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[75] Julia Wąsala, Suzanne Marselis, Laurens Arp, Holger Hoos, Nicolas Longépé,
and Mitra Baratchi. “AutoSR4EO: An AutoML Approach to Super-Resolution
for Earth Observation Images”. In: Remote Sensing 16.3 (2024), p. 443 (cit.
on p. 24).

[76] Saman Ghaffarian, João Valente, Mariska Van Der Voort, and Bedir Tekin-
erdogan. “Effect of attention mechanism in deep learning-based remote
sensing image processing: A systematic literature review”. In: Remote Sens-
ing 13.15 (2021), p. 2965 (cit. on p. 24).

[77] Zhi Li, Siying Cao, Jiakun Deng, Fengyi Wu, Ruilan Wang, Junhai Luo, and
Zhenming Peng. “STADE-CDNet: Spatial–temporal attention with differ-
ence enhancement-based network for remote sensing image change de-
tection”. In: IEEE Transactions on Geoscience and Remote Sensing 62 (2024),
pp. 1–17 (cit. on p. 24).

[78] Seyd Teymoor Seydi, Meisam Amani, and Arsalan Ghorbanian. “A dual at-
tention convolutional neural network for crop classification using time-
series Sentinel-2 imagery”. In: Remote Sensing 14.3 (2022), p. 498 (cit. on
p. 24).

[79] Xin Li, Feng Xu, Linyang Li, Nan Xu, Fan Liu, Chi Yuan, Ziqi Chen, and Xin
Lyu. “AAFormer: Attention-attended transformer for semantic segmenta-
tion of remote sensing images”. In: IEEE Geoscience and Remote Sensing
Letters (2024) (cit. on p. 24).

[80] Pallavi Jain, Dino Ienco, Roberto Interdonato, Tristan Berchoux, and Diego
Marcos. “SenCLIP: Enhancing zero-shot land-use mapping for Sentinel-2
with ground-level prompting”. In: IEEE/CVF Winter Conference on Applica-
tions of Computer Vision. IEEE. 2025, pp. 5656–5665 (cit. on p. 24).

[81] Jiaxin Li, Danfeng Hong, Lianru Gao, Jing Yao, Ke Zheng, Bing Zhang, and
Jocelyn Chanussot. “Deep learning in multimodal remote sensing data fu-
sion: A comprehensive review”. In: International Journal of Applied Earth
Observation and Geoinformation 112 (2022), p. 102926 (cit. on pp. 24, 179).

[82] European Union’s Copernicus Land Monitoring Service. Leaf Area Index
2014-present (raster 300 m), global, 10-daily. https://doi.org/10.2909/
219fdc9f-616b-444b-a495-198f527b4722. 2017 (cit. on p. 24).

[83] Pedro Castro-Valdecantos, Orly Enrique Apolo-Apolo, Manuel Pérez-Ruiz,
and G Egea. “Leaf area index estimations by deep learning models using
RGB images and data fusion in maize”. In: Precision Agriculture 23.6 (2022),
pp. 1949–1966 (cit. on p. 24).

https://doi.org/10.2909/219fdc9f-616b-444b-a495-198f527b4722
https://doi.org/10.2909/219fdc9f-616b-444b-a495-198f527b4722


194 BIBLIOGRAPHY

[84] Shuaibing Liu, Xiuliang Jin, Chenwei Nie, Siyu Wang, Xun Yu, Minghan Cheng,
Mingchao Shao, Zixu Wang, Nuremanguli Tuohuti, Yi Bai, et al. “Estimat-
ing leaf area index using unmanned aerial vehicle data: shallow vs. deep
machine learning algorithms”. In: Plant Physiology 187.3 (2021), pp. 1551–
1576 (cit. on p. 24).

[85] Luis Carrasco, Aneurin W O’Neil, R Daniel Morton, and Clare S Rowland.
“Evaluating combinations of temporally aggregated Sentinel-1, Sentinel-2
and Landsat 8 for land cover mapping with Google Earth Engine”. In: Re-
mote Sensing 11.3 (2019), p. 288 (cit. on p. 28).

[86] Hongliang Fang, Frédéric Baret, Stephen Plummer, and Gabriela Schaepman-
Strub. “An overview of global leaf area index (LAI): Methods, products, val-
idation, and applications”. In: Reviews of Geophysics 57.3 (2019), pp. 739–
799 (cit. on p. 28).

[87] Guillermo Q Tabios III and Jose D Salas. “A comparative analysis of tech-
niques for spatial interpolation of precipitation 1”. In: JAWRA Journal of
the American Water Resources Association 21.3 (1985), pp. 365–380 (cit. on
p. 28).

[88] Matthew J Heaton, Abhirup Datta, Andrew O Finley, Reinhard Furrer, Joseph
Guinness, Rajarshi Guhaniyogi, Florian Gerber, Robert B Gramacy, Dorit
Hammerling, Matthias Katzfuss, et al. “A case study competition among
methods for analyzing large spatial data”. In: Journal of Agricultural, Bio-
logical and Environmental Statistics 24.3 (2019), pp. 398–425 (cit. on pp. 28,
30).

[89] Zhe Jiang. “A survey on spatial prediction methods”. In: IEEE Transactions
on Knowledge and Data Engineering 31.9 (2018), pp. 1645–1664 (cit. on
pp. 28, 30).

[90] José-María Montero, Gema Fernández-Avilés, and Jorge Mateu. Spatial and
spatio-temporal geostatistical modeling and Kriging. John Wiley & Sons,
2015 (cit. on p. 28).

[91] Noel Cressie. Statistics for spatial data. John Wiley & Sons, 2015 (cit. on
pp. 28, 30).

[92] Luc Anselin. “Spatial econometrics: methods and models (Vol. 4)”. In: Stud-
ies in Operational Regional Science. Dordrecht: Springer Netherlands (1988)
(cit. on pp. 28, 31).

[93] RP Haining. “The moving average model for spatial interaction”. In: Trans-
actions of the Institute of British Geographers (1978), pp. 202–225 (cit. on
pp. 28, 31, 42).



BIBLIOGRAPHY 195

[94] Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou Tang. “Image super-
resolution using deep convolutional networks”. In: IEEE Transactions on
Pattern Analysis and Machine Intelligence 38.2 (2015), pp. 295–307 (cit. on
pp. 28, 32, 42).

[95] Wenzhe Shi, Jose Caballero, Ferenc Huszár, Johannes Totz, Andrew P Aitken,
Rob Bishop, Daniel Rueckert, and Zehan Wang. “Real-time single image
and video super-resolution using an efficient sub-pixel convolutional neu-
ral network”. In: IEEE Conference on Computer Vision and Pattern Recogni-
tion. 2016, pp. 1874–1883 (cit. on pp. 28, 32, 42).

[96] Richard Bellman. “A Markovian decision process”. In: Journal of Mathe-
matics and Mechanics (1957), pp. 679–684 (cit. on pp. 29, 33–34).

[97] Daniel G Krige. “A statistical approach to some basic mine valuation prob-
lems on the Witwatersrand”. In: Journal of the Southern African Institute of
Mining and Metallurgy 52.6 (1951), pp. 119–139 (cit. on p. 30).

[98] Oliver Schabenberger and Carol A Gotway. Statistical methods for spatial
data analysis. CRC press, 2017 (cit. on p. 30).

[99] Mohamed A Bouhlel and Joaquim RRA Martins. “Gradient-enhanced Krig-
ing for high-dimensional problems”. In: Engineering with Computers 35.1
(2019), pp. 157–173 (cit. on p. 30).

[100] Koya Sato, Kei Inage, and Takeo Fujii. “On the performance of neural net-
work residual Kriging in radio environment mapping”. In: IEEE Access 7
(2019), pp. 94557–94568 (cit. on p. 30).

[101] Robert B Gramacy and Daniel W Apley. “Local Gaussian process approxi-
mation for large computer experiments”. In: Journal of Computational and
Graphical Statistics 24.2 (2015), pp. 561–578 (cit. on pp. 30, 41, 56).

[102] Håvard Rue, Andrea Riebler, Sigrunn H Sørbye, Janine B Illian, Daniel P
Simpson, and Finn K Lindgren. “Bayesian computing with INLA: a review”.
In: Annual Review of Statistics and Its Application 4 (2017), pp. 395–421 (cit.
on p. 30).

[103] Matthias Katzfuss. “A multi-resolution approximation for massive spatial
datasets”. In: Journal of the American Statistical Association 112.517 (2017),
pp. 201–214 (cit. on p. 30).

[104] Florian Gerber, Rogier de Jong, Michael E Schaepman, Gabriela Schaepman-
Strub, and Reinhard Furrer. “Predicting missing values in spatio-temporal
remote sensing data”. In: IEEE Transactions on Geoscience and Remote Sens-
ing 56.5 (2018), pp. 2841–2853 (cit. on pp. 30, 46).



196 BIBLIOGRAPHY

[105] Judea Pearl. Reverend Bayes on inference engines: A distributed hierarchi-
cal approach. Cognitive Systems Laboratory, School of Engineering and Ap-
plied Science, 1982 (cit. on p. 31).

[106] Le Song, Arthur Gretton, Danny Bickson, Yucheng Low, and Carlos Guestrin.
“Kernel Belief Propagation”. In: International Conference on Artificial Intel-
ligence and Statistics. Ed. by Geoffrey Gordon, David Dunson, and Miroslav
Dudík. Vol. 15. Proceedings of Machine Learning Research. Fort Lauderdale,
FL, USA: PMLR, Apr. 2011, pp. 707–715. URL: https://proceedings.mlr.
press/v15/song11a.html (cit. on p. 31).

[107] Xin Zheng, Xiaobin Lin, and Pengfei Wu. “Outdoor image restoration based
on belief propagation algorithm and formalized MTF”. In: Journal of Physics:
Conference Series. Vol. 1651. 1. IOP Publishing. 2020, p. 012168 (cit. on p. 31).

[108] Anat Levin, Assaf Zomet, and Yair Weiss. “Learning How to Inpaint from
Global Image Statistics.” In: ICCV. Vol. 1. 2003, pp. 305–312 (cit. on p. 31).

[109] Steffen L Lauritzen. Graphical models. Vol. 17. Clarendon Press, 1996 (cit.
on p. 31).

[110] Julian McAuley and Tibério Caetano. “Exploiting within-clique factoriza-
tions in junction-tree algorithms”. In: Proceedings of the Thirteenth Inter-
national Conference on Artificial Intelligence and Statistics. JMLR Workshop
and Conference Proceedings. 2010, pp. 525–532 (cit. on p. 31).

