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Disclaimer 

This document has been produced in the context of the DeepCube Project. The DeepCube project 

is part of the European Community's Horizon 2020 Program for research and development and is as 

such funded by the European Commission. All information in this document is provided ‘as is’ and 

no guarantee or warranty is given that the information is fit for any particular purpose. The user 

thereof uses the information at its sole risk and liability. For the avoidance of all doubts, the 

European Commission has no liability with respect to this document, which is merely representing 

the authors’ view.  

 
 

 

 

 

 

 
  



 

 

This project has received funding from the European Union's Horizon 2020 

research and innovation programme under grant agreement No 101004188 
Page 5 / 36 

 

Table of Contents 

1. Introduction ................................................................................................................................. 8 

1.1. UC1 Scientific Objectives .................................................................................................................... 8 

1.2. Technical execution ............................................................................................................................ 8 

2. Background and summary of requirements ................................................................................ 9 

3. Demonstration sites ................................................................................................................... 10 

3.1. Area of Interest ................................................................................................................................. 10 

4. Overview of methods ................................................................................................................. 11 

5. Prototype implementation ........................................................................................................ 12 

5.1. X1 Unbiased Minicube Data Sampler................................................................................................ 12 

5.2. X2 Minicube raw data downloader ................................................................................................... 12 

5.3. X3 Minicube Level-1 generator ......................................................................................................... 13 

5.4. X4 Minicube Level-2 generator ......................................................................................................... 14 

5.5. X5 Deep Learning Framework ........................................................................................................... 15 

6. Experiments ............................................................................................................................... 16 

6.1. Input data .......................................................................................................................................... 16 

6.2. Experimental setup ........................................................................................................................... 16 

6.3. Models .............................................................................................................................................. 16 

6.4. Results ............................................................................................................................................... 17 

7. DeepCube Technologies ............................................................................................................. 19 

8. Conclusions and outlook ............................................................................................................ 20 

9. References ................................................................................................................................. 21 

Annex – UC1 Notebook ..................................................................................................................... 22 

 
  



 

 

This project has received funding from the European Union's Horizon 2020 

research and innovation programme under grant agreement No 101004188 
Page 6 / 36 

 

List of Figures 

Figure 3-1 UC1 Area of Interest (Africa) and minicubes as sampled on step X1 .............................. 10 

Figure 6-1 The ContextRNN architecture .......................................................................................... 17 

Figure 6-2 Groundtruth kNDVI (left) and forecast by ContextRNN (right) over a single test minicube 

sample ............................................................................................................................................... 17 

Figure 6-3 Distribution of residuals, the anomalies from the seasonal cycle and the average 

interannual standard deviation per pixel .......................................................................................... 18 

Figure 6-4 Distribution over geomorphons for the relative error, which is positive where ContextRNN 

out-performs RNN. It is computed as Performance Gain = (1−MAE(ContextRNN)MAE(RNN))∗100. 

Median values are indicated and *** is displayed for those categories for which the Kolmogorov-

Smirnov test was at a 0.1% level ....................................................................................................... 18 

 

 

List of Tables 

Table 2-1 Product 1 specifications (raw model output) ...................................................................... 9 

Table 4-1 Overview of models for spatio-temporal forecasting over minicubes ............................. 11 

 

  



 

 

This project has received funding from the European Union's Horizon 2020 

research and innovation programme under grant agreement No 101004188 
Page 7 / 36 

 

Definitions and acronyms 

AI Artificial Intelligence 

AOI Area of Interest 

CNN Convolutional Neural Network 

DL Deep Learning 

EC European Commission 

EO Earth Observation 

ESDC Earth System Data Cube 

EU European Union 

FPN Feature Pyramid Network 

GA Grant Agreement 

GRU Gated Recurrent Unit 

MAE Mean Absolute Error 

ML Machine Learning 

NDVI Normalized Difference Vegetation Index 

RNN Recurrent Neural Network 

UC Use Case 

XAI Explainable Artificial Intelligence 



 

 

This project has received funding from the European Union's Horizon 2020 

research and innovation programme under grant agreement No 101004188 
Page 8 / 36 

 

1. Introduction 

Seasonal weather models provide coarse forecasts of extreme weather patterns, heatwaves and 

droughts. Such models are extremely valuable to predict the weather in the seasons to come; 

however, they are of very coarse resolution (10-100Km). In Use Case 1 we intend to improve the 

usefulness of the forecast by creating models that forecast vegetation drought at high resolution, 

instead of simply meteorological drought at course resolution. In order to do so, we need to find 

adequate deep learning models able to learn the relationship between future weather and impact. 

