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Overview

In sub-Saharan Africa (SSA), woodfuel (charcoal and firewood) is the most common
source of energy used by households for cooking and heating.

Africa accounts for two third of the global charcoal production in 2018 (>30
millions tons) (FAO)

Charcoal is mainly used across urban areas and is a major source of forest
degradation.

In Somalia, charcoal production is either directly driven by the domestic demand for

fuel or can be linked to illegal exports in support to war regimes.

* 1In 2012, the UN Security Council passed a resolution which banned the export of
charcoal from Somalia

 The FAO (SWALIM group) is monitoring the impact of charcoal production on the
natural vegetation and its dynamics.

* Charcoal is made by burning wood in a low-oxygen environment in type
of oven known as “kiln”.

* The layer of black ashes left after the charcoal is formed and loaded into bags
is visible on satellite VHR imageries (Bolognesi et al., 2018)

NOTE: The above photographs, showing the setup of a kiln for charcoal production, have been taken in
Puntland (Northern Somalia) where the dry environment is very different as compared to the more
humid found in South Somalia. This difference is reflected in the amount of trees used to setup a single
site and in the size of the kilns, which in South Somalia can reach up to 20 meter diameter, as observed
in this study.

Kiln set up in Northern Semalia (Bolognesi et al., 2018)

SWALIM (Somalia Water and Land Information
Management)
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Objectives

The FAO (SWALIM group) is monitoring
forest degradation driven by charcoal 0 504
production by visually detecting the “kilns”
sites on VHR images.

The main purpose of this study is to test
whether an Al approach can be trained to
automatically identify kilns related to illegal
charcoal production on VHR images.

[ Ground Truth data (FAQ)
RGB image 2018/11/16
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Study area and data availability

The FAO-SWALIM has created an expert-based kiln delineation
on VHR imagery that contains more than 69,500 objects for the
years 2017-2019 over an area of about 37,700 km2 in southern
Somalia

We used a subset of this large dataset paired with a collection
of WorldView-2 images for the years 2018 and 2019, obtained
through the DigitalGlobe NextView license

0,5m resolution obtained (Panchromatic/RGB-no NIR), original
data:

Panchromatic: 0.46 m GSD (0.52 m at 202 off-nadir)

RGB 1.8 m GSD (2.4 m at 202 off-nadir)
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Challenges

To capture all the different sizes of kilns Original dataset - diameter kilns

40000

To generalize to the whole area (amount of data, 35000 -

different sensors) 10000 4

Acquisitions date do not always match the date 25000 -

of delineation 50000 -
Kilns can remain visible for a long time 15000 7
10000 -
Misalignments in some cases 5000 -
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Method pipeline

Dataset creation and preprocess

Retrain

Train model

Inference

Inference

Validation and delineation of the data

A 4

Inference on the whole data
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Dataset creation and pre-process

Data used:
Vector information 2017-2019, circular polygons
RGB-Panchromatic images: 2018-2019
Pre —process:
Tiling 1024 px with 20 rows overlap
Erase the tiles with no data

Split of tiles in tiles with/without kilns

Panchromatic 33.407 8.586
RGB 76.651 16.694
Total 110.058 25.280

Panchromatic images RGB images

A
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127.117

[] Country boundaries (Gaul, FAQ) [l footprint RGB annotation Tree Cover percentage 2000 (Hansen et al., 2000}

2D study area Panchromatic images L %00
RGB images I footprint pancro annotation
M footprint RGE no annotation M footprint pancro no annotation
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Dataset creation and pre-process

Date acquisitions do not always match the date of
delineation
Kilns can remain visible for some time

Misalignments in some cases

Creation of the sets train/val and test

Panchromatic 70 tiles (387 kilns) 18 tiles (120 kilns)
RGB 110 tiles (426 kilns) 28 tiles (115 kilns)

42.345°E 42.346°E 42.346°E

Delineation from 2018

0.279°5

Kilns Delineations
.J 2019, February 23
= J 2019, September 24
. 2018, February 25

IMAGE: Panchromatic 2019, Septermber 24
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Faster RCNN

Object detection and classification

4 Classification layer S Softmax

Sliding window
Region proposal

Convoluted
. feature map

' connected

Input image ConvNet ‘ o
Bounding box bounding box

regressor

Region Proposal Network (RPN)

Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun. 2015. Faster R-CNN: towards real-time object detection
with region proposal networks. In Proceedings of the 28th International Conference on Neural Information “ European
9 Processing Systems - Volume 1 (NIPS'15). MIT Press, Cambridge, MA, USA, 91-99. Commission



Metrics extraction and selection best models

Hyper-parameter tuning Validation metrics

Precision =

TP+ FP
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Selection best model and creation final
dataset

e e [ o Lo s LneonLn o sviaons oo g e enanin Lo

Panchromatic 116 16 4 0.96 0.91 faster_rcnn_X_101 0.0008 1024

RGB 82 7 33 60.1 0.92 0.71 0.80 faster_rcnn_X_101 0.001 0.96 2048

QCVAT  Projects  Tasks

- * CVAT tool to validate and delineate
E :; Q K << < ’ ) >> H Cprojects,ﬂ‘REFOCUS,"data,:’swalim_cvat,’RGB_iﬂf/ZO & 4

new kilns

* Creation of the final datasets

Image type Train + 0.1 validation Test

Panchromatic 240 tiles (1.140 kilns) 60 tiles (307 kilns)

SR RGB 240 tiles (803 kilns) 60 tiles (184 kilns)

* Retrain the best 10 models on the
new dataset
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Final results — F1 score / TP rate
-mmmmmmm

Panchromatic 229 84.3 0.85 0.94 0.89 faster_rcnn_X 101 0.001 0.96 1024
Panchromatic 281 26 26 819 091 0091 0.91 faster_rcnn_X_101 0.0007 0.96 2048
RGB 147 42 37 70.1 0.78 0.79 0.78 faster rcnn_X 101 0.001 0.96 1024
RGB 145 27 39 68.7 0.84 0.79 0.81 faster_rcnn_X 101 0.0007 0.96 2048

42,325 42.326

[ Ground truth
[ Inference by F-1 score
Inference by TP rate

Panchromatic image 2019/09/24

D Ground Truth
[ Inference by F-1 score

3 inference by TP rate
RGB image 2018/12/21
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Inference on the whole data

Inference with the 4 models mentioned s 42415

oge_fid 16362

submitname 2019 04 24 R1C1

CreatIOn Of ad POStg reSQL DB weightname 0.97-faster_rcnn_X_101_32x8d_FPN_3x.yaml-1024-1024/config.yaml |
proba 0.931463420391083 I

area 563.929300504922416

Union of the results for each type of image

diameter B.015263995874738

Postprocess overlapping results
Each geometry has:
Area

Diameter [ inference

Panchromatic image 2019/04/24

A

Tile used for the inference

Model configuration
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Results explanation

We fail on overpopulated tiles, especially in RGB

42.484 42.486

-0.214

[ Ground truth
[ Inference
RGB image 2019/04/01
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RGB image 2018/02/03

European
Commission

th trees

IoN

We have some miss classifications w
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Results explanation

We detect kilns in areas that were not originally delineated
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Results explanation

Generalize in size and different sensors

Panchromatic inference - diameter kilns RGB inference - diameter kilns
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Conclusion and perspectives

Al/CV approach can be used to automatically identify kilns related to
illegal charcoal production on VHR images

This two-stages training can overcome omission/misalignments
problems on the original data

For the final models we achieve F1-Scores:

Panchromatic: 0.91

RGB: 0.81
We create an easy operational pipeline to reproduce this work
Code will be available soon as several Jupyter-notebooks

This code can be re-used for other object location and
classification problems

e Detectron2

Install detectron2 and other packages

path_
img_s

Get data and visualize

move the data to scratch before running train
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Get in touch!

Thank you

Laura.Martinez-Sanchez@ec.europa.eu

This presentation has been prepared for internal purposes. The information and views expressed in it do not necessarily reflect an official position
of the European Commission or of the European Union.

Except otherwise noted, © European Union (year). All Rights Reserved
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Hyperparameter tuning

Learning rate Momentum AR Average precision at .5 Average precision at .75 Pracision Recall F1-Score

0.001 0.96%63 £4.134 31.343 0.33443 0.7619 0.80447
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Hyperparameter tuning
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