

    
      
          
            
  
pytesmo a Python Toolbox for the Evaluation of Soil Moisture Observations

pytesmo is a package which aims it is to provide a standard library that can be
used for the comparison and validation of geospatial time series datasets with a
focus on soil moisture.

It contains an expanding collection of readers for different soil moisture
datasets (see Supported Datasets) as well as routines for comparing them.
Special classes in the module pytesmo.grid.grids provide easy nearest
neighbor searching between datasets as well as the calculation of lookup tables
of nearest neighbours. They also provide possibilities to easily read all grid
points of a dataset in the correct order.

It contains the code used for the calculation of metrics by the Satellite Soil
Moisture Validation Tool For ASCAT [http://rs.geo.tuwien.ac.at/validation_tool/ascat.html]. See pytesmo.metrics.


Features


	easily read data from the Supported Datasets


	anomaly calculation based on climatology or using a moving window see
pytesmo.time_series.anomaly


	easy temporal matching of time series see pytesmo.temporal_matching


	multiple methods for scaling between different observation domains (CDF
matching, linear regression, min-max matching) see pytesmo.scaling


	calculate standard metrics like correlation coefficients, RMSD, bias, as well
as more complex ones like Triple collocation or MSE as a
decomposition of the RMSD see pytesmo.metrics







Supported Datasets

Soil moisture is observed using different methods and instruments, in this
version several satellite datasets as well as in situ data are supported.


ASCAT

Ascat data is supported via the ascat package [https://github.com/TUW-GEO/ascat]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ascat#installation].




H-SAF image products

H-SAF data is also supported via the ascat package [https://github.com/TUW-GEO/ascat]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ascat#installation].




SMAP

SMAP data is supported via the smap_io package [https://github.com/TUW-GEO/smap_io]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/smap_io#installation].




GLDAS Noah

GLDAS Noah data is supported via the gldas package [https://github.com/TUW-GEO/gldas]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/gldas#installation].




ERA Interim

ERA Interim data is supported via the ecmwf_models package [https://github.com/TUW-GEO/ecmwf_models]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ecmwf_models#installation].




ERS


	ERS-1/2 AMI 25km SSM (Surface Soil Moisture)

available from http://rs.geo.tuwien.ac.at/products





To read the ERS please also install the ascat package [https://github.com/TUW-GEO/ascat].




Data from the International Soil Moisture Network (ISMN)

ISMN data can be downloaded for free after registration from the ISMN Website [http://ismn.geo.tuwien.ac.at/]

In case of the ISMN, two different formats are provided:


	Variables stored in separate files (CEOP formatted)


this format is supported 100% and should work with all examples






	Variables stored in separate files (Header+values)


this format is supported 100% and should work with all examples








If you downloaded ISMN data in one of the supported formats in the past it can
be that station names are not recognized correctly because they contained the
‘_’ character which is supposed to be the separator. If you experience problems
because of this please download new data from the ISMN since this issue should
be fixed.






Installation


Necessary Python packages

In order to enjoy all pytesmo features Python 2.7, 3.3, 3.4 or 3.5 with the following
packages should be installed.


	numpy >= 1.7.0 http://www.numpy.org/


	pandas >= 0.11.0 http://pandas.pydata.org/


	scipy >= 0.12.0 http://www.scipy.org/


	netCDF4 >= 1.0.1 https://pypi.python.org/pypi/netCDF4


	pygeogrids https://pypi.python.org/pypi/pygeogrids


	matplotlib >= 1.2.0 http://matplotlib.org/




optional


	pykdtree https://github.com/storpipfugl/pykdtree


which makes Nearest Neighbor search faster (Linux only)






	pyresample https://github.com/pytroll/pyresample


for resampling of irregular images onto a regular grid for e.g. plotting






	matplotlib - basemap >= 1.0.5 http://matplotlib.org/basemap/

for plotting maps of ISMN stations, maps in general








How to install python packages

If you have no idea of how to install python packages then I’ll try to give a
short overview and provide links to resources that can explain the process.

The recommended way of installing python packages is using pip [https://pip.pypa.io/en/latest/installing.html] which downloads the package
you want from the python package repository Pypi [https://pypi.python.org/]
and installs it if possible. For more complex packages that depend upon a C or
Fortran library like netCDF4 or pybufr-ecmwf installation instructions are
provided on the package website. Try to install these packages with Anaconda_
whenever possible.




conda

It is easiest to install packages that depend on C or Fortran libraries with
conda. See http://conda.pydata.org/docs/ on how to use it.