We do so by pairing observed data of vegetation state from Sentinel-2 with past-observed weather. 

In this report, we evaluate the requirements and usefulness of some preliminary deep learning 

architecture to forecast vegetation state given the coarse weather and memory state using spatial 

and temporal context. 

1.1. UC1 Scientific Objectives 

UC1 has the following core objectives: 

• Predict more accurately and with less uncertainty the impact of drought and heat waves over 

local vegetation in Africa at high resolution.  

• Hybrid EO-based and non-EO spatio-temporal estimation of key relevant biophysical 

parameters. 

• Find answers to the following questions: 

– Which are the spatial factors that yield impact susceptibility versus resilience to 

meteorological drought and heat waves based on multivariate historical data analysis? 

– Can we predict localized impacts given coarse scale meteorological information? Can 

we employ advanced machine learning solutions to model the spatio-temporal drought 

impact by combining this with a physical approach in a hybrid model? What is the 

influence of spatial context on vegetation state? 

– What are anticipated long-term effects of drought and heat, i.e., memory and lag 

effects? 

1.2. Technical execution 

In this document, we present the first demonstrator work of UC1 and Deep Learning Approaches. It 

includes 1) the working pipeline for data and model development (report and code) and 2) first 

experiments built on a preliminary dataset (report only). 

1) The UC1 pipeline has been laid down into 5 steps, each in a repository, that serves to build the 

Africa drought minicube dataset and contain the modeling environment (section 5). These 5 steps 

are overviewed and wrapped in the attached UC1_demonstration Jupyter notebook. 

2) We have carried out experiments to tackle some of the scientific objectives in a preliminary 

dataset. These results are summarized in this report; however, no accompanying code is provided 

as the dataset is not the final one that is built in the demonstrator repository. 
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2. Background and summary of requirements 

While the output of our product is high-resolution in space, the key innovation that allows for higher 

fidelity of predictions, users' requirement is to use the data aggregated to local/subregional spatial 

scale and weekly temporal scale. 

• Product 1 – Level 1 output. High spatio-temporal resolution impact cube. 

• Product 2 – Level 2 output. Aggregated local/subregional impact indexes (1 week to 3 months) 

Given the large scale of the Use Case 1 pipeline, products will be generated on demand for specific 

areas of interest. 

The Product 1 specifications are dependent on the data ingested for model development. This 

product is valuable as it is the most versatile for post-hoc analysis. The specifications are defined 

based on the requirements to tackle the scientific objectives of UC1. 

Requirement 
Requirement 

specifications 
Value 

Short term 

forecasting and 

hind-cast 

Temporal resolution Model dependent: daily, weekly or 10-daily 

Spatial resolution 30m/pixel 

Accuracy Absolute kNDVI MSRE <20% 

Expected delivery 

schedule 

On demand only 

Uncertainty estimation Model dependent 

Provision of impact 

information 

Versatility Raw results at the resolution of model output 

allows multitude of post-hoc analysis 

techniques 

Completeness Includes all high-resolution spatio-temporal 

output without aggregations. 

Interoperability 

and data format 

Integration and 

interoperability 

Incorporation of the DeepCube solution  

Data formats Common geo data format: zarr or netcdf 

Explainability of 

the results 

Facilitate explainability The cubes include gridded labels (land use 

type, geomorphons, etc) for easy visualization 

and application explainable methods 

Table 2-1 Product 1 specifications (raw model output) 
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3. Demonstration sites 

3.1. Area of Interest 

The Use Case is focused on Africa. At this stage of the research, bigger emphasis is given to Ethiopia 

and Somalia, regions of interest in Use Case 2 “Climate induced migration in Africa”. The models will 

be trained and tested over a subsample of ~40K locations over Africa. The current sampling is shown 

in Figure 3-1. 