[111] Lu Zheng, Ole Mengshoel, and Jike Chong. “Belief propagation by message
passing in junction trees: Computing each message faster using GPU par-
allelization”. In: arXiv preprint arXiv:1202.3777 (2012) (cit. on p. 31).

[112] Victor Garcia Satorras and Max Welling. “Neural enhanced belief propaga-
tion on factor graphs”. In: International Conference on Artificial Intelligence
and Statistics. PMLR. 2021, pp. 685–693 (cit. on p. 31).

[113] Kevin Murphy, Yair Weiss, and Michael I Jordan. “Loopy belief propagation
for approximate inference: An empirical study”. In: arXiv preprint arXiv:1301.6725
(2013) (cit. on p. 31).

[114] Kai Yang and Lung-fei Lee. “Identification and QML estimation of mul-
tivariate and simultaneous equations spatial autoregressive models”. In:
Journal of Econometrics 196.1 (2017), pp. 196–214 (cit. on p. 31).

[115] Miranda J Fix, Daniel S Cooley, and Emeric Thibaud. “Simultaneous au-
toregressive models for spatial extremes”. In: Environmetrics 32.2 (2021),
e2656 (cit. on p. 31).

[116] James Durbin. “Efficient estimation of parameters in moving-average mod-
els”. In: Biometrika 46.3/4 (1959), pp. 306–316 (cit. on p. 31).

https://proceedings.mlr.press/v15/song11a.html
https://proceedings.mlr.press/v15/song11a.html


BIBLIOGRAPHY 197

[117] Jianqing Qiu, Huimin Wang, Lin Hu, Changhong Yang, and Tao Zhang. “Spa-
tial transmission network construction of influenza-like illness using dy-
namic Bayesian network and vector-autoregressive moving average model”.
In: BMC infectious diseases 21.1 (2021), pp. 1–9 (cit. on p. 31).

[118] Roberto Corizzo, Michelangelo Ceci, Hadi Fanaee-T, and Joao Gama. “Multi-
aspect renewable energy forecasting”. In: Information Sciences 546 (2021),
pp. 701–722 (cit. on pp. 31, 58).

[119] Ali Soltani, Christopher James Pettit, Mohammad Heydari, and Fatemeh
Aghaei. “Housing price variations using spatio-temporal data mining tech-
niques”. In: Journal of Housing and the Built Environment (2021), pp. 1–29
(cit. on p. 31).

[120] Junho Lee, Maria E Kamenetsky, Ronald E Gangnon, and Jun Zhu. “Clus-
tered spatio-temporal varying coefficient regression model”. In: Statistics
in Medicine 40.2 (2021), pp. 465–480 (cit. on p. 31).

[121] Yara Abu Awad, Petros Koutrakis, Brent A Coull, and Joel Schwartz. “A spatio-
temporal prediction model based on support vector machine regression:
Ambient Black Carbon in three New England States”. In: Environmental Re-
search 159 (2017), pp. 427–434 (cit. on p. 31).

[122] Chao Wu, Mengjie Zhou, Pengyu Liu, and Mengjie Yang. “Analyzing COVID-
19 using multisource data: An integrated approach of visualization, spatial
regression, and machine learning”. In: GeoHealth 5.8 (2021), e2021GH000439
(cit. on p. 31).

[123] Riku Hashimoto and Katsuya Suto. “SICNN: Spatial Interpolation with Con-
volutional Neural Networks for Radio Environment Mapping”. In: 2020 In-
ternational Conference on Artificial Intelligence in Information and Com-
munication (ICAIIC). IEEE. 2020, pp. 167–170 (cit. on p. 32).

[124] Yuankai Wu, Dingyi Zhuang, Aurelie Labbe, and Lijun Sun. “Inductive graph
neural networks for spatiotemporal Kriging”. In: arXiv preprint arXiv:2006.07527
(2020) (cit. on p. 32).

[125] N Sato and Kishor S Trivedi. “Accurate and efficient stochastic reliability
analysis of composite services using their compact Markov reward model
representations”. In: IEEE International Conference on Services Computing.
IEEE. 2007, pp. 114–121 (cit. on p. 33).

[126] Francesco Bianchi and Francesco Lo Presti. “A Markov reward model based
greedy heuristic for the virtual network embedding problem”. In: Interna-
tional Symposium on Modeling, Analysis and Simulation of Computer and
Telecommunication Systems. IEEE. 2016, pp. 373–378 (cit. on p. 33).



198 BIBLIOGRAPHY

[127] Benjamin S. Murphy. pykrige. https://pypi.org/project/PyKrige/.
2020 (cit. on p. 40).

[128] Matthias Feurer, Aaron Klein, Katharina Eggensperger, Jost Tobias Sprin-
genberg, Manuel Blum, and Frank Hutter. “Auto-sklearn: efficient and ro-
bust automated machine learning”. In: Automated Machine Learning. Springer,
Cham, 2019, pp. 113–134 (cit. on pp. 41, 78).

[129] Haifeng Jin, Qingquan Song, and Xia Hu. “Auto-keras: An efficient neural
architecture search system”. In: ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. 2019, pp. 1946–1956 (cit. on p. 42).

[130] World Bank DECRG. Gross Domestic Product 2010. https://datacatalog.
worldbank.org/search/dataset/0037850. 2010 (cit. on p. 44).

[131] DACON. Corona Data Visualization AI Contest. https://www.dacon.io/
competitions/official/235590/data/. 2020 (cit. on p. 44).

[132] OpenStreetMap. OpenStreetMap. https://www.openstreetmap.org/.
2019 (cit. on p. 44).

[133] Holger H Hoos. “Programming by optimization”. In: Communications of
the ACM 55.2 (2012), pp. 70–80 (cit. on p. 45).

[134] Frank Hutter, Holger H Hoos, and Kevin Leyton-Brown. “Sequential model-
based optimization for general algorithm configuration”. In: International
Conference on Learning and Intelligent Optimization. Springer. 2011, pp. 507–
523 (cit. on p. 45).

[135] Frank Wilcoxon. “Individual comparisons by ranking methods”. In: Break-
throughs in Statistics. Springer, 1992, pp. 196–202 (cit. on p. 47).

[136] Esam El-Araby, Tarek El-Ghazawi, Jacqueline Le Moigne, and Richard Irish.
“Reconfigurable processing for satellite on-board automatic cloud cover
assessment”. In: Journal of Real-Time Image Processing 4.3 (2009), pp. 245–
259 (cit. on p. 60).

[137] Gianluca Giuffrida, Lorenzo Diana, Francesco de Gioia, Gionata Benelli,
Gabriele Meoni, Massimiliano Donati, and Luca Fanucci. “Cloudscout: a
deep neural network for on-board cloud detection on hyperspectral im-
ages”. In: Remote Sensing 12.14 (2020), p. 2205 (cit. on p. 60).

[138] Min Li, Soo Chin Liew, and Leong Keong Kwoh. “Producing cloud free and
cloud-shadow free mosaic from cloudy IKONOS images”. In: IEEE Interna-
tional Geoscience and Remote Sensing Symposium. Vol. 6. Ieee. 2003, pp. 3946–
3948 (cit. on pp. 60, 64, 78).

https://pypi.org/project/PyKrige/
https://datacatalog.worldbank.org/search/dataset/0037850
https://datacatalog.worldbank.org/search/dataset/0037850
https://www.dacon.io/competitions/official/235590/data/
https://www.dacon.io/competitions/official/235590/data/
https://www.openstreetmap.org/


BIBLIOGRAPHY 199

[139] Eileen H Helmer and Bonnie Ruefenacht. “Cloud-free satellite image mo-
saics with regression trees and histogram matching”. In: Photogrammetric
Engineering & Remote Sensing 71.9 (2005), pp. 1079–1089 (cit. on pp. 60, 64,
78).

[140] Huanfeng Shen, Huifang Li, Yan Qian, Liangpei Zhang, and Qiangqiang
Yuan. “An effective thin cloud removal procedure for visible remote sens-
ing images”. In: ISPRS Journal of Photogrammetry and Remote Sensing 96
(2014), pp. 224–235 (cit. on p. 63).

[141] Jun Liu, Xing Wang, Min Chen, Shuguang Liu, Xiran Zhou, Zhenfeng Shao,
and Ping Liu. “Thin cloud removal from single satellite images”. In: Optics
Express 22.1 (2014), pp. 618–632 (cit. on p. 63).

[142] Gensheng Hu, Xiaoyi Li, and Dong Liang. “Thin cloud removal from remote
sensing images using multidirectional dual tree complex wavelet transform
and transfer least square support vector regression”. In: Journal of Applied
Remote Sensing 9.1 (2015), p. 095053 (cit. on p. 63).

[143] Meng Xu, Xiuping Jia, Mark Pickering, and Sen Jia. “Thin cloud removal
from optical remote sensing images using the noise-adjusted principal com-
ponents transform”. In: ISPRS Journal of Photogrammetry and Remote Sens-
ing 149 (2019), pp. 215–225 (cit. on p. 63).

[144] Wenbo Li, Ying Li, Di Chen, and Jonathan Cheung-Wai Chan. “Thin cloud
removal with residual symmetrical concatenation network”. In: ISPRS Jour-
nal of Photogrammetry and Remote Sensing 153 (2019), pp. 137–150 (cit. on
p. 63).

[145] Jun Li, Zhaocong Wu, Zhongwen Hu, Jiaqi Zhang, Mingliang Li, Lu Mo,
and Matthieu Molinier. “Thin cloud removal in optical remote sensing im-
ages based on generative adversarial networks and physical model of cloud
distortion”. In: ISPRS Journal of Photogrammetry and Remote Sensing 166
(2020), pp. 373–389 (cit. on pp. 63, 76).

[146] Jun Li, Zhaocong Wu, Zhongwen Hu, Zilong Li, Yisong Wang, and Matthieu
Molinier. “Deep learning based thin cloud removal fusing vegetation red
edge and short wave infrared spectral information for Sentinel-2A imagery”.
In: Remote Sensing 13.1 (2021), p. 157 (cit. on pp. 63, 75).

[147] Yujun Guo, Wei He, Yu Xia, and Hongyan Zhang. “Blind single-image-based
thin cloud removal using a cloud perception integrated fast Fourier convo-
lutional network”. In: ISPRS Journal of Photogrammetry and Remote Sens-
ing 206 (2023), pp. 63–86 (cit. on p. 63).



200 BIBLIOGRAPHY

[148] Chuanrong Zhang, Weidong Li, and David Travis. “Gaps-fill of SLC-off Land-
sat ETM+ satellite image using a geostatistical approach”. In: International
Journal of Remote Sensing 28.22 (2007), pp. 5103–5122 (cit. on p. 63).

