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science for a changing world E S S T T

LANDSAT MISSIONS = DATA

Landsat Data Access

By Landsat Missions

Since 2008, Landsat Level-1 data, as well as Level-2 and Level-3
science products held in the USGS archive, have been available for
download at no charge from a variety of data portals. This page
provides information about searching and downloading Landsat data
and science products.

PRODUCT N
INFORMATION 2008 USGS Technical Announcement

| DATA

HOME
LANDSAT MISSIONS

SCIENCE

USGS https://www.usgs.gov/landsat-missions/landsat-data-access &Y 5|
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Easy data

discovery,
visualization
and download

Explore and engage with satellite imagery,
using our user-friendly and intuitive
Copemicus Browser. The browser is open to
all and easy to navigate. You can easily
search, visualize and download satellite date,
and much more.
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Dataset Year #Image #Class #Box Avg. Res.
RSICD [ ] 2017 8483 2 2 224x224
: RET-3  RSITMD [*] 2021 3603 " - 256x256
retrieval UCMerced ['©] 2018 1676 - 2 256x256
AUAIR [7] 2020 32,823 8 132.031  1920x1080
CARPK [*] 2017  1.568 1 106.690  1280x720
DIOR [ ] 2019 23463 20 192472 800x800
DOTA [ ] 2017 1409 15 98.990  1504x1395
d . ber_1g  HRRSD[] 2019 21761 13 57.137  1406x1264
etection Sl HRSC [ ] 2017 1055 1 1.055 1105x791
LEVIR [] 2020 3791 3 11.028 800x600
RSOD [ ] 2021 936 4 7.400 105 1x900
Swnford [°] 2016  17.351 6 355443 1424x1088
Visdrone [1] 2018 6471 1 77.547  1509x849
iSAID [ ] 2019 30821 15 987.239  896x896
. loveDA [°] 2021 4,187 6 97.989  1024x1024
segmentation Potsdam [ ] 2012 5421 4 92.161 512x512
Vaihingen [] 2012 742 4 16.875 512x512

Liu et al.,

“RemoteCLIP: A Vision Language Foundation Model for Remote Sensing’, in IEEE TGRS.
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Guo et al.,

Towards Universal Interpretation for Earth Observation Image
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“SkySense: A Multi-Modal Remote Sensing Foundation Model
", in CVPR 2024
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CalFire(2022): Sentinel-2&HLEZHERL, ARV E—D—D 7 /T—a0 9 HaRMEMNTT BTG LE/LIRAN

TR, ££4 056
FireRisk(2023): NAIP (National Agriculture Imagery Program) £ & 1245k, BHTIFE BFAET ILIZESFBITERE
iz 1T o1=, B p69
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Fig. 3. Visualization for patches in the training set. RGB,
SWIR, NBR, and NDVI denote different color composites. 1 1
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e HRSID (2020): SAR, Obeject detection (R [E CHIRFZAIEE. EDFEFZ(TLHELNDHEFED) $48 p50
e SSDD (2021): SAR. Object detection. instance segmentation 48 p55
e TISD(2022) : #v 7R 4} E[{4 . Object detection GEEATE . AEITHIRER ££4 p59
e SynthWakeSAR(2022) : SAR. Classification (i H%] of—éza),&"%AmT—@ﬂ’Emz) 34 p60
o (HAINABETIL:AlexNet, R-CNN, SSD

SynthWakeSAR nages (6, = 20°) of ship wake (Passenger Vessel |) with V, =
8 m/s, Ds =45° and V,, = 3 m/s: (a) noise-free I; (b) with noise I,; (¢) denoised I;.
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DT A T—2a RN NWVEHE>I-T—2tvk B4 p57
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[p-59] Fudong Lin et al. (2023), “MMST-VIiT: Climate Change-aware Crop Yield
Prediction via Multi-Modal Spatial-Temporal Vision Transformer ”, ICCV. kY5
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RUOFI—=)T—3 Y e lBELL-REFETT )L Dupdate(BFRFIIZiR>THEMN)

0.2 =—e— MNIST ~%- ImageNet —<— SQUAD 2.0
o ETLBIROBMIE. S MERE. EEABOEIRIT - =
NOFI=VISHLTRE -STEMRER LSEH L 7 oz
o ETILOABREIL-FBEMLISECT, KYT—2BDOKREL F o
RUFT—ON B N
o HRYVIZKOTIFABDOEERE LESETILAHE o
- 2000 2005 2010 2015 2020
FrfEEh ()
(MHETILVTEMRES -1, N\HOTEMEE 0LLTERIL)
A Douwe Kiela et al. (2021),“Dynabench: Rethinking Benchmarking in NLP”, NAACL 2021. &Y 5|FH
Semantic FCN DeepLab vl ,2,3+ Segmenter VLTSeg
segmentation 4
‘ Swin
T f
Object SSD ket Co-DETR
detection R-CNN | __L—\ | E——
YOLO vi1,710
Classification AlexNet ResNet Rivsi?\leet Eg’;’j;t ViT CLIP OmniVec
—P
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RBFEEETIVONHOMREIIEERST 5O DHRIEA (2014~2016)

o FEERFEMNZZLRE. BEF(THIIELTEMLTEBRIEHRET ILEAUTESILMGERIENTTHONT:
o RKEHLZHFZEIXAlexNet. VGGNet. GoogleNet
o ResNetldEZEEHEZEATHLETEBILZISITRET Hiinsiiort-

