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integrate drone and satellite observations
for multi-scale classification of sparse
Neltumainvasion.

Satellite Data ML Workflow

Satellite Pixel Footprint based Field data collection - training Satellite Data
data extraction in R and validation data WV2, Planetscope, Sen-2

I . |

l Build training and input data sets

Compile training data sets Compile input data sets

'

Machine learning process in mir3 (R)

v

Hypertune
Learners

v

Iterate 200 times and benchmark ML algorithm

Using SPCV
+ Accuracy assesment of classification model from
multiple iterations
Image classification and accuracy assessment using
"best" algorithm and data set l
l Accuracy assesment of final classification model

— — mumpie —



Drone Data ML Workflow

l l Multispectral Drone Data I l

Field data collection - training and validation
data

v

Processing and calibration in Pix4D

Build training and input data sets

Compile input data sets

Compile training data set

!

Machine learning process in mir3 (R)

\

Hypertune
Learners
i B

v

Iterate 200 times and benchmark ML algorithm
Using SPCV

T

v

Image classification and accuracy assessment using
"best" algorithm and data set

Y

Classified Drone Survey Image data

,_l

Accuracy assessment of best performing ML
algorithms and data sets

|

Accuracy assesment of final classification model
from multiple iterations

Hierarchical machine-learning workflows

integrate drone and satellite

observations for multi-scale classification

of sparse Ne/fumainvasion.

Satellite Data ML Workflow

Field data collection - training Satellite Data

and validation data

Satellite Pixel Footprint based
data extraction in R

WV2, Planetscope, Sen-2

I . |

l Build training and input data sets

Compile training data sets Compile input data sets

'

Machine learning process in mir3 (R)

v

Hypertune

Learners

Al

Iterate 200 times and benchmark ML algorithm
Using SPCV

- multiple iterations
Image classification and accuracy assessment using
"best" algorithm and data set l

l Accuracy assesment of final classification model

from multiple iterations

AT

L | Accuracy assesment of classification model from



Drone multispectral classification resolves sparse Ne/fuma and species
eneous Kalahari vegetation.
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Drone multispectral classification achieved ~90% overall
accuracy for vegetation mapping and reliable detection
of sparse Nelfuma
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Drone multispectral classification achieved ~90% overall
accuracy for vegetation mapping and reliable detection
of sparse Nelfuma
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Drone multispectral classification achieved ~90% overall
accuracy for vegetation mapping and reliable detection
of sparse Nelfuma
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Scale matters:
Coarser sensor grain sharply reduces the availability of high-

Neltuma-cover pixels for training and detection
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Land cover classification
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Cross-scale calibration
with drone data increased
satellite classification
accuracy and improved
landscape-scale mapping
of sparse Neltuma



Detectability of
sparse Nelfuma
declines sharply as
sensor grain becomes
coarser

Sen-2 (10 m)

| " Neltuma

Bare Sand - Grass - Vachellia erioloba - Other woody species

Target of interest




Spatial patterns of

Neltuma prevalence

reveal widespread
invasion and extensive
areas vulnerable to
further spread
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Take homes:

« Multi-scale data fusion
frameworks are
underutilised to support
management relevant
insights.
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