The following installation script using conda should get you started on both
Windows and Linux.

conda create -n pytesmo -c conda-forge python=2.7 numpy scipy pandas netCDF4 cython pytest pip matplotlib pyproj
source activate test
pip install pygeogrids
pip install pyresample
pip install pytesmo








Windows


Note

If you are using windows and conda is missing a package then always check
http://www.lfd.uci.edu/~gohlke/pythonlibs/ to see if there is already a
precompiled .exe or .whl file for you to easily install.






Windows binaries

pytesmo windows wheels are available for 32 and 64 bit systems from pypi [https://pypi.python.org/pypi/pytesmo] so using:

pip install pytesmo





should generally work on windows if the dependencies are installed.




Linux

If you already have a working python installation with the necessary packages
download and unpack the pytesmo source package which is available from


	Pypi https://pypi.python.org/pypi/pytesmo




just change the active directory to the unpacked pytesmo folder and use
the following command in the command line:

python setup.py install





or if you’d rather use pip then use the command:

pip install pytesmo










Contribute

If you would like to help this project by improving the documentation, providing
examples of how you use it or by extending the functionality of pytesmo we would
be very happy.

Please browse the source code which is available at http://github.com/TUW-GEO/pytesmo

Feel free to contact Christoph Paulik [http://rs.geo.tuwien.ac.at/our-team/christoph-paulik/] in case of any
questions or requests.
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pytesmo a Python Toolbox for the Evaluation of Soil Moisture Observations

pytesmo is a package which aims it is to provide a standard library that can be
used for the comparison and validation of geospatial time series datasets with a
focus on soil moisture.

It contains an expanding collection of readers for different soil moisture
datasets (see Supported Datasets) as well as routines for comparing them.
Special classes in the module pytesmo.grid.grids provide easy nearest
neighbor searching between datasets as well as the calculation of lookup tables
of nearest neighbours. They also provide possibilities to easily read all grid
points of a dataset in the correct order.

It contains the code used for the calculation of metrics by the Satellite Soil
Moisture Validation Tool For ASCAT [http://rs.geo.tuwien.ac.at/validation_tool/ascat.html]. See pytesmo.metrics.


Features


	easily read data from the Supported Datasets


	anomaly calculation based on climatology or using a moving window see
pytesmo.time_series.anomaly


	easy temporal matching of time series see pytesmo.temporal_matching


	multiple methods for scaling between different observation domains (CDF
matching, linear regression, min-max matching) see pytesmo.scaling


	calculate standard metrics like correlation coefficients, RMSD, bias, as well
as more complex ones like Triple collocation or MSE as a
decomposition of the RMSD see pytesmo.metrics







Supported Datasets

Soil moisture is observed using different methods and instruments, in this
version several satellite datasets as well as in situ data are supported.


ASCAT

Ascat data is supported via the ascat package [https://github.com/TUW-GEO/ascat]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ascat#installation].




H-SAF image products

H-SAF data is also supported via the ascat package [https://github.com/TUW-GEO/ascat]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ascat#installation].




SMAP

SMAP data is supported via the smap_io package [https://github.com/TUW-GEO/smap_io]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/smap_io#installation].




GLDAS Noah

GLDAS Noah data is supported via the gldas package [https://github.com/TUW-GEO/gldas]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/gldas#installation].




ERA Interim

ERA Interim data is supported via the ecmwf_models package [https://github.com/TUW-GEO/ecmwf_models]. If you want to use this data then please
follow the installation instructions [https://github.com/TUW-GEO/ecmwf_models#installation].




ERS


	ERS-1/2 AMI 25km SSM (Surface Soil Moisture)

available from http://rs.geo.tuwien.ac.at/products





To read the ERS please also install the ascat package [https://github.com/TUW-GEO/ascat].




Data from the International Soil Moisture Network (ISMN)

ISMN data can be downloaded for free after registration from the ISMN Website [http://ismn.geo.tuwien.ac.at/]

In case of the ISMN, two different formats are provided:


	Variables stored in separate files (CEOP formatted)


this format is supported 100% and should work with all examples






	Variables stored in separate files (Header+values)


this format is supported 100% and should work with all examples








If you downloaded ISMN data in one of the supported formats in the past it can
be that station names are not recognized correctly because they contained the
‘_’ character which is supposed to be the separator. If you experience problems
because of this please download new data from the ISMN since this issue should
be fixed.






