 1173 

• Figure 2. Illustration of 10 m HLS imagery time series obtained from the TIF approach. The 1174 
key steps of TIF with respect to the target pixel (in yellow square) are highlighted in the black 1175 
box. Observation pairs from L8-9 and S2 are first matched and weighted, after which pixel-1176 
wise K-means clustering is optionally applied. In the “without clustering” branch, a single 1177 
regression line is fit across all matched pairs, producing two coefficients (slope 𝑎 and intercept 1178 
𝑏) that are passed downstream. In the “with clustering” branch, separate regression lines are 1179 
fit for each cluster, in addition to a simple regression line across all pairs. For each spectral 1180 
band, the regression RMSEs are compared, and the coefficients from the model with lower 1181 
error are retained as the final TIF coefficients. TIF: Time-series-based Image Fusion. L8-9: 1182 
Landsat 8 and 9. S2: Sentinel-2. 𝑚 is the number of matched observation pairs. 𝑛 is the total 1183 
number of spectral bands (n=6). 1184 

• Figure 3. Illustration of TIF execution with a stable land pixel covered by extensive urban 1185 
trees and a small portion of roads from Wethersfield, CT. (a) False color composite 1186 
(R/G/B=NNIR/Red/Green) of the L30, TIF predictions, and hidden S10 data for the same 1187 
geographic area. Both L30 and S10 were acquired on 2021-06-16. The white circle indicates 1188 
the point of interest (upper left corner) within the 30 m by 30 m pixel. (b) Time series of NNIR 1189 
reflectance for the point of interest (Lat: 41.7236, Lon: -72.6720). The solid red dots represent 1190 
S10 data, the blue dots represent L30 data, and the black circles are TIF predictions. The dashed 1191 
line represents the date of withheld Sentinel-2 image. (c) Linear relationship of the NNIR 1192 
reflectance at the point of interest (solid line), built by TIF, between matching L30-S10 pairs 1193 
(purple points), compared to the 1:1 line (dashed line). The black cross denotes the centroid of 1194 
all matching pairs. (d) Google Earth images of the area of interest captured at different 1195 
timestamps. The yellow box indicates the extent of the L30 pixel shown in (a). The white 1196 
marker highlighted the location of the investigated point in (b) and (c).  1197 

• Figure 4. Illustration of TIF execution with a homogeneous land change pixel covered by 1198 
crops in Gustine, CA. (a) False color composite (R/G/B=NNIR/Red/Green) of the L30 surface 1199 
reflectance, TIF predictions, and hidden S10 data for the same geographic area. Both L30 and 1200 
S10 were acquired on 2021-07-20. The white circle indicates the point of interest (middle one) 1201 
within the 30 m by 30 m pixel. (b) Time series of NNIR reflectance for the point of interest 1202 
(Lat: 37.2837, Lon: -120.9469) The solid red dots represent S10 data, the blue dots represent 1203 
L30 data, and the black circles are TIF predictions. The dashed line represents the date of 1204 
withheld Sentinel-2 image. (c) Linear relationship of the NNIR reflectance at the point of 1205 
interest (solid line), built by TIF, between matching L30-S10 pairs (purple points), compared 1206 
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to the 1:1 line (dashed line). The black cross denotes the centroid of all matching pairs. (d) 1207 
Google Earth images of the area of interest captured at different timestamps. The yellow box 1208 
indicates the extent of the L30 pixel shown in (a). The white marker highlighted the location 1209 
of the investigated point in (b) and (c).  1210 