[149] USGS. Phase 2 gap-fill algorithm: SLC-off gap-filled products gap-fill algo-
rithm methodology. https://www.usgs.gov/faqs/what-landsat-7-
etm-slc-data. 2004 (cit. on p. 63).

[150] Fang Xu, Yilei Shi, Patrick Ebel, Lei Yu, Gui-Song Xia, Wen Yang, and Xiao
Xiang Zhu. “GLF-CR: SAR-enhanced cloud removal with global–local fu-
sion”. In: ISPRS Journal of Photogrammetry and Remote Sensing 192 (2022),
pp. 268–278 (cit. on p. 63).

[151] Shuning Han, Jianmei Wang, and Shaoming Zhang. “Former-CR: A transformer-
based thick cloud removal method with optical and SAR imagery”. In: Re-
mote Sensing 15.5 (2023), p. 1196 (cit. on p. 63).

[152] Hao Liu, Bo Huang, and Jiajun Cai. “Thick cloud removal under land cover
changes using multisource satellite imagery and a spatiotemporal atten-
tion network”. In: IEEE Transactions on Geoscience and Remote Sensing 61
(2023), pp. 1–18 (cit. on p. 63).

[153] Meng Xu, Furong Deng, Sen Jia, Xiuping Jia, and Antonio J Plaza. “Atten-
tion mechanism-based generative adversarial networks for cloud removal
in Landsat images”. In: Remote Sensing of Environment 271 (2022), p. 112902
(cit. on p. 63).

[154] Faramarz Naderi Darbaghshahi, Mohammad Reza Mohammadi, and Mohsen
Soryani. “Cloud removal in remote sensing images using generative adver-
sarial networks and SAR-to-optical image translation”. In: IEEE Transac-
tions on Geoscience and Remote Sensing 60 (2021), pp. 1–9 (cit. on p. 63).

[155] Ran Jing, Fuzhou Duan, Fengxian Lu, Miao Zhang, and Wenji Zhao. “De-
noising diffusion probabilistic feature-based network for cloud removal in
Sentinel-2 imagery”. In: Remote Sensing 15.9 (2023), p. 2217 (cit. on p. 63).

[156] Alber Hamersson Sanchez, Michelle Cristina A Picoli, Gilberto Camara, Pe-
dro R Andrade, Michel Eustaquio D Chaves, Sarah Lechler, Anderson R Soares,
Rennan FB Marujo, Rolf Ezequiel O Simões, Karine R Ferreira, et al. “Com-
parison of Cloud cover detection algorithms on Sentinel–2 images of the
amazon tropical forest”. In: Remote Sensing 12.8 (2020), p. 1284 (cit. on
p. 64).

[157] SentinelHub. s2cloudless. https://github.com/sentinel-hub/sentinel2-
cloud-detector. 2018 (cit. on p. 64).

https://www.usgs.gov/faqs/what-landsat-7-etm-slc-data
https://www.usgs.gov/faqs/what-landsat-7-etm-slc-data
https://github.com/sentinel-hub/sentinel2-cloud-detector
https://github.com/sentinel-hub/sentinel2-cloud-detector


BIBLIOGRAPHY 201

[158] Fengli Zou, Qingwu Hu, Yichuan Liu, Haidong Li, Xujie Zhang, and Yuqi
Liu. “Spatiotemporal Changes and Driving Analysis of Ecological Environ-
mental Quality along the Qinghai–Tibet Railway Using Google Earth En-
gine—A Case Study Covering Xining to Jianghe Stations”. In: Remote Sens-
ing 16.6 (2024), p. 951 (cit. on p. 64).

[159] John Brandt, Jessica Ertel, Justine Spore, and Fred Stolle. “Wall-to-wall map-
ping of tree extent in the tropics with Sentinel-1 and Sentinel-2”. In: Remote
Sensing of Environment 292 (2023), p. 113574 (cit. on p. 64).

[160] Pasquale Scaramuzza and Julia Barsi. “Landsat 7 scan line corrector-off
gap-filled product development”. In: Proceeding of Pecora. Vol. 16. 3. 2005,
pp. 23–27 (cit. on p. 64).

[161] Hannes Feilhauer, Gregory P Asner, Roberta E Martin, and Sebastian Schmidtlein.
“Brightness-normalized partial least squares regression for hyperspectral
data”. In: Journal of Quantitative Spectroscopy and Radiative Transfer 111.12-
13 (2010), pp. 1947–1957 (cit. on p. 64).

[162] Xingwang Fan, Yuanbo Liu, Jinmei Tao, and Yongling Weng. “Soil salinity
retrieval from advanced multi-spectral sensor with partial least square re-
gression”. In: Remote Sensing 7.1 (2015), pp. 488–511 (cit. on p. 64).

[163] Katherine Meacham-Hensold, Christopher M Montes, Jin Wu, Kaiyu Guan,
Peng Fu, Elizabeth A Ainsworth, Taylor Pederson, Caitlin E Moore, Kenny
Lee Brown, Christine Raines, et al. “High-throughput field phenotyping us-
ing hyperspectral reflectance and partial least squares regression (PLSR) re-
veals genetic modifications to photosynthetic capacity”. In: Remote Sensing
of Environment 231 (2019), pp. 111–176 (cit. on p. 64).

[164] Raphael Fischer, Nico Piatkowski, Charlotte Pelletier, Geoffrey I Webb, François
Petitjean, and Katharina Morik. “No cloud on the horizon: probabilistic gap
filling in satellite image series”. In: International Conference on Data Sci-
ence and Advanced Analytics. IEEE. 2020, pp. 546–555 (cit. on p. 64).

[165] Xiaolin Zhu, Feng Gao, Desheng Liu, and Jin Chen. “A modified neighbor-
hood similar pixel interpolator approach for removing thick clouds in Land-
sat images”. In: IEEE Geoscience and Remote Sensing Letters 9.3 (2011), pp. 521–
525 (cit. on pp. 64, 79).

[166] Chao Zeng, Huanfeng Shen, and Liangpei Zhang. “Recovering missing pix-
els for Landsat ETM+ SLC-off imagery using multi-temporal regression anal-
ysis and a regularization method”. In: Remote Sensing of Environment 131
(2013), pp. 182–194 (cit. on p. 64).



202 BIBLIOGRAPHY

[167] Qing Cheng, Huanfeng Shen, Liangpei Zhang, Qiangqiang Yuan, and Chao
Zeng. “Cloud removal for remotely sensed images by similar pixel replace-
ment guided with a spatio-temporal MRF model”. In: ISPRS Journal of Pho-
togrammetry and Remote Sensing 92 (2014), pp. 54–68 (cit. on p. 64).

[168] Farid Melgani. “Contextual reconstruction of cloud-contaminated multi-
temporal multispectral images”. In: IEEE Transactions on Geoscience and
Remote Sensing 44.2 (2006), pp. 442–455 (cit. on p. 64).

[169] Bin Chen, Bo Huang, Lifan Chen, and Bing Xu. “Spatially and temporally
weighted regression: A novel method to produce continuous cloud-free Land-
sat imagery”. In: IEEE Transactions on Geoscience and Remote Sensing 55.1
(2016), pp. 27–37 (cit. on p. 64).

[170] Zhe Zhu, Curtis E Woodcock, Christopher Holden, and Zhiqiang Yang. “Gen-
erating synthetic Landsat images based on all available Landsat data: Pre-
dicting Landsat surface reflectance at any given time”. In: Remote Sensing
of Environment 162 (2015), pp. 67–83 (cit. on p. 64).

[171] Wen-Jie Zheng, Xi-Le Zhao, Yu-Bang Zheng, Jie Lin, Lina Zhuang, and Ting-
Zhu Huang. “Spatial-spectral-temporal connective tensor network decom-
position for thick cloud removal”. In: ISPRS Journal of Photogrammetry and
Remote Sensing 199 (2023), pp. 182–194 (cit. on p. 64).

[172] Qiang Zhang, Qiangqiang Yuan, Jie Li, Zhiwei Li, Huanfeng Shen, and Liang-
pei Zhang. “Thick cloud and cloud shadow removal in multitemporal im-
agery using progressively spatio-temporal patch group deep learning”. In:
ISPRS Journal of Photogrammetry and Remote Sensing 162 (2020), pp. 148–
160 (cit. on pp. 65, 178).

[173] Qiang Zhang, Qiangqiang Yuan, Zhiwei Li, Fujun Sun, and Liangpei Zhang.
“Combined deep prior with low-rank tensor SVD for thick cloud removal in
multitemporal images”. In: ISPRS Journal of Photogrammetry and Remote
Sensing 177 (2021), pp. 161–173 (cit. on p. 65).

[174] Xiaohu Zhao and Kebin Jia. “Cloud Removal in Remote Sensing Using Sequential-
Based Diffusion Models”. In: Remote Sensing 15.11 (2023), p. 2861 (cit. on
pp. 65, 178).

[175] Xuechao Zou, Kai Li, Junliang Xing, Yu Zhang, Shiying Wang, Lei Jin, and
Pin Tao. “DiffCR: A Fast Conditional Diffusion Framework for Cloud Re-
moval From Optical Satellite Images”. In: IEEE Transactions on Geoscience
and Remote Sensing 62 (2024), pp. 1–14 (cit. on p. 65).



BIBLIOGRAPHY 203

[176] Corinne Stucker, Vivien Sainte Fare Garnot, and Konrad Schindler. “U-TILISE:
A Sequence-to-sequence Model for Cloud Removal in Optical Satellite Time
Series”. In: IEEE Transactions on Geoscience and Remote Sensing 61 (2023)
(cit. on pp. 65, 77).

[177] Michael Schmitt, Lloyd Haydn Hughes, Chunping Qiu, and Xiao Xiang Zhu.
“SEN12MS–A Curated Dataset of Georeferenced Multi-Spectral Sentinel-
1/2 Imagery for Deep Learning and Data Fusion”. In: arXiv preprint arXiv:1906.07789
(2019) (cit. on p. 75).

[178] M. Buchhorn, B. Smets, L. Bertels, M. Lesiv, N.-E. Tsendbazar, D. Masiliu-
nas, L. Linlin, M. Herold, and S. Fritz. Copernicus Global Land Service: Land
Cover 100m: Collection 3: epoch 2019: Globe (Version V3.0.1). Zenono. DOI:
10.5281/zenodo.3939050. 2020 (cit. on p. 76).

[179] Patrick Ebel, Yajin Xu, Michael Schmitt, and Xiao Xiang Zhu. “SEN12MS-
CR-TS: A Remote Sensing Data Set for Multi-modal Multi-temporal Cloud
Removal”. In: IEEE Transactions on Geoscience and Remote Sensing (2022)
(cit. on pp. 76–77, 89).