Installation


Necessary Python packages

In order to enjoy all pytesmo features Python 2.7, 3.3, 3.4 or 3.5 with the following
packages should be installed.


	numpy >= 1.7.0 http://www.numpy.org/


	pandas >= 0.11.0 http://pandas.pydata.org/


	scipy >= 0.12.0 http://www.scipy.org/


	netCDF4 >= 1.0.1 https://pypi.python.org/pypi/netCDF4


	pygeogrids https://pypi.python.org/pypi/pygeogrids


	matplotlib >= 1.2.0 http://matplotlib.org/




optional


	pykdtree https://github.com/storpipfugl/pykdtree


which makes Nearest Neighbor search faster (Linux only)






	pyresample https://github.com/pytroll/pyresample


for resampling of irregular images onto a regular grid for e.g. plotting






	matplotlib - basemap >= 1.0.5 http://matplotlib.org/basemap/

for plotting maps of ISMN stations, maps in general








How to install python packages

If you have no idea of how to install python packages then I’ll try to give a
short overview and provide links to resources that can explain the process.

The recommended way of installing python packages is using pip [https://pip.pypa.io/en/latest/installing.html] which downloads the package
you want from the python package repository Pypi [https://pypi.python.org/]
and installs it if possible. For more complex packages that depend upon a C or
Fortran library like netCDF4 or pybufr-ecmwf installation instructions are
provided on the package website. Try to install these packages with Anaconda_
whenever possible.




conda

It is easiest to install packages that depend on C or Fortran libraries with
conda. See http://conda.pydata.org/docs/ on how to use it.

The following installation script using conda should get you started on both
Windows and Linux.

conda create -n pytesmo -c conda-forge python=2.7 numpy scipy pandas netCDF4 cython pytest pip matplotlib pyproj
source activate test
pip install pygeogrids
pip install pyresample
pip install pytesmo








Windows


Note

If you are using windows and conda is missing a package then always check
http://www.lfd.uci.edu/~gohlke/pythonlibs/ to see if there is already a
precompiled .exe or .whl file for you to easily install.






Windows binaries

pytesmo windows wheels are available for 32 and 64 bit systems from pypi [https://pypi.python.org/pypi/pytesmo] so using:

pip install pytesmo





should generally work on windows if the dependencies are installed.




Linux

If you already have a working python installation with the necessary packages
download and unpack the pytesmo source package which is available from


	Pypi https://pypi.python.org/pypi/pytesmo




just change the active directory to the unpacked pytesmo folder and use
the following command in the command line:

python setup.py install





or if you’d rather use pip then use the command:

pip install pytesmo










Contribute

If you would like to help this project by improving the documentation, providing
examples of how you use it or by extending the functionality of pytesmo we would
be very happy.

Please browse the source code which is available at http://github.com/TUW-GEO/pytesmo

Feel free to contact Christoph Paulik [http://rs.geo.tuwien.ac.at/our-team/christoph-paulik/] in case of any
questions or requests.







          

      

      

    

  

    
      
          
            
  
Examples


Reading and plotting data from the ISMN

This example program chooses a random Network and Station and plots the first variable,depth,sensor
combination. To see how to get data for a variable from all stations see the next example.

It can be found in the /examples folder of the pytesmo package under the name plot_ISMN_data.py.

In[1]:

import pytesmo.io.ismn.interface as ismn
import os
import matplotlib.pyplot as plt
import random





In[2]:

#path unzipped file downloaded from the ISMN web portal
#on windows the first string has to be your drive letter
#like 'C:\\'
path_to_ismn_data = os.path.join('D:\\','small_projects','cpa_2013_07_ISMN_userformat_reader',
                                      'header_values_parser_test')





In[3]:

#initialize interface, this can take up to a few minutes the first
#time, since all metadata has to be collected
ISMN_reader = ismn.ISMN_Interface(path_to_ismn_data)

#plot available station on a map
fig, ax = ISMN_reader.plot_station_locations()
plt.show()





[image: _images/plot_ISMN_2_0.png]
In[4]:

#select random network and station to plot
networks = ISMN_reader.list_networks()
print "Available Networks:"
print networks





Available Networks:
['OZNET']





In[5]:

network = random.choice(networks)
stations = ISMN_reader.list_stations(network = network)
print "Available Stations in Network %s"%network
print stations