• Figure 5. Illustration of TIF execution with a heterogeneous land change pixel from an urban 1211 
area in the north of Springfield, MA. (a) False color composite (R/G/B= NNIR/Red/Green) of 1212 
the L30 surface reflectance, TIF predictions, and hidden S10 data for the same geographic area. 1213 
Both L30 and S10 were acquired on 2021-06-16. The white circle indicates the point of interest 1214 
(lower left corner) within the 30 m by 30 m pixel. (b) Time series of NNIR and SWIR2 1215 
reflectance for the point of interest (Lat: 42.1565, Lon: -72.5847). The solid red dots represent 1216 
S10 data, and the blue dots represent L30 data. For NNIR, purple and yellow circles indicate 1217 
TIF predictions for cluster 1 and 2, respectively. For SWIR2, black circles are TIF predictions. 1218 
The dashed line represents the date of withheld Sentinel-2 image. (c) Linear relationships of 1219 
surface reflectance at the point of interest (solid lines), built by TIF, compared to the 1:1 line 1220 
(dashed line). NNIR used clustered matching L30-S10 pairs (purple and yellow points). The 1221 
red and blue cross denotes the centroids of different clusters. SWIR2 used all matching L30-1222 
S10 pairs (black points) with the centroids highlighted in black cross. (d) Google Earth images 1223 
of the area of interest captured at different timestamps. The yellow box indicates the extent of 1224 
the L30 pixel shown in (a). The white marker highlighted the location of the investigated point 1225 
in (b) and (c).  1226 

• Figure 6. An illustration of TIF predictions (T10SFG, 2021-07-20) versus reference surface 1227 
reflectance across each spectral band at Far West. TIF: Time-series-based Image Fusion. CC: 1228 
Correlation Coefficient; RMSE: Root Mean Square Error; AAD: Absolute Average Difference; 1229 
ERGAS: Erreur Relative Global Adimensionnelle de Synthese.  1230 

 1231 
• Figure 7. Illustration of semivariograms between the TIF prediction image (T10SFG, 2021-1232 

07-20) and the reference image of each spectral band at Far West. TIF: Time-series-based 1233 
Image Fusion. The ∆𝛾(ℎ) indicates the semivariance difference between the prediction data 1234 
and the reference data at lag distance ℎ.  1235 

• Figure 8. Visual comparison of the fusion results from the T10SFG experiment. The original 1236 
30 m Landsat images acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). 1237 
Reference 10 m Sentinel-2 (S10) acquired on the same dates are (b) and (j). (c) – (h) are 1238 
downscaled results on 2017-07-09 from TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L 1239 
predict mode and S2L composite mode. The downscaled results on 2021-07-20 are 1240 
correspondingly (k) – (p). The centroid of the area is Lat = 37.290544, Lon = -120.978904. 1241 
Images are displayed by NNIR, red, and green bands with the same stretch scales. Two zoom-1242 
in areas are highlighted: subarea 1 – blue polygon; subarea 2 – orange polygon. 1243 

 1244 
• Figure 9. Zoom-in views of subarea 1 marked in Figure 8. The original 30 m Landsat images 1245 

acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). Reference 10 m Sentinel-2 1246 
(S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2017-07-1247 
09 from TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L composite mode and S2L predict 1248 
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mode. (k) – (p) are corresponding downscaled images on 2021-07-20. Images are displayed by 1249 
NNIR, red, and green bands with the same stretch scales.  1250 

• Figure 10. Zoom-in views of subarea 2 marked in Figure 8. The original 30 m Landsat images 1251 
acquired on 2017-07-09 and 2021-07-20 are shown in (a) and (i). Reference 10 m Sentinel-2 1252 
(S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2017-07-1253 
09 from TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L composite mode and S2L predict 1254 
mode. (k) – (p) are corresponding downscaled images on 2021-07-20. Images are displayed by 1255 
NNIR, red, and green bands with the same stretch scales.  1256 

• Figure 11. Quantitative spectral and spatial evaluation for all study areas and the mean results 1257 
using six metrics: (a) UIQI, (b) SSIM, (c) RMSE, (d) ERGAS, (e) CC, (f) AAD. Values 1258 
averaged over six spectral bands. Colors represent different algorithms: Orange for TIF, Blue 1259 
for S2L.PredictMode, Green for S2L.CompositeMode, Yellow for STARFM, Brown for 1260 
FSDAF 2.0, and Purple for ESRCNN. Note: The values of RMSE and AAD are enlarged by 1261 
104. UIQI: Universal Image Quality Index. SSIM: Structure SIMilarity. RMSE: Root Mean 1262 
Square Error; ERGAS: Erreur Relative Global Adimensionnelle de Synthese. CC: Correlation 1263 
Coefficient; AAD: Absolute Average Difference.  1264 