Revolution of Depth 2.2
25.8
152 layers [EE
A\\ AlexNet [Krizhevsky+, ILSVRC2012] VGGNet.[S!monyant ILSVRC2014]
N 16.4 ILSVRC2012 winner, JREFE LEAAABMNERE (1% [Slngfunu[n+, 2019])
\ HhEoMIF 16/19BETIL, BEILICKSFEER LFEIR
\ 1.7
[ 22 layers ] [ 19 layers ]
ez 73 I
i I S _I [ 8 layers ‘ 8layers ‘ L shallow 2 ¥ ‘
" " " . " o a— H T ,: r:"’-i:.:‘ilf‘éi,r 1 i §;< xxxxx ]x’}-‘i;a’ai‘s: aaaaa ‘i}ll’lll'lglllllﬁ‘ji?"sili’!
loneie goncta e wsnen ugne wnen wnen oggpeap(E IR inEBEINT VY O I
ImageNet Classification top-5 error (%) 2 g ' oo —;;J; W RE HERE HRRE R . il
. GoogleNet [Szegedy+, ILSVRC2014/CVPR2015] AL 1oL Y L ' il
pveep nesidual Networks . — i h i i i
Deep Residual Networks ILSVRG2014 winner, 22 BET )L, [ i i ¥ ¥

Deep Learning Gets Way Deeper &Y3IA ResNet [He+, ILSVRC2015/CVPR2016]
ILSVRC2015 winner, 152 BET /L,

BREBRBICKIDEALDBREREL
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https://people.csail.mit.edu/kaiming/icml16tutorial/icml2016_tutorial_deep_residual_networks_kaiminghe.pdf

CVAB TR BLDETIVOHMRLATOATING - BFHIRI~NDEH

il

cvpaper.challenge

CNNZG AL MR AOEE S BI2RVIZRET HFHNIZ (2014 7)

o MA&RH :R-CNN(R-CNN). Fast/Faster R-CNN. YOLO. SSD (2014")
o FhURIEERILFEBIRLE-FENERIRE
o FD® . EEMLEEBEELE-FEDIRE
o fEIHSE]:FCN. SegNet, U-Net, PSPNet. DeeplLab (2015720174E)
o FNk.ESSYFEEDPooling #iEZAWLTT O—/N\JLIEHZFIFALVI=PSPNet{°DeepLabMIZE TN
THER £ A THN1=(20174) L R
jpim—— =R —

B warped region
EE rlf'4 .g

D (74.3mAP
59FPS

Y R -
2. Extract region 3. Compute 4. Classify o +SSD: Sinalo S :
image  proposals (~2k) CNN features regions ettt alb(eztgl?o);” ?\Srfi\./ J:ngl';l Fﬁhm HliBerx
Ross Girshick et al. (2014), “Rich feature hierarchies for accurate object B ’
detection and semantic segmentation”, CVPR. &Y35|f L e Input - Aeroplane Coarse
forward /inference s> ammm———— 9 3;"”’m - plfous conveiion }me-ma
> < Shaoging Ren et al. (2015), “Faster R-CNN: Ny » <ot — m — "
backward/learning & 7 . Towards Real-Time Object Detection with Region : £ A
™ { Proposal Networks”, NeurLIPS. &kY3|FH v
Final Output Fully Connected CRF Bi-linear Interpolation
# max pool 2x2 .
Olaf Ronneberger et al. (2015), “U-Net: Convolutional b o @ ’
] 4 Networks for Bi dical | S tation”, MICCAI. - = A
SIWOrKs for Blomedica ;@%ﬂ% egmentation”, Liang-Chieh Chen et al. (2017), “USemantic Image Segmentation
Jonathan Long et al. (2015), “Fully Convolutional Networks for with Deep Convolutional Nets and Fully Connected
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Solar Power Plant Detection on Multi—-Spectral Satellite Imagery using Weakly—Supervised CNN with Feedback Features
and m—PCNN Fusion
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Figure 6: Solar power plant detection results of (a) sample images (RGB visualization of multi-spectral data) (b) I-Net [2]
feature averaging, (c) I-Net+gap, (d) I-] N t using Grad-CAM in [18], (e) fe: f t g ng on FB-Net w/o gap, (f) FB-Net

using CAM in [17], (g) FB-Net w/o gap using Grad-CAM [18], (h) Propos dFB N twuhmPCNNb sed CAM, (i) FB-Net
w/o gap layer with mPCNN based Grad—CAM, (j) ground-truth
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[p-7] Nevrez Imamoglu et al. (2017), “Solar Power Plant Detection on Multi-Spectral Satellite Imagery using Weakly-Supervised CNN with Feedback Features and m-PCNN Fusion”, BMVC 2017 &YSIH 47
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SEN12MS-A Curated dataset of georeferenced multi—spectral Sentinel-1/2 imagery for learning and
data fusion
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Dataset Nr. of Image Size Data Source Description
Images
SENI2MS 541,986 256 x 256 Sentinel-1, globally distributed; MODIS
Sentinel-2, Land Cover maps can either be
MODIS Land used as labels or auxiliary data
Cover
LEALEIC