 

Figure 3-1 UC1 Area of Interest (Africa) and minicubes as sampled on step X1 
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4. Overview of methods 

The following table highlights the key methods to be applied for the forecasting of drought impact. 

The present demonstration evaluates two of these methods, namely a vanilla Recurrent Neural 

Network, and an enhanced Recurrent Neural Network with spatial context (RNN and ContextRNN) 

on a preliminary dataset in order to answer one of the key scientific questions.  

The remaining methods are in the process of being applied and evaluated on the final Africa 

minicube dataset. The table highlights the key components deemed as important for data driven 

methods to properly model Earth surface dynamics: spatial and temporal context awareness; 

stochasticity and scalability. 

Model 
Context 

Stochasticity Scalability Challenges Status 
temporal spatial 

RNN [7] Yes No No Poor - Applied1 

ContextRNN Yes Partial No Poor - Applied1 

Unet No Yes No High - Implemented2 

Channel-net [8] Partial Yes No High 
Difficult 

explainability 
Implemented2 

ConvLSTM (MetNet) Yes Yes No Medium - Planned 

Content-Dynamic Yes Yes Yes Medium Complex Implemented3 

Arcon-STF (VP) Yes Yes Yes Medium Complex Implemented3 

ContextTrans-

formerRNN 
Yes Partial No Very high 

Novel, difficult 

training 
To explore 

FullyTransformer3D Yes Yes No Very high 
Novel, difficult 

training 
To explore 

Table 4-1 Overview of models for spatio-temporal forecasting over minicubes 

1Models applied or tested in the context of DeepCube over a preliminarily small minicube dataset 

not based in Africa (the study was carried in parallel to Africa minicube dataset creation) 

2Implementation has to be adapted to de Africa minicube dataset 

3Implemented for a different task (EarthNet2021) 

At this point in the development, only the first simple models have been applied in order to confirm 

whether spatial context is relevant, i.e., ContexRNN > RNN. 
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5. Prototype implementation 

Implementation of the dataset creation and deep learning pipeline has been divided into 5 steps 

(named X1 to X5). Each step is a self-contained project and the code has been packed into 5 

repositories to be released together with this deliverable. 

5.1. X1 Unbiased Minicube Data Sampler 

Task: Uses the Sentinel-2 tile-grid system to create equal size minicubes and sample suitable 

locations of 3840x3840m into a dataframe avoiding known biases (based on climate zones, land 

cover types, heterogeneity and topography).  

Output: a dataframe of locations of minicubes to be generated, the set of products, sources and 

variables of interest. 

Repository: UC1-X1-unbiased-minicube-sampler. 

5.2. X2 Minicube raw data downloader 

Task: Downloads raw data for the given minicube locations and the given products (Sentinel 2 and 

SMAP4). 

Input: Location of minicubes generated in X1. Set of products, sources and variables of interest. 

Output: file structure with raw data downloaded from source that cover X1 minicube locations. Yet 

unclear whether the files are structured in a similar manner that will be applied on DeepCube 

Platform / ONDA DIAS. 

Repository: UC1-X2-minicube-raw-data-downloader. 

Further details: 

• Sentinel-2 Data Download 

Sentinel-2 data was acquired from an open data repository on AWS with documentation found here: 

https://registry.opendata.aws/sentinel-2-l2a-cogs/  

This repository can be searched through via a STAC API called 'Earth-search'. Unfortunately 

searching can only be done with geometry or bounding boxes. The data is stored as individual 

images in TIFF format for individual bands on individual dates for each tile. Since we needed to 

download an entire tiles worth of data for each minicube we decided to limit the downloading to 

the top 200 tiles for the first round which would net 23864 minicubes. The original dataset defining 

the minicubes was designed with an assumed resolution of 30m/pixel. This would be prevalent in 

the HLS product to be used in future iterations. However, for this instance the resolution for the 

downloaded Sentinel-2 data is 10m/pixel. Thus, each downloaded tile was compressed to 1/3rd the 

horizontal/vertical resolution or 1/9th the total resolution. This did also unfortunately mean 

downloading an uncompressed geotiffs worth of data. The final sentinel-2 dataset comprised 12TB 

on disk. Meaning roughly 108TBs worth of data needed to be downloaded. 