• Figure 12. Quantitative spatial assessment of TIF, S2L, STARFM, FSDAF 2.0, and ESRCNN, 1265 
averaged by all validation sites.  1266 

• Figure 13. Change map comparisons with the same extent as Figure 8 are shown in (a) – (g). 1267 
The zoom-in views of subarea 1 enclosed in blue boxes with the same extent of Figure 9 are 1268 
shown in (h) – (n). The magnificent views of subarea 2 enclosed in orange boxes with the same 1269 
extent of Figure 10 are shown in (o) – (u). Grey means stable surfaces, white depicts changed 1270 
areas, and black indicates invalid data from the QA band.  1271 

 1272 
• Figure 14. F1 scores and disagreements of change maps for the five test regions and the mean 1273 

values. Different colors and textures represent results from different fusion methods.  1274 
 1275 

• Figure 15. Sensitivity of TIF performance to the number of matching observation pairs. The 1276 
analysis is based on 10,000 simple random calibration sample units (grey circles in Figure 1). 1277 
The curve shows the Root Mean Square Error (RMSE) as a function of the maximum number 1278 
of pairs used in the TIF regression. The dashed line indicates the RMSE of a simple nearest-1279 
neighbor resampling, serving as a baseline for comparison. 1280 

 1281 
• Figure 16. Global analysis of observation pair availability from 100,000 simple random 1282 

sample units. (a) Relationship between the maximum cloud cover fraction (blue line) and the 1283 
resulting number of matched observation pairs, alongside the cumulative percentage of 1284 
observation pairs found globally (gray line). (b) Global map of mean cloud cover fraction 1285 
(2013–2024). (c) Global spatial distribution of the number of matched L30-S10 observation 1286 
pairs over a 10-year period. Dot colors in (c) correspond to the observation pair counts shown 1287 
on the x-axis of (a), with saturation capped at 300 for high-density areas. 1288 

  1289 
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Supplementary Materials 1290 

 1291 
Table S1. A summary of land cover and major disturbances for the HLS tiles used in this study. 1292 

Evaluation site/ 
MGRS tiles Common land cover types Major disturbances 

Far West (T10SFG) Agriculture, shrubs, and 
urban areas Wildfire and urban expansion 

Rocky Mountains 
(T13TCF) Forest and shrubs Harvest, wildfires, insect 

outbreaks, and landslides 
Great Plains (T14SPJ) Agriculture and grassland Agricultural activities 

Southeast (T15RXQ) Forests and wetland Timber harvesting, agricultural 
expansion, and urban development 

New England 
(T18TXM) Forests and urban areas Urbanization, insect outbreaks, 

and windstorms 
 1293 

Table S2. Acquisition dates of test images used for evaluation. 1294 

Tile Name Day 1 Day 2 
T10SFG 2017-07-09 2021-07-20 
T13TCF 2018-07-04 2021-07-28 
T14SPJ 2018-07-19 2021-08-12 

T15RXQ 2018-06-30 2021-07-24 
T18TXM 2016-06-18 2021-06-16 

 1295 
 1296 

Table S3. Acquisition dates of S2L input images. 1297 

Tile 
Name 

WRS 
Path/Row 

Landsat 
day 1 

Prior Sentinel-2 
images used for 

fusion 

Landsat 
day 2 

Prior Sentinel-2 
images used for 

fusion 

T10SFG P43/R34 2017-07-09 2017-06-26, 
2017-06-29 2021-07-20 2021-07-15, 

2021-07-18 

T13TCF P35/R31 2018-07-04 2018-06-26, 
2018-07-01 2021-07-28 2021-07-23, 

2021-07-25 

T14SPJ P28/R33 2018-07-19 2018-07-14, 
2018-07-17 2021-08-12 2021-08-07, 

2021-08-10 

T15RXQ P23/R39 2018-06-30 2018-06-15, 
2018-06-25 2021-07-24 2021-07-04, 

2021-07-14 

T18TXM P13/R31 2016-06-18 2016-04-18, 
2016-05-28 2021-06-16 2021-06-06, 

2021-06-11 
 1298 
 1299 
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Table S4. Acquisition dates of ESRCNN input images. 1300 

