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Intro |

Many countries monitor and fore-
cast their crop production for Food
Security reasons

However the existing methods are
modeling only using the remote
sensing data

We propose a model fusing differ-
ent modalities
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Crop rotation

Year1 | Year2

« Crop rotation is a crop management technique which consists in Mait | Spring

Barley, | Wheat

adopting a series of different types of crops across the years for the vear 4 Vears

Malt | Potato

Barley

same field

« Using crop type mapping of the past years, we obtain a sequence of

crop type that we model in order to predict the current year

Barley Wheat  potato Barley Barley Wheat  potato ”?

« In addition to the Crop rotation, we use the remote sensing o et

o4 08 sunflower
information as an additional source of information R — o /_\/\
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Multimodal Language Model

We modeled our problem as an Multimodal Natural Language task:

Awesome, today it's my first
e The crop types were modeled as

time day weekend

words like in a language model

e The satellite signals were mod-
eled as an acoustic signal

e The crop distribution acted as a
speaker-specific vocabulary distri-

bution




Multimodal Language Model |

We modeled our problem as a Multimodal NLP task:

The crop types were modeled as words like in a language model:

Awesome, today it's my first

time day weekend
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Multimodal Language Model Il

We modeled our problem as an Multimodal NLP task:

The satellite signals were modeled as an acoustic signal, using a sliding
window and statistical functionals to temporally aggregate the signal

LAI,FAPAR,B04, BSA

Sliding window of size 30 days, with a step of 15 days
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We modeled our problem as a Multimodal NLP task:

The crop distribution acted as a speaker-specific vocabulary
distribution:
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Figure 1: Distributions of the crop types in the dataset. Green crops are the
remaining crop of interests used for the 10-class evaluation.



Hierarchical model |
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chical model | — IntraYear Encode
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Hierarchical model | — InterYear Encoder
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Hierarchical model | — Hierarchical Encoder
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Encoder-

archical Encoder

Hierarchical model | — H
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Table 1: Summary of the different models used in this work, using Crop
Rotations (CR), Remote Sensing (RS), and Crop Distribution (CD).

Models cR Rs cp | Modelisation-level Hierarchical
Within season  Between seasons
IntraYERgs X v X v X X
IntraYEpm v v X v X X
InterYEcrop v X X X v X
InterYEgs X v X X v X
InterYEpm v v X X v X
HierEgs X 7 X v v v
HierE Y v v v
HierEga oo/ v v v




Crop Types
141/151 Crop types (NL/FR) over 5 years, harmonized with EuroCrop
taxonomy

Sentinel2 EO-based features

Time-series of B4 (red band) Surface Reflectance, b8a (near infrared
band) Surface Reflectance, Leaf Area Index and Fraction of Absorbed
Photosynthetically Active Radiation

Local features: Crop Distribution
141/151-dimension vector representing the distribution of the crops in
the surrounding of the parcel (10km radius)

Validation: How to smartly aggregate classes?
Aggregated in 24/32 or 10/14 general classes regarding (i) the
distribution of the crops in the country (data-driven) and (ii)
EuroCrop taxonomy (knowledge-driven).

Number of parcels: 596k (NL) and 6.49M (FR) 9



Results NL — End of season classification

Labels # Modalities 141-class 10-class 8-class

Model P R F1 Acc P R F1 Acc P R F1 m-F1
InterYEcrop 1(C) 36.0 255 274 762 | 518 430 435 777 |433 355 349 536
IntraYEgs [2] 1 (RS) 274 209 204 898 | 788 759 745 929 | 761 726 708 8738
InterYEgs 1 (RS) 228 177 17.1 89.1 | 71.2 734 720 921 | 67.0 69.6 68.0 856
HierEgs 1 (RS) 20.7 175 16.7 90.2 | 805 744 743 935 | 78.0 704 703 883
IntraYEmm [1] 2 (RS+BoC) 556 39.7 432 928 | 830 805 809 947 | 802 779 78.0 90.0
InterYEpm 2 (RS+C) 411 330 336 922 |822 797 804 945 |80.2 763 775 89.5
HierEpm 2 (RS+C) 473 387 397 933 [ 852 819 831 952 | 836 788 80.6 91.1
HierEfina 3 (All) 47.1 39.3 402 93.6 | 86.7 819 836 955|853 787 811 91.6

Table 2: Results over Netherlands of the end-of-season classification models
with different modalities: Remote Sensing (RS), Crop Rotations as embeddings
(C) or BoC, and Spatial Crop Distribution.

Macro- Precision (P), Recall (R) and F1 score, and accuracy or micro-F1

score (m-F1).
10



Results FR — End of season classification

Labels # Modalities 151-class 14-class 12-class

Model P R F1 Acc P R F1 Acc P R F1 m-F1
InterYE crop 1(C) 356 31.0 317 660 |389 343 317 69.1 |309 264 230 427
IntraYEgs [2] 1 (RS) 220 157 152 640 | 608 622 647 757 | 693 597 631 746
InterYEgs 1 (RS) 213 132 126 549 | 639 596 602 722|627 574 585 712
HierEgs 1 (RS) 253 190 188 663 | 725 655 677 769 | 719 632 66.1 765
IntraYEmm [1] 2 (RS+BoC) 527 324 359 827 | 781 687 710 866 | 762 656 68.0 803
InterYEpm 2 (RS+C) 459 352 364 824 | 727 674 692 86.1 | 70.0 63.6 658 77.5
HierEpm 2 (RS+C) 50.2 419 432 848 | 770 734 749 884 | 750 702 723 818
HierE sinar 3 (All) 451 373 381 854|798 761 776 89.1 | 781 735 754 83.6

Table 3: Results over France of the end-of-season classification models with
different modalities: Remote Sensing (RS), Crop Rotations as embeddings (C)
or Bag-of-Crops (BoC), and Spatial Crop Distribution.