Sentinel-1 SAR (R: VV, G: VH, B: VV/VH), Sentinel-2 RGB, Sentinel-2
SWIR, IGBP Land cover, LCCS Land cover

[p-14] M. Schmitt et al. (2019), “SEN12MS — A CURATED DATASET OF GEOREFERENCED MULTI-SPECTRAL SENTINEL-1/2 IMAGERY FOR DEEP LEARNING AND DATA FUSION”,
ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences. &Y 3| 48
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Characterization of Industrial Smoke Plumes from Remote Sensing Data
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[p-4] Michael Mommert et al. (2020), “Characterization of Industrial Smoke Plumes from Remote Sensing Data”, NeurlPS 2020 Climate Change Al. KY5IR 49
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HRSID: A High—Resolution SAR Images Dataset for Ship Detection and Instance Segmentation
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[p-29] Shunjun Wei et al. (2020), "HRSID: A High-Resolution SAR Images Dataset for Ship Detection and Instance Segmentation”, IEEE. &YSIR 5
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S2Looking: A Satellite Side—Looking Dataset for Building Change Detection ==
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[p-1] Li Shen et al. (2021), “S2Looking: A Satellite Side-Looking Dataset for Building Change Detection”, remote sensing. &Y5IA 51
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EarthNet2021: A large—scale dataset and challenge for Earth surface forecasting as a guided video
prediction task.
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Figure 1: Overview visualization of one of the over 32000 samples in EarthNet2021.
[p-53] Christian Requena-Mesa et al. (2021), “EarthNet2021: A large-scale dataset and challenge for Earth surface forecasting as a guided video prediction task.”, CVPR. &Y5IH 52
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The QXS—SAROPT Dataset for Deep Learning in SAR—Optical Data Fusion
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ImageNet-SSD 0.8720 0.8712
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[p-31] Huang et al. (2021), “The QXS-SAROPT Dataset for Deep Learning in SAR-Optical Data Fusion”,arXiv. &Y5IA 53
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Ship Detection in Sentinel 2 Multi—Spectral Images with Self-Supervised Learning ==
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Pre-Training Dataset SSL Pretext Task Predsﬂ::ansfer;::nuing 1 Feecsion Fine-T::ci:lgl 1 ZO%
EuroSAT A 17.0 80.1 247
BigEarthNet A 19.3 81.5 271 18.4 78.1 26.0
SEN12MS A 21.3 76.7 29.1 225 74.3 29.5
SEN12MS RA 219 76.9 29.1 25.2 76.4 33.0
SEN12MS RA-lo 21.0 77.1 284 25.7 77.4 33.0
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[p-16] Alina Ciocarlan et al. (2021), “Ship Detection in Sentinel 2 Multi-Spectral Images with Self-Supervised Learning”, Remote Sensing. KY5IA 54
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SAR Ship Detection Dataset (SSDD): Official Release and Comprehensive Data Analysis
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[p-26] Tianwen Zhang et al. (2021), “SAR Ship Detection Dataset (SSDD): Official Release and Comprehensive Data Analysis ",MDPI. &Y 55



https://www.mdpi.com/2072-4292/13/18/3690

il

Change Event Dataset for Discovery from Spatio—temporal Remote Sensing Imagery
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[p-3] Utkarsh Mall et al. (2022), “Change Event Dataset for Discovery from Spatio-temporal Remote Sensing Imagery”, NeurlPS 2022. &YSIA 54
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DynamicEarthNet: Daily Multi—-Spectral Satellite Dataset for Semantic Change Segmentation. ==
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Aysim Toker et al. (2022), “DynamicEarthNet: Daily Multi-Spectral Satellite Dataset for Semantic Change Segmentation.”,CVPR. &USIA 57




MARIDA: A benchmark for Marine Debris detection from Sentinel-2 remote sensing data
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CHERBIDERITHS

Class Name Acronym Description
Marine Debris MD Floating plastics or other polymers, mixed anthropogenic debris
Dense Sargassum Den$S Dense floating Sargassum macroalgae
Sparse Sargassum SpS Sparse floating Sargassum macroalgae
Natural Organic Material NatM Vegetation & Wood
Ship Ship Sailing & Anchored Vessels
Clouds Cloud Clouds including thin Clouds
Marine Water MWater Clear Water
Sediment-Laden Water SLWater High-Sediment river discharges with brown colour
Foam Foam Foam recorded at river fronts or coastal wave breaking area
Turbid Water TWater Turbid waters close to coastal areas
Shallow Water SWater Coastal waters, including coral reefs and submerged vegetation
Waves Waves Waves
Cloud Shadows CloudS Cloud Shadows
Wakes Wakes Wakes & Waves from a sailing vessel
Mixed Water MixWater Water near floating materials
Total

https://doi.org/10.1371/journal.pone.0262247.t002
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Katerina Kikaki et al. (2022), “MARIDA: A benchmark for Marine Debris detection from Sentinel-2 remote sensing data”, PLoS ONE. &Y5IH 58
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TISD: A Three Bands Thermal Infrared Dataset for All Day Ship Detection in Spaceborne Imagery
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Table 7. The evaluation criteria of different methods by using the TISD (The bold data are the best
and second-best results of different models).