 

https://registry.opendata.aws/sentinel-2-l2a-cogs/
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• SMAP Data Download 

SMAP4 data is stored on NASAs National Snow and Ice Data Center server found here: 

https://n5eil01u.ecs.nsidc.org/SMAP/SPL4SMGP.005/  

These files are in HDF5 format and cover a global extent, one only needs to download the files for 

each date in our date range. A script was run to find the page for each date, parse out the URLs for 

the corresponding HDF5 files and download the 8/day files.  

• ERA-5 and SRTM 

Both ERA-5 and SRTM data were stored locally and did not require any downloading efforts. ERA-5 

is stored at 0.5 deg resolutions and SRTM at 30 m. 

5.3. X3 Minicube Level-1 generator 

Task: Creates an Earth System Data Cube–like library for the minicube locations selected in X1. 

Tested and functional over the raw X2 data, unclear whether it will work directly when ported into 

production-ready DeepCube Platform. 

Input: Raw data downloaded in X2. Location of minicubes generated in X1. Requires in-house ERA5 

and SRTM data. 

Output: ESDL-like .zarr minicubes with the high-res, meso-res and low-res dynamic and static 

variables. Level 1 dataset (ESDL-like). 

Repository: UC1-X3-minicube-L1-generator  

Further details: 

• Data Fitting/Processing 

Sentinel-2 minicubes are defined as pixel extents on each geotiff tile. Each geotiff tile is 3660x3660 

pixels and each minicube is a 128x128 pixel box somewhere within the tile extent.  

The first step is to stack all of the bands for each day for each tile into a single array. This created an 

array with dimensions [Days,Bands,3660,3660]. Then, according to the minicubes position in each 

tile, a specific slice was cut out from this main array creating a minicube array of shape 

[Days,Bands,128,128]. These arrays are then subsequently stacked in a new dimension creating a 

final array of shape [Minicubes,Days,Bands,128,128] for each tile. In order to stack the minicubes, 

the X and Y values, or spatial information, needs to match one another. As a result, these stacked 

arrays lose their global spatial identity in xarray1. To account for this, the centre location of each 

cube is saved in a separate variable in the final dataset that is stored to disk. However, in the future 

it may be more beneficial to save the actual extents.  

The final product after this step is 200 [Minicubes,Days,Bands,128,128] arrays with Sentinel data, 

one per tile. It should be noted that there are not 200 such arrays, as some tiles were missing 

multiple dates worth of data on the server and as such were excluded to maintain data integrity.  

 
1 https://xarray.pydata.org/en/stable/api.html  

https://n5eil01u.ecs.nsidc.org/SMAP/SPL4SMGP.005/
https://xarray.pydata.org/en/stable/api.html
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The SMAP and ERA-5 slicing procedures are similar to each other. The centre location of each 

minicube was used to find the corresponding pixel within each dataset. Then an array of 128x128 

was sliced out around that pixel. The ERA-5 resolution was almost an entire tile extent/pixel. Thus, 

it was decided to only produce one ERA-5 slice per tile, as producing one slice per minicube would 

have included large amounts of redundant data. The SMAP data was processed to one slice per 

minicube. Since the SMAP data came in 8/day measurements, variables were aggregated to 

one/day. Variables were either summed or averaged depending on the appropriateness of the 

variable.  

The final product after this step is 200 [Days,Variables,128,128] ERA-5 arrays and 200 

[Minicubes,Days,Variables,128,128] SMAP arrays, one per tile. 

The SRTM data has a high enough resolution to be paired directly with the Sentinel-2 data. This 

would require reprojecting the SRTM into each Sentinel-2 tiles projection. The best method is to 

slice out the extent of the Sentinel tiles, reproject them into the correct projection, then use the 

exact same method as the Sentinel data to slice out minicubes from the SRTM data. In order to do 

this,  one needs the exact extent for the downloaded geotiffs. Unfortunately, during the 

compression process, the extents were also compressed. This could be easily remedied with simply 

upscaling the extents by a factor of 3, but this could lead to some deviations. The Earth-search API2  

allows one to rapidly access the metadata for each file. Thus, for each tile the extents were extracted 

from the metadata, those extents were then used to slice out a specific region from the SRTM data, 

the SRTM data was then reprojected into the tiles projection, and finally was saved to disk as another 

geotiff. The final step was to load in each saved geotiff for each tile and slice out and stack the 

minicubes for each tile. 