[180] Vishnu Sarukkai, Anirudh Jain, Burak Uzkent, and Stefano Ermon. “Cloud
removal from satellite images using spatiotemporal generator networks”.
In: IEEE/CVF Winter Conference on Applications of Computer Vision. 2020,
pp. 1796–1805 (cit. on p. 77).

[181] Vivien Sainte Fare Garnot and Loic Landrieu. “Panoptic segmentation of
satellite image time series with convolutional temporal attention networks”.
In: IEEE/CVF International Conference on Computer Vision. 2021, pp. 4872–
4881 (cit. on p. 77).

[182] Google. Google Earth Engine. https://earthengine.google.com/. 2022
(cit. on p. 78).

[183] Jonas Mockus. Bayesian approach to global optimization: theory and appli-
cations. Vol. 37. Springer Science & Business Media, 2012 (cit. on p. 78).

[184] Mikolaj Czerkawski, Robert Atkinson, Craig Michie, and Christos Tachtatzis.
“SatelliteCloudGenerator: Controllable Cloud and Shadow Synthesis for Multi-
Spectral Optical Satellite Images”. In: Remote Sensing 15.17 (2023). ISSN:
2072-4292. DOI: 10.3390/rs15174138. URL: https://www.mdpi.com/
2072-4292/15/17/4138 (cit. on pp. 80, 90).

[185] Zhou Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli. “Image quality
assessment: from error visibility to structural similarity”. In: IEEE Transac-
tions on Image Processing 13.4 (1989), pp. 600–612 (cit. on p. 83).

https://earthengine.google.com/
https://doi.org/10.3390/rs15174138
https://www.mdpi.com/2072-4292/15/17/4138
https://www.mdpi.com/2072-4292/15/17/4138


204 BIBLIOGRAPHY

[186] Laurens Arp, Mitra Baratchi, and Holger H. Hoos. “VPint: value propagation-
based spatial interpolation”. In: Data Mining and Knowledge Discovery 36
(2022), pp. 1647–1678 (cit. on p. 93).

[187] Luke A Brown, Courtney Meier, Harry Morris, Julio Pastor-Guzman, Gabriele
Bai, Christophe Lerebourg, Nadine Gobron, Christian Lanconelli, Marco
Clerici, and Jadunandan Dash. “Evaluation of global leaf area index and
fraction of absorbed photosynthetically active radiation products over North
America using Copernicus Ground Based Observations for Validation data”.
In: Remote Sensing of Environment 247 (2020), p. 111935 (cit. on p. 98).

[188] National Ecological Observatory Network (NEON). NEON). URL: https :
//data.neonscience.org (cit. on p. 98).

[189] C Bacour, F Baret, D Béal, M Weiss, and K Pavageau. “Neural network es-
timation of LAI, fAPAR, fCover and LAI× Cab, from top of canopy MERIS
reflectance data: Principles and validation”. In: Remote Sensing of Environ-
ment 105.4 (2006), pp. 313–325 (cit. on p. 98).

[190] Stéphane Jacquemoud, Frédéric Baret, Bruno Andrieu, FM Danson, and K
Jaggard. “Extraction of vegetation biophysical parameters by inversion of
the PROSPECT+ SAIL models on sugar beet canopy reflectance data. Appli-
cation to TM and AVIRIS sensors”. In: Remote Sensing of Environment 52.3
(1995), pp. 163–172 (cit. on pp. 98–99, 156).

[191] Stéphane Jacquemoud, Wout Verhoef, Frédéric Baret, Cédric Bacour, Pablo
J Zarco-Tejada, Gregory P Asner, Christophe François, and Susan L Ustin.
“PROSPECT+ SAIL models: A review of use for vegetation characterization”.
In: Remote Sensing of Environment 113 (2009), S56–S66 (cit. on pp. 98, 183).

[192] Gabriele Bai, Jadunandan Dash, Luke Brown, Courtney Meier, C Lerebourg,
E Ronco, N Lamquin, V Bruniquel, M Clerici, and N Gobron. “GBOV (ground-
based observation for validation): a Copernicus service for validation of
vegetation land products”. In: IEEE International Geoscience and Remote
Sensing Symposium. IEEE. 2019, pp. 4592–4594 (cit. on p. 99).

[193] NASA. SMAPVEX08 In Situ Vegetation Data. 2008. DOI: 10.5067/US4X5QPYH6DB.
URL: https://cmr.earthdata.nasa.gov/search/concepts/C1000001420-
NSIDC_ECS.html (cit. on p. 99).

[194] Liangyun, Liu and Bowen, Song. ValLAI_Crop: Validation dataset for coarse-
resolution satellite LAI product over Chinese cropland. 2021. DOI: 10.5281/
zenodo.4080910. URL: https://data.niaid.nih.gov/resources?
id=zenodo_4080910 (cit. on p. 99).

https://data.neonscience.org
https://data.neonscience.org
https://doi.org/10.5067/US4X5QPYH6DB
https://cmr.earthdata.nasa.gov/search/concepts/C1000001420-NSIDC_ECS.html
https://cmr.earthdata.nasa.gov/search/concepts/C1000001420-NSIDC_ECS.html
https://doi.org/10.5281/zenodo.4080910
https://doi.org/10.5281/zenodo.4080910
https://data.niaid.nih.gov/resources?id=zenodo_4080910
https://data.niaid.nih.gov/resources?id=zenodo_4080910


BIBLIOGRAPHY 205

[195] Jingwen Wang, Raul Lopez-Lozano, Marie Weiss, Samuel Buis, Wenjuan Li,
Shouyang Liu, Frédéric Baret, and Jiahua Zhang. “Crop specific inversion of
PROSAIL to retrieve green area index (GAI) from several decametric satel-
lites using a Bayesian framework”. In: Remote Sensing of Environment 278
(2022), p. 113085 (cit. on pp. 99, 131).

[196] M. Meroni, R. Colombo, and C. Panigada. “Inversion of a radiative transfer
model with hyperspectral observations for LAI mapping in poplar planta-
tions”. In: Remote Sensing of Environment 92.2 (2004), pp. 195–206. ISSN:
0034-4257 (cit. on p. 99).

[197] Cédric Bacour, Stéphane Jacquemoud, Marc Leroy, Olivier Hautecœur, Marie
Weiss, Laurent Prévot, Nadine Bruguier, and Habiba Chauki. “Reliability of
the estimation of vegetation characteristics by inversion of three canopy
reflectance models on airborne POLDER data”. In: Agronomie 22.6 (2002),
pp. 555–565 (cit. on p. 99).

[198] Anting Guo, Wenjiang Huang, Binxiang Qian, Huichun Ye, Quanjun Jiao,
Xiangzhe Cheng, and Chao Ruan. “A hybrid model coupling PROSAIL and
continuous wavelet transform based on multi-angle hyperspectral data im-
proves maize chlorophyll retrieval”. In: International Journal of Applied Earth
Observation and Geoinformation 132 (2024), p. 104076 (cit. on p. 99).

[199] Frank Hutter, Holger Hoos, and Kevin Leyton-Brown. “An efficient approach
for assessing hyperparameter importance”. In: International Conference on
Machine Learning. PMLR. 2014, pp. 754–762 (cit. on pp. 102–103).

[200] Ilya M Sobol. “Global sensitivity indices for nonlinear mathematical mod-
els and their Monte Carlo estimates”. In: Mathematics and computers in
simulation 55.1-3 (2001), pp. 271–280 (cit. on pp. 102–103).

[201] Thomas Bäck. Evolutionary computation 1: Basic algorithms and operators.
CRC press, 2018 (cit. on p. 105).

[202] Amrita Chakraborty and Arpan Kumar Kar. “Swarm intelligence: A review
of algorithms”. In: Nature-inspired Computing and Optimization: Theory
and Applications (2017), pp. 475–494 (cit. on p. 105).

[203] Roshanak Darvishzadeh, Andrew Skidmore, Martin Schlerf, and Clement
Atzberger. “Inversion of a radiative transfer model for estimating vegeta-
tion LAI and chlorophyll in a heterogeneous grassland”. In: Remote Sensing
of Environment. Earth Observations for Terrestrial Biodiversity and Ecosys-
tems Special Issue 112.5 (May 2008), pp. 2592–2604. ISSN: 0034-4257. DOI:
10.1016/j.rse.2007.12.003. URL: https://www.sciencedirect.
com/science/article/pii/S0034425707004968 (cit. on p. 108).

https://doi.org/10.1016/j.rse.2007.12.003
https://www.sciencedirect.com/science/article/pii/S0034425707004968
https://www.sciencedirect.com/science/article/pii/S0034425707004968


206 BIBLIOGRAPHY

[204] Jochem Verrelst, Juan Pablo Rivera, Ganna Leonenko, Luis Alonso, and José
Moreno. “Optimizing LUT-Based RTM Inversion for Semiautomatic Map-
ping of Crop Biophysical Parameters from Sentinel-2 and -3 Data: Role of
Cost Functions”. In: IEEE Transactions on Geoscience and Remote Sensing
52.1 (Jan. 2014), pp. 257–269. ISSN: 1558-0644. DOI: 10.1109/TGRS.2013.
2238242 (cit. on p. 108).

[205] M Varah James. “On the numerical solution of ill-conditioned linear sys-
tems with applications to ill-posed problems”. In: SIAM Journal on Numer-
ical Analysis 10.2 (1973), pp. 257–267 (cit. on pp. 109, 126, 134).

[206] David A Belsley and RW Oldford. “The general problem of ill condition-
ing and its role in statistical analysis”. In: Computational Statistics & Data
Analysis 4.2 (1986), pp. 103–120 (cit. on pp. 109, 126, 134).

[207] Fei Xu and Ben Somers. “Unmixing-based Sentinel-2 downscaling for ur-
ban land cover mapping”. In: ISPRS Journal of Photogrammetry and Re-
mote Sensing 171 (2021), pp. 133–154 (cit. on p. 110).

[208] Katja Kowalski, Akpona Okujeni, and Patrick Hostert. “A generalized frame-
work for drought monitoring across central European grassland gradients
with Sentinel-2 time series”. In: Remote Sensing of Environment 286 (2023),
p. 113449 (cit. on p. 110).

[209] Ion Sola, Alberto García-Martín, Leire Sandonís-Pozo, Jesús Álvarez-Mozos,
Fernando Pérez-Cabello, María González-Audícana, and Raquel Montorio
Llovería. “Assessment of atmospheric correction methods for Sentinel-2
images in Mediterranean landscapes”. In: International journal of applied
earth observation and geoinformation 73 (2018), pp. 63–76 (cit. on pp. 115–
116).