Methods Bands Scene I;‘;ie Precision Recall mAP@0.5  Val_loss GFLOPs  Parameters
Faster B123 ALL 768 x 768 0.6617 0.6372 05998 0.0221 467 31.3M
R-CNN [7]
SSD [8] B123 ALL 768 x 768  0.6915 0.6791 0.6572 0.0189 196 1380 M
Yolov5s [20]  B123 ALL 640 x 640 07668 0.6308 0.6618 0.0096 17.1 73M
150m ALL 0.7485 0.6651 0.6378 0.0187
Cloud 0.6925 0.4948 0.4983 0.0114
Figure 1. (a) The SAR image with the resolution of 15 m in SSDD dataset [31], The (b) true color imag “e;“l“P“"’ed Bl — it — e 8 = = 8.2 32M
olov5s Sea 0.8150 0.7132 0.7163 0.0044
of 460-520 nm, 520-600 nm and 630-690 nm with resolution of 10 m in 38°44'32.74”N,117°50/13.28” Day o7l 0m0A P 00097
from SDGSAT-1 multispectral imager, and (c) pseudo-color image of 8~10.5 um, 10.3~11.3 ur Night 0.6165 0.4143 0.4246 0.0119

11.5~12.5 pm with resolution of 30 m in 39°18'49.52”N,120°14'55.86"E from SDGSAT-1 TIS.

Liyuan Li et al. (2022), “TISD: A Three Bands Thermal Infrared Dataset for All Day Ship Detection in Spaceborne Imagery”, Remote Sens. 2022, 14, 5297. KY5IR 59
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SynthWakeSAR: A Synthetic SAR Dataset for Deep Learning
Classification of Ships at Sea
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Figure 1. Simulated SAR images (6, = 20°) of ship wake (Passenger Vessel |) with Vg =
8 m/s, D = 45° and V,, = 3 m/s: (a) noise-free I; (b) with noise I,,; (¢) denoised I,;.

Table 3. Accuracies of the trained CNNss for different datasets including training and test sets.

cvpaper.challenge

Training Set Test Set
Network
I I, I; I I, I;
I-Net 98.68 77:35 74.21 96.16 75.90 73.18
I,,-Net - 97.82 7224 - 92.70 69.93
I;-Net - 50.21 99.16 - 48.79 93.59

(a) (b)

Igor G. Rizaev and Alin Achim (2022),”SynthWakeSAR: A Synthetic SAR Dataset for Deep Learning Classification of Ships at Sea”, Remote Sens. 2022, 14(16), 39994&Y 51 60
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SEFEPNet: Scale Expansion and Feature Enhancement Pyramid Network for SAR Aircraft Detection With

Small Sample Dataset

ETIVICART— )LD EEMA D ETIMNFR Y DDetectionfE EZF L

e [t uses a four—scale fusion method to combine the shallow position information with the deep semantic
information, effectively adapting to the multiscale target detection in SAR images, significantly improving the

detection effect of small targets.

il
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e Finally, to further improve the detection performance of the small-scale SAR aircraft dataset, we propose a

domain adaptive transfer learning method

e Experiments on SADD show that this method can significantly improve the recall rate and F1 score. At the
same time, we find that the transfer effect of using homologous but different types of targets as the source

domain is better than those of heterologous

TABLE VI

Input

( | N COMPARISONS TO THE STATE-OF-THE-ARTS
|l (il ¢ I ﬂ"f Model TP FP FN P R F1
T ‘ f ’ = ) e édniie ExNircinient Pyoieiig SSD 802 166 85 0.828 0.904 0.865
‘ 4 . 0 YOLOV3 848 148 39 0.851 0.956 0.901
e ﬂ Faster R-CNN 826 121 61 0872 0.931 0.901
‘ !i Cascade R-CNN 831 110 56 0.883 0.937 0.909
— \ e YOLOX 860 82 27 0913 0.969 0.940
ﬁ SEFEPNet 871 106 16 0.891 0.982 0.934
\ /

Feature Decoding 7 Qutput

The significance of bold entities indicate best values.