Macro- Precision (P), Recall (R) and F1 score, and accuracy or micro-F1

score (m-F1).
1



Labels 141-class 24-class 10-class 8-class
Pre-train. P R F1 Acc | P R F1 Acc | P R F1 Acc | P R F1 m-F1
0 %] %) %) %) %) %] %) 2 2 %) %] %) %) %] %) %)
16 |58 51 438 70.8 | 23.7 214 204 711 | 385 374 363 736 |385 374 363 453
X 64 |27 25 22 69.2 | 17.1 131 125 69.4 | 273 257 233 696 |27.3 257 233 347
256 | 42 48 29 665|182 169 141 668 | 250 232 205 681 |25.0 232 205 204
1024 | 19.6 133 124 808 | 53.6 39.8 372 803 |69.7 604 615 840 |69.7 604 615 763
0 5.7 4.8 4.2 473 | 147 151 111 466 | 206 19.7 166 469 | 123 7.4 8.4 245
16 | 122 78 76 703 | 305 238 245 704 |379 339 340 723 [379 339 340 452
v 64 16.7 13.6 135 747 | 419 387 381 750 |51.6 454 466 76.4 |51.6 454 466 544
256 | 258 21.4 208 825 | 556 511 50.6 827 |67.3 580 60.1 846 |67.3 58.0 60.1 69.2
1024 | 32.7 273 260 849 |61.3 573 543 849 | 738 720 71.6 870 |73.8 720 71.6 809
X All | 471 392 40.2 93.7 | 76.6 758 75.8 94.0 | 86.7 819 836 955 |853 787 8ll 91.6
v ‘ All ‘ 425 353 360 928 | 673 534 559 942|899 822 853 957|838 77.6 823 918

Table 4: Results over Netherlands of the few-shot final classification models,

with or without pre-training over France.

e Pre-training helps when a few samples are available

e The PT model gets better results for the aggregated distribution: so

it overfits less the target domain data distribution

12



Splitting experiments

Labels Split 141/151-class 24/32-class 10/14-class 8/12-class
Dataset P R F1 Acc | P R F1 Acc | P R F1 Acc | P R F1 m-F1
NL T 472 419 427 937|772 759 76.0 941 |87.0 821 838 956 | 857 789 814 917
T+S | 473 425 427 933|758 748 746 937|866 812 829 953|853 77.8 804 91.0
R T 444 387 394 854|720 686 69.1 856|795 759 774 891|778 732 751 835
T+S | 448 384 384 851|716 680 688 854|791 744 763 888|773 715 739 827

Table 5: Results over the Netherlands and France of the best end-of-season
classification architecture using different splits, for the test season 2020.

Trained over the year 201x-2019

Tested on 10% of the parcels (year 2020)

One split purely temporal (T): trained over all the dataset

e One split temporal and spatial (T+S): trained over 90% of the
dataset

13



Feature experiments

Labels Features 141-class 10-class 8-class

Model P R F1 Acc P R F1 Acc P R F1 Acc
IntraYEgs 274 209 204 898 | 788 759 745 929 | 761 726 70.8 87.8
IntraYEpm 55.6 39.7 432 928 | 830 805 809 947 | 802 779 780 90.0
InterYEym Setl 41.1 33.0 336 922 | 822 79.7 80.4 945 | 802 763 775 895
HierE v 47.3 387 39.7 933 | 852 819 831 952 | 836 788 80.6 91.1
HierEfinas 47.1 393 402 93.6 | 86.7 819 83.6 955|853 787 811 91.6
IntraYEgs 36.0 274 274 925 | 865 823 822 952 | 847 799 796 917
IntraYEpm 61.0 456 490 943 |80 859 863 96.1 | 859 842 842 927
InterYE ym Set?2 47.1 358 379 940 |836 845 86.0 96.1 | 87.3 822 84.0 928
HierE v 48.6 40.1 41.0 95.0 |90.8 87.7 889 96.8 | 89.7 858 87.3 942
HierEfinas 525 463 467 953|906 879 890 96.9 | 896 857 873 94.2
IntraYEgs 267 174 184 886 |8l5 721 732 919 | 800 686 69.8 863
IntraYEpm 552 418 446 928 | 852 819 828 949 | 830 795 804 904
InterYEym Set3 405 30.6 31.8 90.8 |80.6 787 79.1 932 | 781 754 76.0 86.2
HierEpm 485 393 405 935|830 837 854 955|869 81.0 834 918
HierEfinas 49.6 41.1 421 935|888 837 858 955|833 80.7 84.0 91.9

Setl: B4, B8A, FAPAR and LAL
Set2: Setl+B2, B3, B8, B11 and B12.

Set3: 10m bands of Sentinel2, B2/3/4/8 14



Contributions

e This architecture can be used with any backbone
e It outperforms from far classical SOTA networks
e A new method to aggregate classes for validation
e New abilities for early-season and few-shot learning!
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Contributions

This architecture can be used with any backbone

It outperforms from far classical SOTA networks

e A new method to aggregate classes for validation

e New abilities for early-season and few-shot learning!
e And more in the paper...
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Thanks for listening!
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