Tile 
Name 

Landsat  
day 1 

Clear Sentinel-2 image 
used for fusion  

Landsat  
day 2 

Clear Sentinel-2 image 
used for fusion 

T10SFG 2017-07-09 2017-06-29 2021-07-20 2021-07-15 

T13TCF 2018-07-04 2018-07-01 2021-07-28 2021-07-25 

T14SPJ 2018-07-19 2018-07-04 2021-08-12 2021-08-07 

T15RXQ 2018-06-30 2018-07-20 2021-07-24 2021-08-23 

T18TXM 2016-06-18 2016-05-28 2021-06-16 2021-06-06 

 1301 

Table S5. Hyperparameters and configurations of the ESRCNN training. 1302 

 Sentinel-2 self fusion  Landsat and Sentinel-2 fusion 
Batch size 64 64 
Learning rate 0.001 0.0001 
Learning scheme MultiStepLR MultiStepLR 
Learning rate gamma 0.5 1 
Number of iterations 30,000 30,000 

 1303 
 1304 

Table S6. Acquisition dates of STARFM and FSDAF2.0 input images. 1305 

Tile Name 
Landsat  

day 1 Image pair for day 1 Landsat  
day 2 Image pair for day 2 

T10SFG 2017-07-09 2017-06-23 (L8) 
2017-06-26 (S2)  

2021-07-20 2021-06-18 (L8) 
2021-06-15 (S2) 

T13TCF 2018-07-04 2018-09-06 (L8) 
2018-09-04 (S2) 2021-07-28 2021-07-12 (L8) 

2021-07-10 (S2) 

T14SPJ 2018-07-19 2018-07-03 (L8) 
2018-07-04 (S2) 2021-08-12 2021-07-27 (L8) 

2021-07-28 (S2) 

T15RXQ 2018-06-30 2018-04-11 (L8) 
2018-04-16 (S2) 2021-07-24 2021-11-08 (L8) 

2021-11-16 (S2) 

T18TXM 2016-06-18 2016-09-22 (L8) 
2016-09-27 (S2) 2021-06-16 2021-03-12 (L8) 

2021-03-13 (S2) 
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Table S7. Summary of spatial-temporal fusion algorithms employed in this paper. 1306 

Name of 
method Category Input 

requirement 
Programming 

Language 
Computing Time 

(s/pixel) Reference 

TIF T 
Coarse and fine 
resolution time 
series 

Matlab 
Training: (0.4 - 0.7 s) / 
CPU core * pixel 
Testing: 2.50*10-5 

This study 

S2L I 

One or two fine 
resolution images 
prior to the target 
date 

Python 
Predict mode: 1.460*10-6 
Composite mode: 
1.610*10-6 

Saunier et 
al. (2022) 

STARFM W One or more pairs C++ 2.278*10-4 Gao et al. 
(2006) 

FSDAF 
2.0 H One pair Matlab 2.972*10-4 Guo et al. 

(2020) 

ESRCNN D 

One clear-sky fine 
resolution image 
on a neighboring 
date 

Python 
Training: 0.48 (GPU) 
Testing: 1.667 *10-5 
(GPU) 

Shao et al. 
(2019) 