Peng Zhang et al. (2022), “SEFEPNet: Scale Expansion and Feature Enhancement Pyramid Network for SAR Aircraft Detection With Small Sample Dataset’,. KY5IA {1
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AIR-PolSAR-Seg: A Large—Scale Data Set for Terrain Segmentation in Complex—Scene PolSAR Images
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FZEBICE#Ih=-{ESARMITOET Ao T—a0 T—3 2y il

o ARKOL—ASARZRAWNTHRODBITZITORIZIE. Bt LEEHRORRIFEEFERAL T o 15k
T-oTWWET

o HTOVIFIEIT7-BRIVT7-THIA-KE-RE-ZOMDAEEITIET AL T—2avBOT—4521Y
M 1ERK

o WHMEHMEEF XD, EBEREF AL AoT—a FEREEAL, LR EITo-

Method ‘ Terrain Category / ToU(%) : Evaluation Metric
Industrial Area  Natural Area Land Use Water Housing Other | mlolU(%) OA(%) AA%) Kappa(%)

SIFT [45]+SVM [48] 29.98 55.11 0.10 41.08 57.36 18.60 33.70 63.71 51.52 46.86
SIFT [45]+RF [49] 29.73 52.36 0.14 47.58 54.71 16.00 3342 62.40 5232 45.24
HOG [46]+SVM [48] 30.39 55.68 0.10 41.89 57.83 19.01 34.15 64.19 51.97 47.53
HOG [46]+RF [49] 33.89 57.98 0.29 47.13 59.98 19.65 36.49 67.45 55.83 51.89
LBP [47]+SVM [48] 34.39 57.50 0.17 34.46 59.57 19.05 34.19 66.14 53.77 50.38
LBP [47]+RF [49] 3535 58.85 0.18 36.82 60.42 20.06 3528 67.21 54.79 51.81
FCN [50] 37.78 71.58 1.24 72.76 67.69 39.05 48.35 76.28 57.84 63.43
ANN [53] 41.23 72.92 0.97 75.95 68.40 56.01 52.58 77.46 64.97 65.73
PSPNet [51] 33.99 72.31 0.93 76.51 68.07 57.07 51.48 76.55 63.81 63.88
DeepLab V3+ [52] 40.62 70.67 0.55 72.93 69.96 34.53 48.21 76.81 63.55 64.92
EmaNet [57] 36.92 7249 1.22 69.72 67.98 37.05 47.56 76.36 60.30 63.87
CCNet [54] 32.54 72.27 0.49 72.58 66.75 34.12 46.46 75.53 55.83 62.06
DANet [55] 39.56 72.00 1.00 74.95 67.79 56.28 51.93 76.91 62.79 64.79
NonLocal [56] 35.51 72.12 247 70.60 68.39 16.31 4423 76.05 53.90 63.23
EncNet [58] 32.95 71.59 1.89 75.66 67.16 37.24 47.75 75.67 57.51 62.42
PSANet [59] 40.70 69.46 1.33 69.46 68.75 32.68 47.14 76.21 62.92 63.95
GCNet [60] 38.19 72.64 243 74.48 68.37 29.24 47.56 76.75 57.10 64.30

T—2 D TTAT—a DR

Zhirui Wang et al. (2022), “AIR-PoISAR-Seq: A Large-Scale Data Set for Terrain Segmentation in Complex-Scene PoISAR Images”, JSTARS &YBIA (2



https://ieeexplore.ieee.org/document/9765389

SolarDK: A high—resolution urban solar panel image classification and localization dataset
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ABEAREDY—F—/ RV EHMET ST 5y ElE

o HETIRELLRBAETABRENAVLONIN, TERADOKEBARENERTAIENTRELEETERT
LTHBT2DOLRE#IZIHYDDOH S

o KBAEFKRBOBWIEIHBIEITEMN, T—RICT7IEATELEWNESD  MEBELZAVTABALEREDEERR
BT HAIENEEIZLS

e MEBENREORRIZCBVWTABGARENZEINTWSEMERET I I A T—avEDT—4
tyrEREEL R—XSAVEHTEE T 1=

Table 4: Segmentation baselines for the SolarDK testset. First group of runs were pre-trained using
COCO train2017 and Pascal VOC, while the bottom section was pre-trained on German data [10].
The model with best mean performance(s) is marked with bold-face font.

Model Recall Precision IoU
ResNet50-DeepLabV3Plus  0.81+0.03 0.86+£0.01 0.72+0.02

ResNet101-DeepLabV3Plus  0.79+0.05 0.86+0.02  0.70+0.03
ResNet152-DeepLabV3Plus  0.79+0.04  0.88+0.03 0.71+0.02

ResNet50-FPN 0.80+0.03  0.87£0.03  0.72x0.01

ResNet101-FPN 0.79+0.02  0.87+0.02 0.71+0.01

ResNet152-FPN 0.81+0.06 0.87+0.05 0.72+0.01

ResNet50-PSPNet 0.75+0.04 0.85£0.03 0.64+0.04

ResNet101-PSPNet 0.66+0.13  0.88+0.05 0.61+0.07

ResNet152-PSPNet 0.72+0.05  0.85£0.04  0.63+0.02

DeepSolarDE (inference) 0.53 0.34 0.51 - 5

DeepSolarDK 0.85 075 0.62 Figure 2: Examples of segmentation masks (indicated by red).

