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Background
• Numerous sources of data for forecasters
• Develop algorithm to breakdown conditions surrounding an event
• Identify important environmental variables for each type of 

precipitation
• Synthesize data and conditions to improve forecasting ability 



Machine Learning in Operational Forecasting

Hill et al. (2020)

Improving 
forecast

• Become more 
common in recent 
years
• Proven to be 

effective in several 
areas of forecasting
• Improve forecasts 

when used alone or 
in combination 
with forecasters



Random Forest
• ‘Forest’ of decision trees
• Identify patterns and nonlinear 

interactions in data
• Train the trees to make a 

prediction from its previous 
knowledge
• Generate a probabilistic outcome 

and relative feature importance



Case List

• Study period January 
2017 – September 
2020
• Using CoCoRaHS data 

to identify cases
• Precipitations types 

identified: Rain, Snow, 
Freezing Rain, and 
Sleet



Data Sources
• New York State Mesonet 

(NYSM)
• Hourly Statistics
• 5-minute observations

• Upper Air Soundings
• BUF, ALB, OKX offices and 

WMW (Canada)

• North American 
Mesoscale (NAM) 
Forecast Model
• 4km resolution from 

BUFKIT



Features (Variables) in Datasets
NYSM Hourly NYSM 5-Minute

Temperature (min, max, avg) 2m Temperature

Relative Humidity (min, max, avg) Relative Humidity 

Station Pressure (min, max, avg) Station and Sea Level Pressure 

Insolation (avg and total) Insolation

Precipitation (hourly, daily, intensity) Precipitation (hourly, daily, intensity)

Wind Speed (avg and max) and Direction (avg) Wind Speed (avg and max) and Direction (avg)



Features (Variables) in Datasets

Sounding 
Profiles

Standard Pressure 
Levels (surface, 925, 

850, 700, 500)

Differences between 
Standards Pressure 

Levels

Supplemental 
Variables Added Variables

• Temperature
• Pressure
• Dew point

• Wind Speed and 
Direction

• Geopotential Height
• Wet Bulb 
Temperature

• Relative Humidity

• Temperature
• Precipitable 

Water Vapor
• Wind Speed and 

Direction 

• Critical 
thickness-

(surface-850hPa 
and surface-

500hPa)

• Max Wet Bulb Temperature 925-700hPa
• Positive and Negative areas and ratio of 

Positive to Negative (Bourgouin 2000)
• Critical Thickness- (850-700hPa and 700-

500hPa)
• Mean Relative Humidity surface-500hPa

• Dew point depression
• Mean Temperature- (surface-850hPa and 

surface-700hPa)
• Min Temperature surface-850hPa
• Max Temperature 850-700hPa



Random Forest Methods & Evaluation
• Configuration: 650 trees, 75/25 training and testing split, stratified
• Accuracy, Precision, Recall, F1 Scores

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝐹1 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

TP FN

FP TN

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝐶𝑎𝑠𝑒𝑠



Random Forest Framework

Training Data Sets 

Testing Data Sets
Data Set 

Formation
Cases: CoCoRaHS Reports

Data: NYSM, UA Balloons, NAMNEST
Cases: 20km grid spacing

Data: NYSM, UA Balloons, NAMNEST

Data Set 
Preparation

Clean data & calculate variables to match 
training data set

Prepare & calculate variables to identify 
precipitation type

Testing Evaluate Training Data Set, Calculate statistics to 
evaluate accuracy, Pick most accurate data set

Operational 
RF

Combine best training data set with new testing data set
Run RF to generate probabilistic predictions and most important variables

Plot probabilities of each precipitation type and reflectivity, Mask for temperature (>45℉)Output