 1307 

 1308 

 1309 

 1310 

 1311 

 1312 

 1313 
 1314 
 1315 
 1316 
 1317 

 1318 

 1319 

* T: Time-series-based; I: Interpolation; W: Weight-function-based; H: Hybrid; D: Deep learning. 
** All methods need one coarse image at prediction date as input, so the only other required input data 
are listed in the table.  
*** One pair means one clear-sky image with finer spatial resolution and one clear-sky image with 
coarser spatial resolution acquired on the same or nearly the same date as the finer resolution image. 
**** The storage requirement of TIF coefficient files depends on the number of clusters (k) used. The 
calculations are as follows: k=1: Each pixel requires slopes (int16) and intercepts (int16) for six spectral 
bands, totaling (2+2) × 6 = 24 bytes per pixel. k = 2: In addition to the base slopes and intercepts, one 
extra variable (band_k2, int16) is needed to identify the bands requiring a secondary set of coefficients, 
along with a 6 × 2 centroid array (int16) to determine which cluster applies to new Landsat data. The 
storage demand is (2+2) × 6 + 2 + 6 × 2 × 2 + (2+2) × n = 50 + 4n bytes, where n (1–6) is the number 
of bands needing two coefficient sets. This results in 54–74 bytes per pixel. k = 3: An additional variable 
(band_k3, int16) is introduced to identify bands requiring a third set of coefficients, along with a 6 × 3 
centroid array (int16). The total size is (2+2) × 6 + 2 + 2 + 6 × 3 × 2 + (2+2) × n + (2+2) × m = 64 + 4n 
+ 4m bytes, where n and m (1–6) are the numbers of bands requiring two and three sets of coefficients, 
respectively. This results in 72–112 bytes per pixel.  
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 1320 

Figure S1. The relationship between |𝑟| and 𝜔 in main text Equations 1-3. 1321 

 1322 

 1323 

 1324 

 1325 

 1326 

Figure S2. Calibration results of the TIF algorithm using the random sample, with Root Mean 
Square Error (RMSE) in the top row and Average Absolute Deviation (AAD) in the bottom row. 
We compared three weighting functions: Cauchy, Fair, and Sqrt across varying Max K-mean 
clusters (from 1 to 4) and two regression methods: ordinary least square (OLS) regression and 
robust model fitting (robustfit). In each subplot, an arrow highlights the scenario with the lowest 
error, and the associated error value is displayed. Unfilled markers represent the missing 
observation rate due to insufficient matching pairs, with k_max=1 used as the benchmark for 
comparison.  
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 1327 
 1328 
 1329 
 1330 
 1331 
 1332 

 1333 
Figure S4. Visual comparison of the fusion results from the T13TCF experiment. The original 30 1334 
m Landsat images acquired on 2018-07-04 and 2021-07-28 are shown in (a) and (g). Reference 10 1335 
m Sentinel-2 (S10) acquired on the same dates are (b) and (h). (c) – (f) are downscaled results on 1336 
2018-07-04 from TIF, ESRCNN, and S2L predict mode and S2L composite mode. The prediction 1337 
results on 2021-07-28 are correspondingly (i) – (l). The centroid of the area is Lat = 1338 
41.3113386116, Lon = -107.174246506. Images are displayed by NNIR, red, and green bands with 1339 
the same stretch scales. Two zoom-in areas are highlighted: subarea 1 – blue polygon; subarea 2 – 1340 
orange polygon.  1341 

 Figure S3. Calibration results of the TIF algorithm using the change sample with the same 
parameters as S1. In each subplot, an arrow highlights the scenario with the lowest error, and the 
associated error value is displayed. Unfilled markers represent the missing observation rate due 
to insufficient matching pairs, with k_max=1 used as the benchmark for comparison.  
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 1342 
Figure S5. Zoom-in views of subarea 1 marked in Figure S4. The original 30 m Landsat images 1343 
acquired on 2018-07-04 and 2021-07-28 are shown in (a) and (i). Reference 10 m Sentinel-2 (S10) 1344 
acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2018-07-04 from 1345 
TIF, STARFM, FSDAF 2.0, ESRCNN, and S2L predict mode and S2L composite mode. (k) – (p) 1346 
are corresponding downscaled images on 2021-07-28. Images are displayed by NNIR, red, and 1347 
green bands with the same stretch scales.  1348 

 1349 
Figure S6. Zoom-in views of subarea 2 marked in Figure S4. The original 30 m Landsat images 1350 
acquired on 2018-07-04 and 2021-07-28 are shown in (a) and (i). Reference 10 m Sentinel-2 (S10) 1351 
acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 2018-07-04 from 1352 
TIF, ESRCNN, and S2L predict mode and S2L composite mode. (k) – (p) are corresponding 1353 
downscaled images on 2021-07-28. Images are displayed by NNIR, red, and green bands with the 1354 
same stretch scales.  1355 
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 1356 