NHHREDCIT A T—aVDESR
ABRRROET AT 2 Bl KBHED €Y AL T—LavIRIOH

Maxim Khomiakov et al. (2022), “SolarDK: A high-resolution urban solar panel image classification and localization dataset”, NerrlPS 2022 Workshop: Tackling Climate Change with Machine LearningWs Y51 (3
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Machine Learning in Pansharpening: A Benchmark, from Shallow to Deep Networks
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e

N —T TP E CTRIT- BT 50D T4ty lE
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8|8 8|8
@@ o|@ 5 5
sls| 15|53 5 = TP
¢ A EHE E M [[—Lossj—  @T
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£|2 2|2 [$) o
Q| Q Q Q
@ e e R M Convolution Block __
lnt;;s;logﬁoln (Zes7:69) k Blocks X i
to cale H
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L.-j. Deng et al. (2022), “Machine Learning in Pansharpening: A benchmark. from shallow to deep networks”, MGRS&YEIA (4
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MultiSenGE : A MULTIMODAL AND MULTITEMPORAL BENCHMARK DATASET FOR LAND USE/LAND
COVER REMOTE SENSING APPLICATIONS
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MultiModal(SAR+E2E) M DMutliTemporalZi: i 2 [H[{§ &

B RBEBEDET AoT—a vy E A ahE-T—2 2y ERR
o fR{EE10ma Sentinel 1 (SAR), Sentinel 2NV, FREESOMBUD T A T— 30y T (T #hF]
- T #HER: LULC)ZHAEHhE-T—2t vk, BEITIREIN TLVZSEN12MS TIXLULCIX f# {2 E500m
THEEBREDEZENLTLLEIIEHL ST,
e NN? CHEEIOMIZEFAZ . 256 x 256 pixel 44 XMD8,15TMD/ \yF % E (i

[ ]
MultiSenGE Multi-temporal: Georeference {EHRZE{tiEL1—F—MNBEH TERTETSH LI

|
o

Unet C[IR,R, B] vs [IR,R, B+Index]
=>[IR, R, B]DIFH N B\

SEN12MS

Sentinell

LULC * = * :
s \g.; - N

~

R. Wegr;r et al. (2022), “MULTISENGE : A MULTIMODAL AND MULTITEMPORAL BENCHMARK DATASET FOR LAND USE/LAND COVER REMOTE SENSING APPLICATIONS”, ISPRS 65
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MSCDUNet: A Deep Learning Framework for Built—-Up Area Change Detection
Integrating Multispectral, SAR, and VHR Data

il

Jﬁﬁb‘i&é(SARﬁ'ﬁ—-ﬁ REABEEN., RCEFMC2HEMDE#REETNEN
A THRBEEZRANT IR IVDET IR/ D>T—3y M {ERL

o EfRBEEGIChI,REEEBGETEAESHOESIELVERELETILRIMMAIEE, ZOT7 AT 7ZEIZBuild-up
area]IZFE B LI-#RT—42 v & E{E,

o 3DMNELBIBFE(ENHZREGF-2, SAR: Sentinell, ¥JLF/\UK: Sentinel2) DEEINSIZFIEZFAZ TEILD
BB O/NyFEYYHL., BIESRNILEFFSLI-T—2YMMSBC, MSOSCD)% %1,

o ZELDERIEFDIEHZEFeature THEE I HU-Net+SiamesetEEET ILICKYEILRIMIRIZT AL E—D
SfRGEEEGFAVNV-RNIVERBEEGEHA SO E-ANEREELLHIEFEE,

........................................................................... TABLE IV<
MSBC DATASET DIFFERENT FEATURE COMBINATION EXPERIMENT RESULTS WITH MSDCUNET
5 ﬂ 'I . . = . i

MSOSCD(test) MSBC(test)

Input . . . )
10U (%) F1(%) 10U (%) F1(%)
RGB 57.15 09.85 34.12 55.32
RGB+S1 78.56 87.99 48.22 65.07
RGBS2 83.47 90.99 4735 64.27
RGB+SI1* 85.51 91.25 44.49 61.58
RGB+S2% 84.30 91.31 4429 61.39
RGB+S1S2 86.12 92.89 47.68 64.57
RGB+S1%82%* 87.05 93.1 49.00 65.77

H. Li et al. (2022), “"MSCDUNet: A Deep Learning Framework for Built-Up Area Change Detection Integrating Multispectral, SAR, and VHR Data’, IEEE., JSTARS &YU5IR §4
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SEASONET: A SEASONAL SCENE CLASSIFICATION, SEGMENTATION AND RETRIEVAL DATASET FOR

SATELLITE IMAGERY OVER GERMANY
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Semantic segmentation&EFEHDEBNFEL\LULCT —2 v DIRE
o FEEMBRIIBARMEBEINTHYLHFAAPTIEZEHNDER. KEHLICIXFHEEGREZANTEHEE S FE

FTHCENEE
o LML,

AEBFEECAVTEIVMERZHESERIERRET -2V REERY . K DBigEartht°

SEN12MS%E E D TF—A 1y I 4FIZSemantic segmentation®D SN JL{FTET—R AV
o IHIZ.EDT—EEYMIFEHDEENDFEEZTA-OITHRALAZHDHEEEBEESL OB T—3EVrE

ERLTLSH, BALETE

BN ELHBEEBRT —2EyMIERESN TV

o ZITAMRTIK, ChoZERRTH=HDT—HtvrzEiREL

Image-level labels Pixel-level n é) Summer
(

labels 104)  (481456) (500 149) (218 663) (99 458)