[210] Jochem Verrelst, Jorge Vicent, Juan Pablo Rivera-Caicedo, Maria Lumbier-
res, Pablo Morcillo-Pallarés, and José Moreno. “Global sensitivity analysis
of leaf-canopy-atmosphere RTMs: Implications for biophysical variables
retrieval from top-of-atmosphere radiance data”. In: Remote sensing 11.16
(2019), p. 1923 (cit. on p. 115).

[211] Pascal Vincent, Hugo Larochelle, Yoshua Bengio, and Pierre-Antoine Man-
zagol. “Extracting and composing robust features with denoising autoen-
coders”. In: Proceedings of the 25th International Conference on Machine
Learning. 2008, pp. 1096–1103 (cit. on pp. 122, 179).

[212] Grzegorz Łukaszewicz and Piotr Kalita. “Navier–Stokes equations”. In: Ad-
vances in Mechanics and Mathematics 34 (2016) (cit. on p. 126).

https://doi.org/10.1109/TGRS.2013.2238242
https://doi.org/10.1109/TGRS.2013.2238242


BIBLIOGRAPHY 207

[213] Charles R Doering and John D Gibbon. Applied analysis of the Navier-Stokes
equations. 12. Cambridge University Press, 1995 (cit. on p. 126).

[214] Magdalena Main-Knorn, Bringfried Pflug, Jerome Louis, Vincent Debaecker,
Uwe Müller-Wilm, and Ferran Gascon. “Sen2Cor for Sentinel-2”. In: Image
and Signal Processing for Remote Sensing. Vol. 23. SPIE. 2017, pp. 37–48 (cit.
on p. 126).

[215] Vitor Souza Martins, Claudio Clemente Faria Barbosa, Lino Augusto Sander
De Carvalho, Daniel Schaffer Ferreira Jorge, Felipe de Lucia Lobo, and Ev-
lyn Márcia Leão de Moraes Novo. “Assessment of atmospheric correction
methods for Sentinel-2 MSI images applied to Amazon floodplain lakes”.
In: Remote Sensing 9.4 (2017), p. 322 (cit. on p. 126).

[216] Kyle Cranmer, Johann Brehmer, and Gilles Louppe. “The frontier of simulation-
based inference”. In: Proceedings of the National Academy of Sciences 117.48
(2020), pp. 30055–30062 (cit. on pp. 126–127, 129, 136).

[217] Lorenzo Pacchiardi and Ritabrata Dutta. “Score matched neural exponen-
tial families for likelihood-free inference”. In: Journal of Machine Learning
Research 23.38 (2022), pp. 1–71 (cit. on pp. 126, 129).

[218] Michael U Gutmann, Jukka Cor, et al. “Bayesian optimization for likelihood-
free inference of simulator-based statistical models”. In: Journal of Machine
Learning Research 17.125 (2016), pp. 1–47 (cit. on pp. 126, 129).

[219] Jan-Matthis Lueckmann, Jan Boelts, David Greenberg, Pedro Goncalves,
and Jakob Macke. “Benchmarking simulation-based inference”. In: Inter-
national Conference on Artificial Intelligence and Statistics. PMLR. 2021,
pp. 343–351 (cit. on pp. 126, 157).

[220] Yuji Kim and Nori Nakata. “Geophysical inversion versus machine learning
in inverse problems”. In: The Leading Edge 37.12 (2018), pp. 894–901 (cit.
on p. 126).

[221] Gregory Ongie, Ajil Jalal, Christopher A Metzler, Richard G Baraniuk, Alexan-
dros G Dimakis, and Rebecca Willett. “Deep learning techniques for inverse
problems in imaging”. In: IEEE Journal on Selected Areas in Information
Theory 1.1 (2020), pp. 39–56 (cit. on p. 126).

[222] Anil Aswani, Zuo-Jun Shen, and Auyon Siddiq. “Inverse optimization with
noisy data”. In: Operations Research 66.3 (2018), pp. 870–892 (cit. on p. 126).

[223] Pingheng Li and Quan Wang. “Retrieval of leaf biochemical parameters us-
ing PROSPECT inversion: A new approach for alleviating ill-posed prob-
lems”. In: IEEE Transactions on Geoscience and Remote Sensing 49.7 (2011),
pp. 2499–2506 (cit. on p. 126).



208 BIBLIOGRAPHY

[224] Joel L Horowitz. “Ill-posed inverse problems in economics”. In: Annual Re-
view of Economics 6.1 (2014), pp. 21–51 (cit. on p. 126).

[225] David A Cicci. “Improving gravity field determination in ill-conditioned in-
verse problems”. In: Computers & Geosciences 18.5 (1992), pp. 509–516 (cit.
on p. 126).

[226] Jayanta Mandi, Peter J Stuckey, Tias Guns, et al. “Smart predict-and-optimize
for hard combinatorial optimization problems”. In: Proceedings of the AAAI
conference on artificial intelligence. Vol. 34. 02. 2020, pp. 1603–1610 (cit. on
pp. 126, 129, 133).

[227] Carla E Brodley and Mark A Friedl. “Identifying mislabeled training data”.
In: Journal of Artificial Intelligence Research 11 (1999), pp. 131–167 (cit. on
p. 128).

[228] Nagarajan Natarajan, Inderjit S Dhillon, Pradeep K Ravikumar, and Ambuj
Tewari. “Learning with noisy labels”. In: Advances in neural information
processing systems 26 (2013) (cit. on p. 128).

[229] Hwanjun Song, Minseok Kim, Dongmin Park, Yooju Shin, and Jae-Gil Lee.
“Learning from noisy labels with deep neural networks: A survey”. In: IEEE
transactions on neural networks and learning systems 34.11 (2022), pp. 8135–
8153 (cit. on p. 128).

[230] Curtis Northcutt, Lu Jiang, and Isaac Chuang. “Confident learning: Esti-
mating uncertainty in dataset labels”. In: Journal of Artificial Intelligence
Research 70 (2021), pp. 1373–1411 (cit. on p. 128).

[231] Alexandra N Uma, Tommaso Fornaciari, Dirk Hovy, Silviu Paun, Barbara
Plank, and Massimo Poesio. “Learning from disagreement: A survey”. In:
Journal of Artificial Intelligence Research 72 (2021), pp. 1385–1470 (cit. on
p. 128).

[232] Alexander Philip Dawid and Allan M Skene. “Maximum likelihood estima-
tion of observer error-rates using the EM algorithm”. In: Journal of the Royal
Statistical Society: Series C (Applied Statistics) 28.1 (1979), pp. 20–28 (cit. on
p. 128).

[233] Silviu Paun, Bob Carpenter, Jon Chamberlain, Dirk Hovy, Udo Kruschwitz,
and Massimo Poesio. “Comparing Bayesian models of annotation”. In: Trans-
actions of the Association for Computational Linguistics 6 (2018), pp. 571–
585 (cit. on p. 128).

[234] Lora Aroyo and Chris Welty. “Truth is a lie: Crowd truth and the seven myths
of human annotation”. In: AI Magazine 36.1 (2015), pp. 15–24 (cit. on p. 128).



BIBLIOGRAPHY 209

[235] Mélanie Bernhardt, Daniel C Castro, Ryutaro Tanno, Anton Schwaighofer,
Kerem C Tezcan, Miguel Monteiro, Shruthi Bannur, Matthew P Lungren,
Aditya Nori, Ben Glocker, et al. “Active label cleaning for improved dataset
quality under resource constraints”. In: Nature communications 13.1 (2022),
p. 1161 (cit. on p. 128).

[236] Lu Jiang, Di Huang, Mason Liu, and Weilong Yang. “Beyond synthetic noise:
Deep learning on controlled noisy labels”. In: International conference on
machine learning. PMLR. 2020, pp. 4804–4815 (cit. on p. 128).

[237] Yingsong Huang, Bing Bai, Shengwei Zhao, Kun Bai, and Fei Wang. “Uncertainty-
aware learning against label noise on imbalanced datasets”. In: Proceedings
of the AAAI conference on artificial intelligence. Vol. 36. 6. 2022, pp. 6960–
6969 (cit. on p. 128).

[238] Jang-Hyun Kim, Sangdoo Yun, and Hyun Oh Song. “Neural relation graph:
A unified framework for identifying label noise and outlier data”. In: Ad-
vances in Neural Information Processing Systems 36 (2023), pp. 43754–43779
(cit. on p. 128).

[239] Kush Bhatia, Prateek Jain, Parameswaran Kamalaruban, and Purushottam
Kar. “Consistent robust regression”. In: Advances in Neural Information Pro-
cessing Systems 30 (2017) (cit. on p. 129).

[240] Dong Huang, Ricardo Cabral, and Fernando De la Torre. “Robust regres-
sion”. In: IEEE transactions on pattern analysis and machine intelligence
38.2 (2015), pp. 363–375 (cit. on p. 129).

[241] Ruidi Chen and Ioannis Ch Paschalidis. “A robust learning approach for re-
gression models based on distributionally robust optimization”. In: Journal
of Machine Learning Research 19.13 (2018), pp. 1–48 (cit. on p. 129).

[242] Toon Vanderschueren, Tim Verdonck, Bart Baesens, and Wouter Verbeke.
“Predict-then-optimize or predict-and-optimize? An empirical evaluation
of cost-sensitive learning strategies”. In: Information sciences 594 (2022),
pp. 400–415 (cit. on p. 129).

[243] Georgiana Ifrim, Barry O’Sullivan, and Helmut Simonis. “Properties of energy-
price forecasts for scheduling”. In: International Conference on Principles
and Practice of Constraint Programming. Springer. 2012, pp. 957–972 (cit.
on p. 129).

[244] Adam N Elmachtoub and Paul Grigas. “Smart “predict, then optimize””. In:
Management Science 68.1 (2022), pp. 9–26 (cit. on p. 129).



210 BIBLIOGRAPHY

[245] Jarno Lintusaari, Henri Vuollekoski, Antti Kangasrääsiö, Kusti Skytén, Marko
Järvenpää, Pekka Marttinen, Michael U Gutmann, Aki Vehtari, Jukka Coran-
der, and Samuel Kaski. “Elfi: Engine for likelihood-free inference”. In: Jour-
nal of Machine Learning Research 19.16 (2018), pp. 1–7 (cit. on p. 129).

[246] Duncan Watson-Parris, Andrew Williams, Lucia Deaconu, and Philip Stier.
“Model calibration using ESEm v1. 1.0–an open, scalable Earth system em-
ulator”. In: Geoscientific Model Development 14.12 (2021), pp. 7659–7672
(cit. on p. 129).