 1357 
 1358 

Figure S7. Change map comparisons with the same extent as Figure S4 are shown in (a) – (g). The 
zoom-in views of subarea 1 enclosed in blue boxes with the same extent of Figure S5 are shown in 
(h) – (n). The magnificent views of subarea 2 enclosed in orange boxes with the same extent of 
Figure S6 are shown in (o) – (u). Grey means stable surfaces, white depicts changed areas, and 
black indicates invalid data from the QA band.  

No change Change No data
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 1359 

 1360 
Figure S8. Visual comparison of the fusion results over a watery surface. The original 30 m 1361 
Landsat images acquired on 2018-07-19 and 2021-08-12 are shown in (a) and (d). Reference 10 1362 
m Sentinel-2 (S10) acquired on the same dates are (b) and (e). (c) and (f) are corresponding 1363 
downscaled results on from TIF. Several artifacts are denoted with arrows.  1364 

 1365 

 1366 
 1367 

  1368 
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Figure S9. Quantitative spectral and spatial evaluation for all study areas and dates using six 1370 
metrics: (a) UIQI, (b) SSIM (c) RMSE, (d) ERGAS, (e) CC, (f) AAD. Values averaged over six 1371 
spectral bands. Colors represent different algorithms: Orange for TIF, Yellow for STARFM, 1372 
Brown for FSDAF 2.0, Blue for S2L.PredictMode, Green for S2L.CompositeMode, and Purple 1373 
for ESRCNN. Note: The values of RMSE and AAD are enlarged by 104. UIQI: Universal Image 1374 
Quality Index. SSIM: Structure SIMilarity. RMSE: Root Mean Square Error; ERGAS: Erreur 1375 
Relative Global Adimensionnelle de Synthese. CC: Correlation Coefficient; AAD: Absolute 1376 
Average Difference.  1377 

 1378 

Figure S10. Accuracy of TIF predictions (T10SFG, 2021-07-20) versus number of observation 1379 
pairs used for regression. Values are binned in 0.01 × 0.01 boxes. The colors represent the average 1380 
number of observation pairs within each box. 1381 

 1382 

  1383 
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 1384 

Figure S11. Visual comparison of the fusion results from the T14SPJ experiment. The original 30 1385 
m Landsat images acquired on 2018-07-19 and 2021-08-12 are shown in (a) and (i). Reference 10 1386 
m Sentinel-2 (S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results on 1387 
2018-07-19 from TIF, ESRCNN, and S2L predict mode and S2L composite mode. The prediction 1388 
results on 2021-08-12 are correspondingly (k) – (p). The centroid of the area is Lat = 1389 
39.2610397539, Lon = -97.0272638219. Images are displayed by NNIR, red, and green bands with 1390 
the same stretch scales.  1391 

1392 

 1393 
Figure S12. Change map comparisons to the same extent as Figure S11.  1394 

 1395 
Figure S13. Visual comparison of the fusion results from the T15RXQ experiment. The original 1396 
30 m Landsat images acquired on 2018-06-30 and 2021-07-24 are shown in (a) and (i). Reference 1397 
10 m Sentinel-2 (S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results 1398 
on 2018-06-30 from TIF, ESRCNN, and S2L predict mode and S2L composite mode. The 1399 
prediction results on 2021-07-24 are correspondingly (k) – (p). The centroid of the area is Lat = 1400 

No change Change No data
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30.7918687148, Lon = -91.5785579367. Images are displayed by NNIR, red, and green bands with 1401 
the same stretch scales.  1402 

