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Objective
Determination of Δϕ(h) from standard RO products using ML methods

• Try to determine if Δϕ(hi) is above a certain threshold using information from 
the standard thermodynamic products and metada (RO+external information)

● E.g. Given T(hi), P(hi), e(hi), lat, lon, mean_P2x2, irTb2x2, how well do we classify 
Δϕ(hi) measurements between those above a certain threshold and those 
below

● If the classification is good, there should be a relationship between the set 
of variables and Δϕ

First approach: classification ML algorithms
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Methodology
Classification using ML methods

• Variables to be used: N (hi), T(hi), P(hi), e(hi)
• Metadata to be used: lat, lon, region, irTb2x2, mean_P2x2

• Standard RO products obtained by PAZ (processed by CDAAC)

• Latitude and longitude (also from PAZ standard processing)
• irTb: min brightness temperature (11µm) from geostationary 

satellites in an area 2x2 deg around the lat,lon reference RO point.
• Mean_P: mean surface precipitation from GPM IMERG data, in an 

area 2x2 deg around the lat,lon reference RO point.
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Methodology
Classification using ML methods

• Variables to be used: N (hi), T(hi), P(hi), e(hi)
• Metadata to be used: lat, lon, region, irTb2x2, mean_P2x2

• For the given Δϕ threshold, create a vector of truth  values and an array of variables:
● Δϕ(hi) > Th : True else False  (dimension M)
● Array containing the variables and metadata to be used of size (M x Nvars)

• Δϕ thresholds are chosen so that there are 6 bins and the last one contains more than 
100 samples in each True and False class.

2018-2021, within +-60deg (lat)
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Methodology
Classification using ML methods

• Variables to be used: N (hi), T(hi), P(hi), e(hi)
• Metadata to be used: lat, lon, region, irTb2x2, mean_P2x2

• For the given Δϕ threshold, create a vector of truth values and an array of variables:
● Δϕ(hi) > Th : True else False  (dimension M)
● Array containing the variables and metadata to be used of size (M x Nvars)

• Δϕ thresholds are chosen so that there are 6 bins and the last one contains more than 
100 samples in each True and False class.

• Split the dataset between training and test data

● Challenge: the dataset is heavily imbalanced. The selected approach is to downsample.

2018-2021 within +-60deg (lat)

Run classification ML algorithm
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Methodology
Classification using ML methods: evaluation metric?

From wikipedia

confusion matrix
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Results
Confusion matrix example in real dataset

• Training dataset (undersampled → balanced)
• Test dataset (undersampled → balanced)

• Real dataset (heavily unbalanced)

2018 - 2021

2022

Δϕ > 5 mm at a height of 6 km ?

prediction
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42 (0.98)

311 (0.07)

1 (0.02)

3993 (0.93) Real dataset 
(heavily unbalanced)Type1: false alarm

Type2: miss

False negative

False positive
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Results

 Smaller 
 

Δϕ

 Larger Δ
ϕ 

Different metrics vs height (all variables being used)  – test dataset

(precision)
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Results
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AdaBoost
Decision Tree
Linear SVM
Naive Bayes
Nearest Neighbors
Neural Net
QDA
RBF SVM
Random Forest

run 1: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 2: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 3: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 4: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 5: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 6: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 7: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 8: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 9: (N, T, P, e, RH, lat, lon, Tb, P, r)
run 10: (N, T, P, e, RH, lat, lon, Tb, P, r)
run11:(N, T, P, e, RH, lat, lon, Tb, P, r)
run12:(N, T, P, e, RH, lat, lon, Tb, P, r)
run13:(N, T, P, e, RH, lat, lon, Tb, P, r)

Accuracy vs used combination of parameters – test dataset
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Results
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Accuracy vs used combination of parameters

• As expected, accuracy is increased when external information about IR and 
precip is included (run 1-5)

• When IR and meanP are not included, accuracy is still high as long as N, e, or RH 
are kept (run 6,7,8)

• When IR, meanP, N, e, and RH are removed, the accuracy is compromised (run 9-13)
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Results – feature importance

• For a trained model, we can perform a “feature importance” inspection

• This informs us, for a trained model, how much it affects the overall accuracy to remove 
single parameters

• With caution, the results could be understood as a ranking of the importance of each 
parameter in the prediction 

Feature importance for a trained model
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Results – feature importance
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Feature importance for a trained model

Height = 4 km

Ranking:

• Mean surface precip
• IR brightness Temp.
• RH
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Results – feature importance
Feature importance for a trained model

Height = 4 km (w/o precip)

Ranking:

• RH
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Results – feature importance
Feature importance for a trained model

Height = 10 km

Ranking:

• IR brightness Temp.
• Mean surface precip
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Results – feature importance
Feature importance for a trained model

Height = 10 km (w/o precip)

Ranking:

• WV pressure
• RH
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Results – feature importance
Feature importance for a trained model

Height = 10 km (w/o precip)

Ranking:

• WV pressure
• RH

• Low heights (e.g. 4km) when all data is used, more weight towards surface 
precipitation variable

• Higher heights (e.g. 10km), more weight towards IR brightness temperature

• When only thermodynamics are used, at lower heights Relative Humidity 
dominates

• Whereas at higher heights, water vapor pressure dominates. 
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Results
Vertical profiles using classification results
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• We tried to build vertical profiles of  “predicted” Δϕ 
profiles

• Looping over heights and Δϕ thresholds

• Comparison with real data yields different results. 
More work to be done.

● Pattern in success / failure ?
● To test regression algorithms
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Conclusions

• Overall, good numbers in most metrics for simple classifications (  Δϕ above certain 
threshold)

• The use of these algorithms provides an easy way to inspect the feature importance, 
therefore we have an estimation of which parameters have more influence at 
different heights

• Room for improvement:

● Regression algorithms
● More complex AI methods (neural nets?)

The shown preliminary results offer some promising conclusions



Thank you
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