[247] Maximilian Dax, Stephen R Green, Jonathan Gair, Jakob H Macke, Alessan-
dra Buonanno, and Bernhard Schölkopf. “Real-time gravitational wave sci-
ence with neural posterior estimation”. In: Physical Review Letters 127.24
(2021), p. 241103 (cit. on p. 129).

[248] David B Bernstein, Snorre Sulheim, Eivind Almaas, and Daniel Segrè. “Ad-
dressing uncertainty in genome-scale metabolic model reconstruction and
analysis”. In: Genome Biology 22 (2021), pp. 1–22 (cit. on p. 129).

[249] Scott A Sisson, Yanan Fan, and Mark Beaumont. Handbook of approximate
Bayesian computation. CRC press, 2018 (cit. on pp. 129, 136).

[250] Paul Marjoram, John Molitor, Vincent Plagnol, and Simon Tavaré. “Markov
chain Monte Carlo without likelihoods”. In: Proceedings of the National Academy
of Sciences 100.26 (2003), pp. 15324–15328 (cit. on p. 130).

[251] Scott A Sisson, Yanan Fan, and Mark M Tanaka. “Sequential Monte Carlo
without likelihoods”. In: Proceedings of the National Academy of Sciences
104.6 (2007), pp. 1760–1765 (cit. on pp. 130, 157).

[252] Manuel Glöckler, Michael Deistler, and Jakob H Macke. “Variational meth-
ods for simulation-based inference”. In: International Conference on Learn-
ing Representations. 2022 (cit. on p. 130).

[253] David M Blei, Alp Kucukelbir, and Jon D McAuliffe. “Variational inference:
A review for statisticians”. In: Journal of the American statistical Association
112.518 (2017), pp. 859–877 (cit. on p. 130).

[254] Ankush Ganguly, Sanjana Jain, and Ukrit Watchareeruetai. “Amortized vari-
ational inference: A systematic review”. In: Journal of Artificial Intelligence
Research 78 (2023), pp. 167–215 (cit. on p. 130).



BIBLIOGRAPHY 211

[255] Laura von Rueden, Sebastian Mayer, Rafet Sifa, Christian Bauckhage, and
Jochen Garcke. “Combining machine learning and simulation to a hybrid
modelling approach: Current and future directions”. In: Advances in Intelli-
gent Data Analysis XVIII: 18th International Symposium on Intelligent Data
Analysis, IDA 2020, Konstanz, Germany, April 27–29, 2020, Proceedings 18.
Springer. 2020, pp. 548–560 (cit. on p. 130).

[256] Andrew Zammit-Mangion, Matthew Sainsbury-Dale, and Raphaël Huser.
“Neural methods for amortized inference”. In: Annual Review of Statistics
and Its Application 12 (2024) (cit. on p. 130).

[257] Tom Rainforth, Adam Golinski, Frank Wood, and Sheheryar Zaidi. “Target–
aware Bayesian inference: how to beat optimal conventional estimators”.
In: Journal of Machine Learning Research 21.88 (2020), pp. 1–54 (cit. on
p. 130).

[258] Manuel Gloeckler, Michael Deistler, and Jakob H Macke. “Adversarial ro-
bustness of amortized Bayesian inference”. In: International Conference on
Machine Learning. PMLR. 2023, pp. 11493–11524 (cit. on p. 130).

[259] Manuel Gloeckler, Michael Deistler, Christian Weilbach, Frank Wood, and
Jakob H Macke. “All-in-one simulation-based inference”. In: Proceedings
of the 41st International Conference on Machine Learning (2024) (cit. on
p. 130).

[260] Jonas Wildberger, Maximilian Dax, Simon Buchholz, Stephen Green, Jakob
H Macke, and Bernhard Schölkopf. “Flow matching for scalable simulation-
based inference”. In: Advances in Neural Information Processing Systems 36
(2024) (cit. on p. 130).

[261] Joeri Hermans, Arnaud Delaunoy, François Rozet, Antoine Wehenkel, and
Gilles Louppe. “A crisis in simulation-based inference? Beware, your poste-
rior approximations can be unfaithful”. In: Transactions on Machine Learn-
ing Research (2022) (cit. on p. 130).

[262] Rahul Rahaman et al. “Uncertainty quantification and deep ensembles”.
In: Advances in Neural Information Processing Systems 34 (2021), pp. 20063–
20075 (cit. on pp. 131, 160).

[263] Florian Wenzel, Jasper Snoek, Dustin Tran, and Rodolphe Jenatton. “Hy-
perparameter ensembles for robustness and uncertainty quantification”.
In: Advances in Neural Information Processing Systems 33 (2020), pp. 6514–
6527 (cit. on pp. 131, 160).



212 BIBLIOGRAPHY

[264] J Padarian, B Minasny, and Alex B McBratney. “Assessing the uncertainty
of deep learning soil spectral models using Monte Carlo dropout”. In: Geo-
derma 425 (2022), p. 116063 (cit. on p. 131).

[265] Daily Milanés-Hermosilla, Rafael Trujillo Codorniú, René López-Baracaldo,
Roberto Sagaró-Zamora, Denis Delisle-Rodriguez, John Jairo Villarejo-Mayor,
and José Ricardo Núñez-Álvarez. “Monte Carlo dropout for uncertainty es-
timation and motor imagery classification”. In: Sensors 21.21 (2021), p. 7241
(cit. on p. 131).

[266] Yongchan Kwon, Joong-Ho Won, Beom Joon Kim, and Myunghee Cho Paik.
“Uncertainty quantification using Bayesian neural networks in classifica-
tion: Application to biomedical image segmentation”. In: Computational
Statistics & Data Analysis 142 (2020), p. 106816 (cit. on p. 131).

[267] Audrey Olivier, Michael D Shields, and Lori Graham-Brady. “Bayesian neu-
ral networks for uncertainty quantification in data-driven materials mod-
eling”. In: Computer Methods in Applied Mechanics and Engineering 386
(2021), p. 114079 (cit. on p. 131).

[268] Moloud Abdar, Farhad Pourpanah, Sadiq Hussain, Dana Rezazadegan, Li
Liu, Mohammad Ghavamzadeh, Paul Fieguth, Xiaochun Cao, Abbas Khos-
ravi, U Rajendra Acharya, et al. “A review of uncertainty quantification in
deep learning: Techniques, applications and challenges”. In: Information
Fusion 76 (2021), pp. 243–297 (cit. on p. 131).

[269] Jakob Gawlikowski, Cedrique Rovile Njieutcheu Tassi, Mohsin Ali, Jongseok
Lee, Matthias Humt, Jianxiang Feng, Anna Kruspe, Rudolph Triebel, Peter
Jung, Ribana Roscher, et al. “A survey of uncertainty in deep neural net-
works”. In: Artificial Intelligence Review 56.Suppl 1 (2023), pp. 1513–1589
(cit. on p. 131).

[270] Apostolos F Psaros, Xuhui Meng, Zongren Zou, Ling Guo, and George Em
Karniadakis. “Uncertainty quantification in scientific machine learning: Meth-
ods, metrics, and comparisons”. In: Journal of Computational Physics 477
(2023), p. 111902 (cit. on p. 131).

[271] Yinhao Zhu, Nicholas Zabaras, Phaedon-Stelios Koutsourelakis, and Paris
Perdikaris. “Physics-constrained deep learning for high-dimensional sur-
rogate modeling and uncertainty quantification without labeled data”. In:
Journal of Computational Physics 394 (2019), pp. 56–81 (cit. on p. 131).

[272] Andrea Beck, Jakob Dürrwächter, Thomas Kuhn, Fabian Meyer, Claus-Dieter
Munz, and Christian Rohde. “hp-Multilevel Monte Carlo Methods for Un-
certainty Quantification of Compressible Navier–Stokes Equations”. In: SIAM
Journal on Scientific Computing 42.4 (2020), B1067–B1091 (cit. on p. 131).



BIBLIOGRAPHY 213

[273] Laura Martínez-Ferrer, Álvaro Moreno-Martínez, Manuel Campos-Taberner,
Francisco Javier García-Haro, Jordi Muñoz-Marí, Steven W Running, John
Kimball, Nicholas Clinton, and Gustau Camps-Valls. “Quantifying uncer-
tainty in high resolution biophysical variable retrieval with machine learn-
ing”. In: Remote Sensing of Environment 280 (2022), p. 113199 (cit. on p. 131).

[274] Matthias König, Annelot W Bosman, Holger H Hoos, and Jan N van Rijn.
“Critically Assessing the State of the Art in Neural Network Verification”. In:
Journal of Machine Learning Research 25.12 (2024), pp. 1–53 (cit. on p. 136).

[275] Ian J Goodfellow, Jonathon Shlens, and Christian Szegedy. “Explaining and
harnessing adversarial examples”. In: arXiv preprint arXiv:1412.6572 (2014)
(cit. on p. 136).

[276] Linyi Li, Tao Xie, and Bo Li. “Sok: Certified robustness for deep neural net-
works”. In: 2023 IEEE Symposium on Security and Privacy. IEEE. 2023, pp. 1289–
1310 (cit. on p. 136).

[277] Jing Zhao, JJing Li, Qinhuo Liu, and Le Yang. “A preliminary study on mech-
anism of LAI inversion saturation”. In: The International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences 39 (2012),
pp. 77–81 (cit. on p. 140).

[278] Nikolaus Hansen and Andreas Ostermeier. “Adapting arbitrary normal mu-
tation distributions in evolution strategies: The covariance matrix adapta-
tion”. In: Proceedings of IEEE international conference on evolutionary com-
putation. IEEE. 1996, pp. 312–317 (cit. on p. 144).

[279] Jacob de Nobel, Diederick Vermetten, Hao Wang, Carola Doerr, and Thomas
Bäck. “Tuning as a means of assessing the benefits of new ideas in interplay
with existing algorithmic modules”. In: Proceedings of the Genetic and Evo-
lutionary Computation Conference Companion. 2021, pp. 1375–1384 (cit.
on p. 144).

[280] Justin K Pugh, Lisa B Soros, and Kenneth O Stanley. “Quality diversity: A
new frontier for evolutionary computation”. In: Frontiers in Robotics and
AI (2016), p. 40 (cit. on p. 147).

[281] Johannes Jahn. Scalarization in multi objective optimization. Springer, 1985
(cit. on p. 150).

[282] Ruihao Zheng and Zhenkun Wang. “A generalized scalarization method
for evolutionary multi-objective optimization”. In: Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 37. 10. 2023, pp. 12518–12525 (cit.
on p. 150).