 1403 

 1404 
Figure S14. Change map comparisons with the same extent as Figure S13.  1405 

 1406 
Figure S15. Visual comparison of the fusion results from the T18TXM experiment. The original 1407 
30 m Landsat images acquired on 2016-06-18 and 2021-06-16 are shown in (a) and (i). Reference 1408 
10 m Sentinel-2 (S10) acquired on the same dates are (b) and (j). (c) – (h) are downscaled results 1409 
on 2016-06-18 from TIF, ESRCNN, and S2L predict mode and S2L composite mode. The 1410 
prediction results on 2021-06-16 are correspondingly (k) – (p). The centroid of the area is Lat = 1411 
41.7295654684, Lon = -72.657813287. Images are displayed by NNIR, red, and green bands with 1412 
the same stretch scales.  1413 

 1414 
 1415 

 1416 

 1417 
Figure S16. Change map comparisons with the same extent as Figure S15.  1418 

No change Change No data

No change Change No data
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 1419 

Figure S17. First row: image time series of 10 m Sentinel-2 (reference) with acquisition dates 1420 
indicated at the top. Second row: TIF predictions using coefficients derived from the full period 1421 
(2015-2022). Bottom row: TIF predictions using coefficients from 2015-2021. The study area is 1422 
located in Great Barrington, MA, with a centroid at Lat = 42.19479148, Lon = -73.36087393. The 1423 
yellow arrow denotes the rare cases where TIF (2015-2021) failed to predict the bright-up signal 1424 
caused by heterogenous land changes, but TIF (2015-2022) successfully captured them. For pixel-1425 
level details and additional illustrations, refer to Figure S20. 1426 

TIF
(2015-2021)

Cloud pixels in the original Landsat image.

Using pre-calculated TIF coefficients. 

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

(k) (l) (m) (n) (o)

2022-03-22

2022-03-22

S10 
(reference)

TIF
(2015-2022)
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 1427 

Figure S18. Comparison of quantitative assessment metrics for TIF(2015–2022; green bars) and 1428 
TIF(2015–2021; grey bars) predictions shown in Figure S17 for six metrics: (a) Universal Image 1429 
Quality Index (UIQI), (b) Structural Similarity Index (SSIM), (c) Root Mean Squared Error 1430 
(RMSE), (d) Erreur Relative Global Adimensionnelle de Synthese (ERGAS), (e) Correlation 1431 
Coefficient (CC), and (f) Average Absolute Deviation (AAD) for selected dates. Note: The values 1432 
of RMSE and AAD are enlarged by 104.  1433 

 1434 

 1435 

(a)

(b)

(c)

(d)
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 1436 
Figure S19. Harmonized Landsat and Sentinel-2 time series (10 m resolution) in NNIR band a 1437 
forest pixel. Wildfire happened at this pixel in July 2021. The time series includes data from 1438 
Sentinel-2 (S10, red dots), Landsat (L30, blue diamonds), and harmonized TIF datasets using 1439 
coefficients derived from different time periods (2015–2020, black circles; 2015–2021, green 1440 
circles). The zoom-in view of time series from 2021-01-01 to 2021-12-31 is shown on the right. 1441 

 1442 
Figure S20. Illustration of TIF execution with a heterogeneous urban pixel (73.3632927°W 1443 
42.1953693°N) impacted by rooftop renovations in August 2021. (a) L30-S10 relationship derived 1444 
from observation pairs spanning 2015-2021 for the NNIR band. (b) Same as (a), but clustered 1445 
relationships were built using observation pairs from 2015-May 2022. (c) Left: time series of 1446 
harmonized Landsat and Sentinel-2 observations (10 m resolution) for the target pixel. Right: 1447 
False-color composite (NNIR/Red/Green) showing the single 30 m Landsat pixel (L30), the 3 by 1448 
3 grid of 10 m Sentinel-2 pixels (S10), TIF predictions using coefficients derived from (a) and (b) 1449 
on 2022-05-10. The target 10 m pixel, located in the upper left corner of the 30 m bounding box, 1450 
is highlighted with a white dot. 1451 

 1452 
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 1453 
 1454 

 1455 
Figure S21. Change map comparisons. Grey means stable surfaces, white depicts changed areas, 1456 
and black indicates invalid data from the QA band. The land cover conversion (forest to bare land) 1457 
is indicated by the yellow circle. 1458 

 1459 

 1460 

No change Change No data