Random Forest Results
Original Soundings-
NWS Buffalo, Albany, 
and Upton
HAVG_RCO: NYSM 
Hourly Averaged Raw 
and Calculated Original
HAVG_RO: NYSM 
Hourly Averaged 
Raw Original
HAVG_CO: NYSM 
Hourly Averaged 
Calculated Original
OBS5_RCO: NYSM 5-
minute observations Raw 
and Calculated Original
OBS5_RO: NYSM 5-
minute observations Raw 
Original
OBS5_CO: NYSM 5-
minute observations 
Calculated Original
ALL_RCO: ALL NYSM 
Raw and Calculated 
Original
ALL_RO: ALL NYSM 
Raw Original
ALL_CO: ALL NYSM 
Calculated Original



Random Forest Results

NYSM 5 Min and Sounding 
raw data

NYSM Hourly AVG and 
Sounding Raw data

All NYSM and 
Sounding Raw data



Random Forest Results



Random Forest Results
• NAM 4km 

sounding profile 
dataset
• Uses forecast hour 

timing to match 
with events

NAM_RCO: NAM Raw and Calculated Original
NAM_RO: NAM Raw Original
NAM_CO: NAM Calculated Original



Random Forest Results

NAM 4km Soundings 
Raw data

NAM 4km Soundings Raw 
and Calculated data

NAM 4km Soundings 
Calculated data



Random Forest Results

NAM_RCO: NAM Raw and Calculated Original
NAM_RO: NAM Raw Original
NAM_CO: NAM Calculated Original

NAM_RCN: NAM Raw and Calculated New
NAM_RN: NAM Raw New
NAM_CN: NAM Calculated New



Random Forest Results



Random Forest Results

Original Soundings- NWS Buffalo, Albany, and Upton
Updated Soundings- NWS Buffalo, Albany, Upton and 
Maniwaki, Quebec or NAM
ALL_RCO: ALL NYSM Raw and Calculated Original
ALL_RO: ALL NYSM Raw Original
ALL_CO: ALL NYSM Calculated Original

ALL_RCN: ALL NYSM Raw and Calculated New
ALL_RN: ALL NYSM Raw New
ALL_CN: ALL NYSM Calculated New

ALL_NAM_RCN: ALL NYSM and NAM Raw and 
Calculated New
ALL_NAM_RN: ALL NYSM and NAM Raw New
ALL_NAM_CN: ALL NYSM and NAM Calculated New



Random Forest Framework

Training Data Sets 

Testing Data Sets
Data Set 

Formation
Cases: CoCoRaHS Reports

Data: NYSM, UA Balloons, NAMNEST
Cases: 20km grid spacing

Data: NYSM, UA Balloons, NAMNEST

Data Set 
Preparation

Clean data & calculate variables to match 
training data set

Prepare & calculate variables to identify 
precipitation type

Testing Evaluate Training Data Set, Calculate statistics to 
evaluate accuracy, Pick most accurate data set

Operational 
RF

Combine best training data set with new testing data set
Run RF to generate probabilistic predictions and most important variables

Plot probabilities of each precipitation type and reflectivity, Mask for temperature (>45℉)Output



Operational Product
• Develop web-based 

product for 
operational use
• Live updating map of 

probabilities with 
radar/reflectivity 
• Incorporate 

information about 
most important 
variables



Products



Products



Products



Products



Products



Products



Operational Product

Data Fusion Operational Website:
http://www.atmos.albany.edu/student/

filipiak/op/

http://www.atmos.albany.edu/student/filipiak/op/




















Future Work
• Add in additional data sources
• Understand importance of individual features on specific 

precipitation types
• Trial running reduced random forest with only most important 

variables
• Test over winter months



Conclusions
• Many sources of information when creating a forecast
• Random forests can accurately identify different precipitation types
• Specific data types and combinations of may need to be treated 

differently
• There will always be room for human interpretation of computer-

generated guidance



Questions?

Contact: Brian Filipiak, bfilipiak@albany.edu

http://www.atmos.albany.edu/student/filipiak/
op/

mailto:bfilipiak@albany.edu
http://www.atmos.albany.edu/student/filipiak/op/