214 BIBLIOGRAPHY

[283] Der-Tsai Lee and Bruce J Schachter. “Two algorithms for constructing a De-
launay triangulation”. In: International Journal of Computer & Information
Sciences 9.3 (1980), pp. 219–242 (cit. on p. 150).

[284] David Ackley. A connectionist machine for genetic hillclimbing. Vol. 28. Springer
Science & Business Media, 2012 (cit. on p. 153).

[285] Frank Hoffmeister and Thomas Bäck. “Genetic algorithms and evolution
strategies: Similarities and differences”. In: International Conference on Par-
allel Problem Solving from Nature. Springer. 1990, pp. 455–469 (cit. on p. 153).

[286] Marius Lindauer, Katharina Eggensperger, Matthias Feurer, André Biedenkapp,
Difan Deng, Carolin Benjamins, Tim Ruhkopf, René Sass, and Frank Hut-
ter. “SMAC3: A Versatile Bayesian Optimization Package for Hyperparam-
eter Optimization”. In: Journal of Machine Learning Research 23.54 (2022),
pp. 1–9 (cit. on p. 155).

[287] Patrick Raanes, Yumeng Chen, Colin Grudzien, Maxime Tondeur, and Remy
Dubois. DAPPER. 2023. URL: https://nansencenter.github.io/DAPPER/
(cit. on p. 157).

[288] William Ditto and Toshinori Munakata. “Principles and applications of chaotic
systems”. In: Communications of the ACM 38.11 (1995), pp. 96–102 (cit. on
p. 157).

[289] Sungyoon Lee, Hoki Kim, and Jaewook Lee. “Graddiv: Adversarial robust-
ness of randomized neural networks via gradient diversity regularization”.
In: IEEE Transactions on Pattern Analysis and Machine Intelligence (2022)
(cit. on p. 160).

[290] Yannik Schälte, Emmanuel Klinger, Emad Alamoudi, and Jan Hasenauer.
“pyABC: Efficient and robust easy-to-use approximate Bayesian computa-
tion”. In: Journal of Open Source Software 7.74 (2022), p. 4304. DOI: 10 .
21105/joss.04304. URL: https://doi.org/10.21105/joss.04304
(cit. on p. 160).

[291] Noah Hollmann, Samuel Müller, Katharina Eggensperger, and Frank Hut-
ter. “TabPFN: A transformer that solves small tabular classification prob-
lems in a second”. In: International Conference on Learning Representa-
tions. 2023 (cit. on p. 161).

[292] Noah Hollmann, Samuel Müller, Lennart Purucker, Arjun Krishnakumar,
Max Körfer, Shi Bin Hoo, Robin Tibor Schirrmeister, and Frank Hutter. “Ac-
curate predictions on small data with a tabular foundation model”. In: Na-
ture (2025) (cit. on p. 161).

https://nansencenter.github.io/DAPPER/
https://doi.org/10.21105/joss.04304
https://doi.org/10.21105/joss.04304
https://doi.org/10.21105/joss.04304


BIBLIOGRAPHY 215

[293] Nguyen Dang, Özgür Akgün, Joan Espasa, Ian Miguel, and Peter Nightin-
gale. “A Framework for Generating Informative Benchmark Instances”. In:
28th International Conference on Principles and Practice of Constraint Pro-
gramming. 2022, p. 1 (cit. on p. 176).

[294] Will Steffen, Katherine Richardson, Johan Rockström, Hans Joachim Schellnhu-
ber, Opha Pauline Dube, Sébastien Dutreuil, Timothy M Lenton, and Jane
Lubchenco. “The emergence and evolution of Earth System Science”. In:
Nature Reviews Earth & Environment 1.1 (2020), pp. 54–63 (cit. on p. 176).
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A
SUPPLEMENTARY INFORMATION

A.1. PROSAIL INVERSION IMPLEMENTATION DETAILS

A.1.1. LOSS FUNCTIONS
When performing analyses on a loss landscape, the selection of an appropriate loss
function (similarity metric d) can be of great importance. In the case of multispec-
tral data, the simplest approach would be to consider all bands independently, and
apply the mean absolute error (MAE) (or L1 loss) function to compare the simu-
lated spectrum x̂ and the observed spectrum x as:

M AE(x̂,x) = 1

B
·

B∑
b=0

|x̂b −xb | (A.1)

Here B is the number of bands in the spectrum. However, the values of spectral
bands can greatly differ in magnitude, causing the MAE to be biased towards the
bands with the greatest expected reflectance values (such as infrared). A relatively
simple way to alleviate this problem is to use the proportional mean absolute error
(PMAE), which is equivalent to the mean absolute percentage error (MAPE) used
in other work [50], but does not convert the representation to percentages:

P M AE(x̂,x) =
B∑

b=0

|x̂b −xb |
sb

(A.2)

MAE and PMAE are intuitive loss functions for the reconstruction of spectral
data. However, in some applications, the brightness or albedo of a spectrum over-
all is less important than the ratio of band values compared to other band values,
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forming the hue of the spectrum. The spectral angle mapper (SAM) loss function
[302] can be used to try to capture this aspect of a reconstruction, and can be com-
puted as:

S AM(x̂,x) = arccos
x̂ ·x

(x̂ · x̂)∗ (x ·x)
· 180

π
(A.3)

A.1.2. OPTIMISATION PROCEDURE
We treat the numerical optimisation procedure as a black-box optimisation prob-
lem. Within black-box optimisation algorithms, the tradeoff between exploration
(identifying promising new parts of the search space) and exploitation (improv-
ing already known promising solutions until convergence) is often a central con-
cept. In unimodal landscapes, only a single optimum exists, allowing greedy algo-
rithms such as hill climbing or greedy local search (for an overview of stochastic
local search methods, see [64]) to quickly converge to a local optimum, commit-
ting fully to exploitation. If the landscape is multimodal, there are multiple differ-
ent local optima, causing greedy algorithms to get stuck in local optima. In this
case, algorithms that add more exploration to their optimisation heuristics would
be necessary.

Our experiments used greedy local search as an optimisation algorithm. For
every instance, we initialised the current solution c to the mean of the prior distri-
butions of the free parameters. At every optimisation step, we generated a candi-
date new solution θ′ by perturbing the elements of θ: θ′

p = cp +N (0,σp ), where p

is a parameter in θ and σp = 0.05 · max(p)−mi n(p)
2 . Here σp represents the intensity

of the perturbation for a parameter p; we set it to 5% of the middle-way point of
the parameter range (e.g., if a parameter ranges from 0 to 10, its perturbation in-
tensity would be 0.05 · 10−0

2 = 0.25), though other mutation strategies could also be
considered. If L(M(θ′),x) < L(M(θ),x), θ′ becomes the new θ. This procedure is
iterated until the function evaluation budget has been exhausted.

Using greedy local search resulted in two main advantages. First, convergence
will be fast, reducing the computational load of our experiments. Second, using
a greedy algorithm allows us to test for multimodality (since the algorithm could
converge to different optima when repeating an optimisation procedure), which is
important to Section 5.4.1.

We note that, if the results for our experiments described in Section 5.4.1 indi-
cate that PROSAIL inversion is a multimodal problem, a global optimisation method
would need to be used to enable reliable convergence to a global optimum.
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A.2. PROSAIL INVERSION: REAL-WORLD SENTINEL-2 DATA
Although our main experiments in Chapter 5 focussed on simulated data, since
this allowed us access to both noise-free and noisy data, it is possible that there
are other factors, beyond the Gaussian noise and spectral mixing we considered in
Section 5.4.2, that result in ill-posedness for parameter retrieval using real-world
data. To ensure that the patterns we found (well-posedness of PROSAIL inversion)
hold for real-world data as well, we performed additional analyses on real-world
data, as shown in Figure 5.6.

The Sentinel-2 dataset in question that we used was the SEN2-MSI-T cloud re-
moval dataset from Chapter 4. While any Sentinel-2 Level-2A-based dataset would
work, this dataset offered a convenient mix of scale and diversity. The dataset con-
sists of 5 land cover classes, each split into a geographically diverse set of 4 scenes,
resulting in 20 total locations. Every scene contained a cloud-free observation at
5 time steps within a period of 6 months, resulting in a total of 100 geospatially-
and temporally diverse images. From each image, we took the centre pixel as the
representative spectrum for the image (using multiple pixels from the same image
could have biased the evaluation to the specific images of the dataset). Therefore,
this dataset enabled us to evaluate on a curated, diverse set of 100 real-world in-
stances and check if the PROSAIL inversion loss landscapes were still well-posed.
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B.1. PROSAIL INVERSION

B.1.1. OPTIMISATION CONVERGENCE

0 2000 4000 6000 8000 10000
Iteration

10 4

10 3

10 2

10 1

100

Sp
ec

tra
l l

os
s (

lo
g 

sc
al

e)

Convergence to optimum: spectrum

(a) Spectral loss function

0 2000 4000 6000 8000 10000
Iteration

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

Ab
so

lu
te

 e
rro

r

Convergence to optimum: LAI

(b) LAI retrieval loss

0 2000 4000 6000 8000 10000
Iteration

0

10

20

30

40

50

60

Ab
so

lu
te

 e
rro

r

Convergence to optimum: Cab

(c) Cab retrieval loss

Figure B.1: Visualisation of convergence to a stable solution based on the spectral loss function (B.1a),
the retrieval loss for LAI (B.1b), and the retrieval loss for Cab (B.1c). In these plots, every gray line

represents a randomly sampled instance from D , and the red line represents the mean of these runs.
Out of the free parameters in our experiments, LAI took longer than other parameters to converge, but

still did so within the budget limit. On average (the red lines), the parameters converged to stable
values within 1000 iterations, with later iterations only slightly improving the spectral loss further.

We performed this additional experiment to verify that the function evaluation
budget used in our experiments is sufficient to converge to a stable optimum, both
in terms of the spectral loss value and the parameters of the configuration θ. We
performed our optimisation approach on 100 random instances, and plotted the
loss values for the spectrum (which the optimisation algorithm uses to perform
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Figure B.2: Relative importance of different parameters for different wavelengths. Every point on a line
represents the average importance of the parameter of that line in determining the MAE for a

particular spectral band’s wavelength.

optimisation) and for the retrieved parameters in the configuration (which the al-
gorithm does not have access to, and is plotted for evaluation purposes). A very low
rate of improvement for later iterations would indicate that the budget is sufficient
to converge to a stable optimum.

The results of this experiment can be found in Figure B.1. As the figure shows,
the function evaluation budget allotted to the optimisation algorithm is sufficient
to converge to stable values on average, and a convergence of the spectral loss
(Figure B.1a) corresponds to a convergence of the retrieval losses of individual pa-
rameters (Figures B.1b and B.1c). As a result, our experimental setup appears to be
well suited to answer our research questions.

