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Sampling in Africa

Study site marked and labeled with a
blue pin

| was able to travel to Zambia under a grant
to help collect dendrochronological samples,
in an effort to gather historical climate data
for the region, as well as to help expand the
dendrochronological research going on in
the sub-Saharan region. Our research group
traveled across much of Zambia and
collected chronologies at three different
sites. In this study I will only be looking at a
Julbernardia paniculata chronology that was
sampled in Zambia’s Ngoma Forest in Kafue
National Park.



Chronology processing

Most methods used in this project are
standard dendrochronological methods. For
each chronology in this study, we collected
2-3 cores from each tree, from roughly 20
trees, using 5 millimeter increment bores.
We then mounted these cores, and sanded
them down using progressively finer
sandpaper. With this done, we scanned
each core with a resolution of 2,400 DPI. |
then cross dated each chronology in the
CooRecorder software package and then
compiled all cores into a final chronology in

the CDendro software package. An example of the digital scans of the
cores




Reconstruction creation

To create my precipitation reconstruction, | downloaded 19
chronologies from the region from the International Tree
Ring Databank (ITRDB), and ran said chronologies, as well
as my own, through the COFECHA software package
developed by the University of Arizona Laboratory of
e Tree-ring Research, to validate the quality of the
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Satellite Data

Sentinel-3A OLCI Level-2 Regional Earth-

The datasets that
| downloaded,
representing 9
satellites and 10
datasets (2 from
the Terra satellite)
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To help create the prediction model, | decided to incorporate satellite
data, as satellites can provide modern, high resolution data, while my
reconstruction has only an annual resolution. To do this, | manually
downloaded data from NASA's EOSDIS Earthdata website. This was a
rather difficult task, as many of the datasets were hundreds of
terabytes in size. | had the option of using NASA’'s Amazon Web
Service, but decided against that, because the storage cost was still to
great. Instead | downloaded the data onto an external hard drive. To
select the datasets that | would test, | researched satellites that studied
hydrological systems on the planet, as | figured this would be the most
applicable for predicting precipitation. | came up with a list of over 20
satellites. When | went to download data, this list was sized down to 9
satellites. These satellites were selected for having smaller datasets
that | could feasibly do analysis on, as well as for having data stored in
NetCDF format. After | downloaded these datasets, together over a
terabyte of data, | further narrowed these down to just 4 satellites for
having a time dimension with which to concatenate. Finally |
resampled at a monthly resolution, as this was the resolution | was
predicting at, and incorporated lags in the datasets based on
correlations with what little instrumental precipitation data from the
region there was. With this, | was ready to do analysis.



Creating the prediction model

In this study, | exclusively used Gradient Boosting models, sometimes called
Decision Tree models. | chose to do this largely because of computation limitation,
as Neural Network or Transformer models are much more computationally costly
that Gradient Boosting models are. The three models that | used were eXtreme
Gradient Boosting model (XGBoost), Light Gradient Boosting model (LightGBM),
and Categorical Boosting model (CatBoost). These models were selected for their
high performance metrics in review papers. | ran each model for each satellite,
conducted hyperparameter optimization in each run using a Grid Search method,
evaluated each model with the Mean Squared Error (MSE) statistic, and stacked
the outputs using a standard weighted stacking method.



Notable products
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This is my reconstruction going back
200 years. Variability increases before
1870, though this is likely due to low
sample depth at that age. The
reconstruction also, somewhat
surprisingly to me, shows an increasing
trend in the modern era. My
reconstruction was statistically
significant (p < 0.05).
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This is my stacked prediction 100 months
into the future. As you can see, seasonality
is represented highly in the prediction, while
low frequency variability was not so much. In
general, this is what we would expect to see,
although | was surprised by the extent that
seasonality dominated the projection. This
result represents three models trained on
both satellite data and my reconstruction.