The final product after this step is 200 [Minicubes,128,128] arrays. One per tile. 

5.4. X4 Minicube Level-2 generator 

Task: Creates DL ready minicube samples. 

• Spectral data is masked for gaps and clouds. New variable "mask": it is 0 if there was at least 1 

valid data point between timesteps t-1 and t, else mask is 1. New variable "dist_mask": dist mask 

is the number of days that a given data point is away from the next valid source point. 

• Spectral data and non-EO data are interpolated and gap-filled to a 10-daily resolution. 

• LC10, Geomorphons, DEM and Sentinel 2 are matched to a 128x128 resolution (30m/pix). 

• Single scalar value per date for non-EO and SMAP data. 

• Temporal subsample of cubes to 45 time-steps, i.e., 1.25 years and exactly 5 seasons. The initial 

time is randomized and seasons have been unbiased by allowing only full years before the 

subsampling. Seasons are defined as December-February (DJF), March-May (MAM), June-

August (JJA) and September-November (SON). 

• Splits dataset into sets: train 0.8 test 0.2 (optional 0.05 validation). 

 
2 https://earthdata.nasa.gov/collaborate/open-data-services-and-software/api/earthdata-search-api  

https://earthdata.nasa.gov/collaborate/open-data-services-and-software/api/earthdata-search-api
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Input: Level 1 datasets as generated in X3 and specifications for minicube desired variables, pre-

processing (spatial or temporal, aggregation, data-gap-fills, target crafting, cloud masking, 

high/meso/low-res usage, etc.). 

Output: Level 2 minicubes as NetCDFs3 that can be loaded by the PyTorch4 modeling pipeline. 

Repository: UC1-X4-minicube-L2-generator. 

5.5. X5 Deep Learning Framework 

Task: This is the core of model development.  

The library contains models, data loaders and scripts for Earth surface and NDVI forecasting in the 

context of research surrounding high-resolution minicubes. 

The library is built on PyTorch, a Python deep learning library, and PyTorch Lightning, a PyTorch 

wrapper reducing boilerplate code and adding functionality to scale experiments. 

In earthnet-models-pytorch there are three main components: 

1. Model - plain PyTorch models implementing simple forward passes. 

2. Setting - Dataset and Metrics for a particular problem. 

3. Task - Abstraction for the training, validation & test loops, tying together models and 

settings, normally both models and settings are task-specific. 

Input: The L2 dataset; named EarthNet2022 in the context of the DL framework. 

Output: Models for NDVI forecasting over minicubes. 

Repository: UC1-X5-DL-Framework. 

 
3 https://www.unidata.ucar.edu/software/netcdf/  
4 https://pytorch.org/  

https://www.unidata.ucar.edu/software/netcdf/
https://pytorch.org/
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6. Experiments 

Our initial experiments on the preliminary dataset were directed to solve the question: 

• Is it necessary to include the spatial context in order to best improve vegetation impact 

forecasting? 

Solving this question is a first necessary step given the extra complexity we have afforded by going 

into high-resolution and creating a complex minicube dataset. Does this effort and the uniqueness 

of our approach translate into better performing models? 

6.1. Input data 

We use a dataset of minicubes similar to the minicube dataset we are generating for Africa. The  

models get elevation [1], soil [2] and land cover [3] maps as static input alongside dynamic low-

resolution weather variables [4] as dynamic inputs. 

6.2. Experimental setup 

The models shall predict vegetation status, kernel NDVI (kNDVI [6]) at 20 m, over four seasons (36-

time steps, 10-daily). They may use the preceding season (9-time steps) as a context period to 

estimate the initial hidden state. We split between training and testing both spatially and temporally 

(2017-2019 vs. 2020−2021). The final dataset has 33170 train minicubes and 3947 test minicubes. 

6.3. Models 

We compare a baseline RNN and a combination of a CNN and a RNN that we call ContextRNN. The 

ContextRNN advantage is the ability to use spatial context in order to generate better forecasts.  