B.1.2. PARAMETER IMPORTANCE PER BAND

In addition to our main parameter importance experiment, we computed the im-
portance of 6 of the globally most important parameters at every Sentinel-2 band,
and plotted this is Figure B.2. As can be seen in the figure, the relative importance
of the parameters can vary greatly between spectral bands. Therefore, parame-
ters with a relatively low global importance may still be relatively easily retrievable,
due to the sensitivity of the loss landscape to these parameters in local, specialised
parts of the parameter space. All parameters from our selection have a part of the
spectrum where they have the highest impact (LAI for ultraviolet and blue, chloro-
phyll for green, red and near-infrared, leaf angle for short-wave infrared, and leaf
water content for infrared).
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B.1.3. PROSAIL INVERSION SAM RESULTS

These supplementary figures contain the results for our experiments for the SAM
loss function, corresponding to the same analyses we provide in Section 5.5 for the
PMAE loss function. We have moved these figures to the supplementary material
because their patterns largely conformed to those for PMAE. Figure B.3 contains
results for Experiment 2, Figure B.4 contains results for Experiment 3, Table B.1
contains results for Experiment 4, and Table B.2 contains results for Experiment 5.
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Figure B.3: The continuity of the output for PROSAIL inversion (predicted configuration θ̂) with
respect to perturbations to the input (spectrum), aggregated over all 1000 instances and normalised to
a 0-1 range based on the bounds of the parameter range. Unlike in the PMAE results, the best solution
for no perturbation (0 on the x-axis) did not have a near-zero error rate for LAI and ALA; this suggests

that SAM may not be an appropriate choice as an optimisation loss function.
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Figure B.4: The impact of spectral noise on retrieval performance, aggregating the ‘shifted optimum’
phenomenon over all 1000 instances, showing that it is a consistent pattern, and the intensity of the

shifts increases as the noise level increases.
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Normalised MAE target
Parameter α1θ

+
1 +α2θ

+
2 +α3θ

+
3 θ+

1 θ+
2 θ+

3
LAI 0.136±0.167 0.199±0.182 0.203±0.187 0.206±0.19
Cab 0.057±0.058 0.128±0.113 0.121±0.109 0.123±0.11
ALA 0.24±0.172 0.296±0.233 0.299±0.241 0.307±0.233
Cw 0.043±0.053 0.082±0.069 0.084±0.072 0.087±0.073

Table B.1: Results for E4 on the impact of spectral mixing. Every cell represents the (normalised) MAE
between the optima found for the mixed spectrum x′ and the quantities listed in the columns. The

first column represents the weighted mean of the true configurations of the constituent spectra x1, x2
and x3, while the other columns represent the MAE compared to these individual constituent

configurations. This suggests that the solution for mixed spectra matches the weighted mean of the
constituent configurations more closely than the configuration of any individual constituent

spectrum.

Range interval
LAI prior range interval size

0% 10% 30% 50% 100%
LAI (uniform) [1]0.0±0.0 [2]0.473±0.289 [3]1.413±0.863 [4]2.214±1.37 [5]2.978±2.124
LAI [1]0.0±0.0 [2]0.755±0.33 [3]1.606±1.054 [4]1.995±1.572 [5]2.151±1.851
Cab [2]10.86±15.61 [1]10.35±15.497 [3]11.455±15.626 [4]12.084±15.965 [5]12.23±16.092
ALA [1]24.908±22.832 [2]30.773±22.476 [3]34.7±23.514 [4]35.712±24.424 [4]35.725±24.357
Cw [1]0.004±0.007 [1]0.005±0.007 [3]0.005±0.008 [4]0.005±0.008 [5]0.005±0.008

Table B.2: Mean absolute error rates for parameter retrieval performance for the four different
parameters (rows), with columns representing the interval size of a range constraint prior on LAI (with
100% covering the full original parameter range). The ‘LAI (uniform)’ row represents the performance

of estimating LAI through uniform random sampling, while in other columns, performance is
acquired through optimisation. In each row, the prior range size in a column marked with a lower

number (e.g., [1]) retrieves a parameter significantly better (significance level α= 0.05) than one with a
higher number (e.g., [2]). Adding range constraint priors on LAI greatly improved LAI retrieval

performance, while also improving ALA (but not Cab and Cw ) retrieval performance.
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B.2. EMMI

B.2.1. ϵ-MANIFOLD EFFECTIVENESS WITH PRECISION AND RECALL

Dataset
ϵ-manifold Uncertainty quantification

Precision Recall Precision Recall
PROSAIL 1.0 1.0 1.0 0.68
PROSAIL 2D 0.94 0.38 1.0 0.48
TP 0.99 0.6 1.0 0.24
Lorenz63 0.99 0.8 0.85 0.3
GM 0.81 0.94 0.99 0.79
TM 0.96 0.98 0.87 0.56
LR 0.82 0.94 1.0 0.52

Table B.3: Results for the oracle-based ϵ-manifold validation experiment for RQ2, showing precision
and recall scores for a classification task where, for every instance, the true values θ+ had to be

predicted along with a negative sample from the validation points. For these metrics, only a single
score could be computed.

B.2.2. EMMI RESULTS WITH PRECISION AND RECALL

Table B.4: Precision of the different methods approximating the ϵ-manifolds, with all hyperparameters
for all methods (including the appropriate eMMI variant) automatically determined through
hyperparameter optimisation. For every simulator, the best performance has been marked in

boldface, with statistical significance determined by a Wilcoxon signed-rank test at significance level
α= 0.05.

Method PROSAIL PROSAIL 2D TP Lorenz63 GM TM LR
RF 0.67±0.46 0.57±0.37 0.89±0.12 0.51±0.15 0.91±0.17 0.38±0.37 0.05±0.22
GP 0.75±0.09 0.58±0.13 0.51±0.03 0.5±0.0 1.0±0.01 0.5±0.0 0.5±0.0
BNN 0.51±0.09 0.67±0.15 0.51±0.03 0.5±0.0 0.58±0.13 0.5±0.0 0.5±0.0
ABCSMC 0.34±0.31 0.37±0.32 0.38±0.32 0.37±0.24 0.27±0.38 0.32±0.33 0.42±0.48
TabPFN 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0
eMMI 0.84±0.1 0.86±0.12 0.9±0.12 0.59±0.2 1.0±0.0 0.68±0.14 0.96±0.1



226 B. ADDITIONAL RESULTS

Method PROSAIL PROSAIL 2D TP Lorenz63 GM TM LR
RF 0.09±0.11 0.15±0.16 0.01±0.01 0.03±0.02 0.84±0.23 0.27±0.37 0.0±0.0
GP 0.67±0.21 0.7±0.22 0.97±0.11 1.0±0.01 0.26±0.24 1.0±0.0 1.0±0.0
BNN 0.93±0.2 0.85±0.27 0.98±0.08 1.0±0.0 0.85±0.29 1.0±0.0 1.0±0.0
ABCSMC 0.34±0.37 0.44±0.41 0.32±0.33 0.35±0.32 0.16±0.29 0.4±0.44 0.0±0.0
TabPFN 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0 0.0±0.0
eMMI 0.95±0.19 0.96±0.07 0.86±0.26 0.43±0.3 0.95±0.14 0.98±0.12 0.79±0.25

Table B.5: Recall of the different methods approximating the ϵ-manifolds, with all hyperparameters for
all methods (including the appropriate eMMI variant) automatically determined through

hyperparameter optimisation. For every simulator, the best performance has been marked in
boldface, with statistical significance determined by a Wilcoxon signed-rank test at significance level

α= 0.05.
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GLOSSARY

automated algorithm configuration an optimisation problem where the hyper-
parameters of algorithms are automatically tuned based on an objective func-
tion 23

AutoML automated machine learning: automated model selection and algorithm
configuration for machine learning problems 23

band a data dimension for an EO image containing measurements for a specific
variable 13

black-box optimisation a type of optimisation problem/algorithm in which only
the inputs and outputs of an objective function g can be observed, with no
knowledge about g itself 22

configuration a vector θ containing concrete value assignments for the physical
parameters P 1, 22

convolutional neural network a type of neural network where local spatial pat-
terns are extracted using convolutional kernels 32

data product a dataset containing estimations for quantities of interest through
the processing of EO data 13

Earth Observation data obtained through sensors observing the Earth 11

hybrid model a machine learning model trained on the inverse of simulated data
produced by an RTM 20

hyperspectral spectral (optical) data containing many spectral bands 16

ill-posed a problem that does not meet the requirements of well-posedness 21

in-situ direct measurements of relevant physical parameters 12

inference the estimation of the properties that generated an observed outcome 2
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Landsat satellites operated by NASA, many of which contain a spectrometer as a
sensor 15

look-up table a tabular dataset generated by an RTM, containing generating pa-
rameters and simulated outcomes 20

loss landscape a surface in d +1-dimensional space describing the loss function
value of every point in the parameter space 101

model inversion the inversion of a (simulation) model capturing the data gener-
ation process for an inference problem 19

MODIS optical satellites operated by NASA with a high temporal resolution and a
low spatial resolution 15

multispectral spectral (optical) data containing multiple spectral bands, often in-
cluding wavelengths outside the visible ranges 15

optical data data containing measurements of a light spectrum 15

parameter estimation an inference setting where the value of a physical parame-
ter p must be inferred from some observed feature data x 2

parameter space (search) space of the parameter domain DP containing all pos-
sible combinations of parameter values 100

physical parameter a variable p in a set of scientific variables P describing the
state of a physical system 1

PROSAIL a radiative transfer model for vegetation, combining the PROSPECT and
4SAIL models 19

radiative transfer model a type of physical model that simulates a light spectrum
based on physical input parameters 19

remote sensing data obtained remotely by sensors not directly interacting with
the object being observed 13

search space space containing all possible combinations of parameter values, through
which we must perform a search to find an optimum 22

sensor network a spatially distributed network of sensors, measuring a target vari-
able at specific points 12
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Sentinel-2 multispectral optical satellites operated by ESA 15

spatial interpolation filling in a spatial grid of missing values in between of a num-
ber of known measurements 27

spectral band a measurement of light intensity for a single wavelength on a light
spectrum 15

spectrometer an optical sensor measuring light intensity at certain wavelengths
15

swath width of a remote sensing sensor passing over a study area 13

VPint our proposed spatial interpolation algorithm founded on a system-oriented
perspective 33

VPint2 our proposed spatial interpolation algorithm suitable for filling in gaps in
optical satellite imagery 66