Dataset name Image Type Annotation Type Number of Images
Agriculture-Vision [9]  Aerial Multispectral ~ Multi-Label + Pixel Label 94 986
MLRSNet [10] Aerial/Sat RGB Multi-Label 109161
BigEarthNet [2] Sat. Multispectral Multi-Label 590 326
SEN12MS [3] Sat. Multispectral ~ Multi-Label + Region Label 541986
This Work Sat. Multispectral Multi-Label + Pixel-Label 1759830

Road and rail networks and associated
land,
Discontinuous urban fabric, Industrial ¢
mmercial units,
, Coniferous forest,
Discontinuous urban fabric, Road and rail
nelworks and associated land, (

,
Comferuu forest,

Dominik Komann et al. (2022), SeasoNet: A Seasonal scene classification, segmentation and retrieval dataset for satellite Imagery over germany, ArXivkY5IR g7
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MDAS: A New Multimodal Benchmark Dataset for Remote Sensing
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SAR, RILFARIEIL, INAI18—ARIPMIL, DSM, GIST—2Z ST TILFE—
& ILT—5tyFMDASEER

e T!)7:Ausgberg, Germany. Bl 201858 7H
o S5DOMNEFUTA%LIRMH
e super resolution. spectral unmixing. land cover classification® =DM AR Y TR IR FEHFMDAS £ THREE

Data Modality Sensor

Sentinel-1 SAR Sentinel-1 payload

Sentinel-2 Multispectral image  Sentinel-2 payload

DSM DSM DLR 3K

HySpex Hyperspectral image  HySpex

S2eteS_S2 Multispectral image  S2eteS Spatial and spectral simulation

EeteS_EnMAP_10  Hyperspectral image  EeteS Spatial and spectral simulation
EeteS_EnMAP_30  Hyperspectral image  EeteS Spatial and spectral simulation

EnMAP Hyperspectral image  EeteS

GIS GIS Open street map (OSM)
Endmember Manual labeling

Land cover maps Manual labeling

Hu et al. (2023), “MDAS: A New Multimodal Benchmark Dataset for Remote Sensing”, Earth System Science Data. &YSIA {3
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FireRisk: A Remote Sensing Dataset for Fire Risk Assessment with Benchmarks Using Supervised and Self-supervised
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AAEDEMIEVE—FUPVUTER CHBRBRERDOXKIRY LOMETVE T EEh T B EER T —
LzRFETHIE

FireRiskl& WHP (Wildfire Hazard Potential) A 3—T7 —2t Yk > TRESINIZ KK IRV IS ATIR) U FE
hTHY ., BREBE)E—MUIUTERONAIP (National Agriculture Imagery Program) Z LN TIRES TLY
%)

EERTEBEIHYKRIRER E%&Eﬁﬁ)Uﬁﬁ@’*“z?V—O'ﬁ““’é% L. ImageNet1k TEHIIZFI#E S F=Masked
Autoencoders (MAE) [16]5365.29% &L S E D D3R EEZERLTLYS

Dataset Model pre-trained
FireRisk | ResNet [17] | ImageNetlk [3] 63 20 52 ss © DINO (ImageNetlk)  # DINO (UnlabelledNAIP)
VAT [10] ImageNetlk [8] | 63.31 | 52.18 O ResNet:50 O VITB/16 O DINO MAE &5 MAE (magebet1k) MAE (UnlabelledNAIP)
DINO [5] ImageNetlk [8] | 63.36 | 52.60
DINO [5] | UnlabelledNAIP | 63.44 | 5237
MAE [16] | ImageNetlk [¢] | 6529 | 55.49
MAE [16] | UnlabelledNAIP | 63.54 | 52.04

et 50% | ResNet [17] | ImageNetlk [8] | 62.09 | 5027
&4 FireRisk | ViT [10] | ImageNetlk [8] | 6222 | 50.07
DINO [5] | ImageNetlk [8] | 6175 | 51.21

2 DINO [5] | UnlabelledNAIP | 6249 | 51.35

MAE [16] | ImageNetlk [8] | 63.70 | 50.23

é 31
¢ §20 g
MAE [16] | UnlabelledNAIP | 62.68 | 52.05 o o -
20% ResNet [17] | ImageNetlk [8] | 61.37 | 49.53 £
FireRisk | ViT [10] | ImageNetlk [8] | 6143 | 48.80 P 6 — — .
DINO [5] ImageNetlk [8] | 60.95 | 50.72 60 20% FireRisk  50% FireRisk FireRisk
: DINO (5] | UnlabelledNAP | 6196 | 50.83 20% FireRisk  50% FireRisk FireRisk ) )
. 2DeLE 2 - (b) Accuracy differences between different latent representa-

65.5

1

\\

% \.,
\

Accuracy

Very Low Low Moderate Very High Non-burable m Hg} Il !nlagleltl‘el}‘ls 1\[;]) gfg(‘) g:)(l)g (a) Performance of models on different sizes of FireRisk. tions of the self-supervised benchmark.
INESh-EE+ JF%%**?BZE&A“‘?‘I@ ImageNet1k MAESEFI#E. model&self-supervised learninglZ#@BLTF—
EAHREAHIIENELOND FireRiskFientuningh\ & = #& B AN Z WAL EL S LMERIZ