The ContextRNN extends the baseline RNN by providing spatially varying context embeddings. We 

generate these by encoding the context period kNDVI and static soil and elevation maps with a CNN. 

We use a variant of the Feature Pyramid Network (FPN) [5] with an ImageNet-pretrained 

EfficientNet B3 [6] backbone. The output is split into two parts: the initial hidden state and location 

embeddings concatenated to the dynamic inputs at each update step.  The rest of the processing in 

a pixelwise Gated Recurrent Unit (GRU) is almost identical to the baseline RNN. Figure 6-1 shows 

the architecture of the ContextRNN. 
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Figure 6-1 The ContextRNN architecture 

6.4. Results 

 
Figure 6-2 Groundtruth kNDVI (left) and forecast by ContextRNN (right) over a single test minicube sample 

We evaluate the mean absolute error (MAE) over natural vegetation pixels for both models. Figure 

6-3 contains the resulting pixelwise error distributions. We observe similar performance of both 

models. Overall, the ContextRNN (MAE 0.086) is better than the RNN (MAE 0.090). The median 

relative performance gain is 3.87%.  We also compute the mean seasonal cycle using all 4 years of 

available data; the resulting anomalies have on average a higher magnitude than both models. The 

interannual variability of the 4 years has the same order of magnitude as both models. We perform 

a Kolmogorov-Smirnov test on the null hypothesis that F(x)≥G(x)∀x, where F and G are the 
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cumulative distribution functions of the RNN and ContextRNN MAE respectively. We obtain a P-

value of 3∗10−301 and thus can reject the null hypothesis. 

 

Figure 6-3 Distribution of residuals, the anomalies from the seasonal cycle and the average interannual standard 
deviation per pixel 

 

Figure 6-4 Distribution over geomorphons for the relative error, which is positive where ContextRNN out-performs RNN. It 
is computed as Performance Gain = (1−MAE(ContextRNN)MAE(RNN))∗100. Median values are indicated and *** is 

displayed for those categories for which the Kolmogorov-Smirnov test was at a 0.1% level 

In general, the predictive power of the spatial context is not what we are seeking after. Rather we 

are measuring if on top of the strong influence of weather variables and the importance of memory 

effects and seasonality we find indications that spatial context matters. The distributions of residuals 

as discussed above shows that there is such a signal. 

Conclusion 

With this first experimental work, we have some first evidence that, indeed, the spatial context at 

high resolution is necessary in order to improve the forecasting of vegetation state over state-of-

the-art performance. 
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7. DeepCube Technologies 

Earth System Data Cube 

UC1 is a big-data project that makes intensive use of the Earth System Data Lab technologies. Every 

product needed for the models has been compiled into a metadata rich set of spatio-temporal 

minicubes. The Africa Minicube Level 1 comprises High-res targets (3.41 TB), ERA5 (21 GB), SMAP4 

(16.1 GB) along with other static predictors. 

Explainable AI 

Given the fact that the application of deep learning for drought impacts forecasting represents a 

novelty, it would be important to also provide an explanation of the model outputs besides the 

metric scores. Indeed, how to interpret a model's prediction (e.g., by ranking input features) has 

become more and more important in the last few years. 

In particular, visualizing the most active pixels in the form of saliency maps would allow us to check 

whether the model has correctly learned intuitive and physics relations. Then, depending on the 

final users, domain specific explanations will also be considered. 

A more complex challenge would be to tackle models/simulations addressing the impact of droughts 

on vegetation. Subsequent developments will depend on performance of the first prototypes in UC1 

and UC2. 
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8. Conclusions and outlook 

In general, the technical work of UC1 is on track. UC1 is a highly experimental use case, where we 

do not simply deploy known-to-work methods, but instead, the methods have to be developed and 

tested. The already implemented models will soon (starting in M13) be trained for the full Africa 

minicube dataset. 

The work on the preliminary data looks promising, yet forecasting impact over vegetation for future 

droughts is an extremely difficult task and even if UC1 achieves state-of-the-art performance, the 

real applicability for decision making might be limited as uncertainties over the forecasting are yet 

unknown. 
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Annex – UC1 Notebook 

All UC1 demonstration files are provided together with this deliverable. A preview (screenshots) of 

the demonstration notebook follows: 
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