Shuchang Shen et al. (2023), “EireRisk: A Remote Sensing Dataset for Fire Risk Assessment with Benchmarks Using Supervised and Self-supervised Learning”, Arxiv. KY5IR 9
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MMST-ViT: Climate Change—aware Crop Yield Prediction via Multi-Modal Spatial-Temporal Vision
Transformer
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B4 L) =I5 e - KR T—5 SentineRZ AV TEROINERZ PR ETIILERE

o FMDEBREBTHOXRELEHORELZHDEZEZZ(TOT VO EYMOREZTFML)—IZFRTEH
EIFIRARELTHIEE

e ZFIT.DLR—XMFi%&L T Multi-Modal Spatial-Temporal Vision Transformer(MMST-ViT)Zi2EL. £ EHD
RN EEHERANGRIEZE N EMICRIZTHEELEEET HILET. EXROALANIILOEYMIIREZERTTF
BZE1TD

o F-.1EMT 3. FAL)—HR[ET—73. Sentinel2MT—2% AL \/=Tiny CropZFHUL\TEE

o LEFNERDER. BREEFEDLDHBIDDHEREIEZIZEWVNT, RAFET/ILE LR ST,

Yi — | Temporal Transformer ~~ Classifier %

0% 1 2 3 4
! |
Spatial Spatial Spatal ‘ Spatial | Method | Corn | Cotton | Soybean | Winter Wheat |
Tetme ) ([Tesbmer ) | Desbmer ] | Do | | RMSE(}) R*(1) Com(1) | RMSE()) R>(1) Com(f) | RMSE()) R>(1) Com(1) | RMSE()) R*(1) Com() |
0o 08 oe- -G8 0O 00G0---00 C200GH---00 COOBG -G ConvLSTM 18.6 0.611 0.782 65.4 0.715 0.846 72 0.616 0.785 74 0.511 0.715
= T ? At T CNN-RNN 14.6 0.705 0.839 69.5 0.653 0.808 5.8 0.703 0.839 1.9 0.614 0.783
— GNN-RNN 142 0.730 0.854 58.5 0.647 0.804 54 0.748 0.865 6.0 0.621 0.788
s —> Multi-Modal Transformer
A A ’ | Ours | 10.5 0.811 0.900 | 424 0.790 0.889 | 3.9 0.843 0918 | 4.6 0.785 0.886 |
|

g N N,
5 NNy R NAN
\ " Qfa Ny

Fudong Lin et al. (2023), “MMST-VIiT: Climate Change-aware Crop Yield Prediction via Multi-Modal Spatial-Temporal Vision Transformer ", ICCV. &KY3IH 7
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Sentinel 2 Time Series Analysis with 3D Feature Pyramid Network and Time Domain Class
Activation Intervals for Crop Mapping

ENRTLND, ECTIEToNn=OH BT HiEHEEHMH TRELCNNET LD BRFE

e Sentinel-2&YBSNT-EYMDEEDEE S ILILIZHLT, CNNIZE>THEDHRERIRL, AHEA( L
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Activation Interval (CAI) ELVSETILEIRE.
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Ignazio Gallo et al. (2024), “Sentinel 2 Time Series Analysis with 3D Feature Pyramid Network and Time Domain Class Activation Intervals for Crop Mapping”,
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Bridging Remote Sensors with Multisensor Geospatial Foundation Models
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TNFEo—BiEBICZANTIYERENGR EESREZES

e MAEIZEDULV=T/ILFE2H—(RGB, SAR, Sentinel-2, DSM) BRI E FEZFIRE,

o TUUIIRINFEUY—EFRVIERATREGEBET IILEBEE,

o T—HAtYMIEXTFEDpaired/unpaired T —2ybEHAEHET=/\AT vk (2M)

o TIIFEUH—RBRIIEBARBEGIOEETDSEYEscratchThL—=UF LIz ANGHEE

RGB -> RGB

msGFM Pretraining msGFM Finetuning DSM ->RGB RGB->DSM SAR->S2 $2->SAR

Output

Reconstruction

Decoder 1 (RGB) |

Decoder 2 (SAR)

Decoder 3 (Sentinel-2) Decoder 4 (DSM)

I Prediction head |

s | Pretrained msGFM |
Qr"&

| Encoder

4 )
e =] =] a] ‘
t t t t Dataset # Images GSD Sensor modality # Channels paired sensors?
GeoPile [39] 600K 0.1m - 30m RGB* 3 X
El MillionAID [37] IM 0.5-153m RGB* 3 X
S SEN12MS [52] 320K 10m SAR / sentinel-2 2/14 v
MDAS [29] 40K 0.1m - 10m DSM/ RGB" 1/3 v

Han et al. (2024), “Bridging Remote Sensors with Multisensor Geospatial Foundation Models’

, CVPR2024. £YBIA 79
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SkySense: A Multi-Modal Remote Sensing Foundation Model Towards Universal Interpretation for
Earth Observation Imagery
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