Available Stations in Network OZNET
['Alabama' 'Balranald-Bolton_Park' 'Banandra' 'Benwerrin' 'Bundure'
 'Canberra_Airport' 'Cheverelis' 'Cooma_Airfield' 'Cootamundra_Aerodrome'
 'Cox' 'Crawford' 'Dry_Lake' 'Eulo' 'Evergreen' 'Ginninderra_K4'
 'Ginninderra_K5' 'Griffith_Aerodrome' 'Hay_AWS' 'Keenan' 'Kyeamba_Downs'
 'Kyeamba_Mouth' 'Kyeamba_Station' 'Rochedale' 'S_Coleambally' 'Samarra'
 'Silver_Springs' 'Spring_Bank' 'Strathvale' 'Uri_Park' 'Waitara'
 'Weeroona' 'West_Wyalong_Airfield' 'Widgiewa' 'Wollumbi' 'Wynella'
 'Yamma_Road' 'Yammacoona' 'Yanco_Research_Station']





In[6]:

station = random.choice(stations)
station_obj = ISMN_reader.get_station(station)
print "Available Variables at Station %s"%station
#get the variables that this station measures
variables = station_obj.get_variables()
print variables





Available Variables at Station Evergreen
['precipitation' 'soil moisture' 'soil temperature']





In[7]:

#to make sure the selected variable is not measured
#by different sensors at the same depths
#we also select the first depth and the first sensor
#even if there is only one
depths_from,depths_to = station_obj.get_depths(variables[0])

sensors = station_obj.get_sensors(variables[0],depths_from[0],depths_to[0])

#read the data of the variable, depth, sensor combination
time_series = station_obj.read_variable(variables[0],depth_from=depths_from[0],depth_to=depths_to[0],sensor=sensors[0])

#print information about the selected time series
print "Selected time series is:"
print time_series





Selected time series is:
OZNET Evergreen -0.50 m - -0.50 m precipitation measured with TB4-0.2-mm-tipping-bucket-raingauge





In[8]:

#plot the data
time_series.plot()
#with pandas 0.12 time_series.plot() also works
plt.legend()
plt.show()





[image: _images/plot_ISMN_7_0.png]
In[9]:

#we also want to see soil moisture
sm_depht_from,sm_depht_to = station_obj.get_depths('soil moisture')
print sm_depht_from,sm_depht_to





[ 0.   0.   0.3  0.6] [ 0.05  0.3   0.6   0.9 ]





In[10]:

#read sm data measured in first layer 0-0.05m
sm = station_obj.read_variable('soil moisture',depth_from=0,depth_to=0.05)
sm.plot()
plt.show()





[image: _images/plot_ISMN_9_0.png]



Calculating anomalies and climatologies

This Example script reads and plots ASCAT H25 SSM data. The pytesmo.time_series.anomaly module
is then used to calculate anomalies and climatologies of the time series.
It can be found in the /examples folder of the pytesmo package under the name anomalies.py

import pytesmo.io.sat.ascat as ascat
import pytesmo.time_series as ts

import os
import matplotlib.pyplot as plt





ascat_folder = os.path.join('R:\\','Datapool_processed','WARP','WARP5.5',
                                         'ASCAT_WARP5.5_R1.2','080_ssm','netcdf')
ascat_grid_folder = os.path.join('R:\\','Datapool_processed','WARP','ancillary','warp5_grid')
#init the ASCAT_SSM reader with the paths

ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder,ascat_grid_folder)





ascat_ts = ascat_SSM_reader.read_ssm(45,0)
#plot soil moisture
ascat_ts.data['sm'].plot()





<matplotlib.axes.AxesSubplot at 0x22ee3550>





[image: _images/anomalies_2_1.png]
#calculate anomaly based on moving +- 17 day window
anomaly = ts.anomaly.calc_anomaly(ascat_ts.data['sm'], window_size=35)
anomaly.plot()





<matplotlib.axes.AxesSubplot at 0x269109e8>





[image: _images/anomalies_3_1.png]
#calculate climatology
climatology = ts.anomaly.calc_climatology(ascat_ts.data['sm'])
climatology.plot()





<matplotlib.axes.AxesSubplot at 0x1bc54ef0>





[image: _images/anomalies_4_1.png]
#calculate anomaly based on climatology
anomaly_clim = ts.anomaly.calc_anomaly(ascat_ts.data['sm'], climatology=climatology)
anomaly_clim.plot()





<matplotlib.axes.AxesSubplot at 0x1bc76860>





[image: _images/anomalies_5_1.png]



Calculation of the Soil Water Index

The Soil Water Index(SWI) which is a method to estimate root zone soil moisture can be calculated from Surface Soil Moisture(SSM) using an exponential Filter. For more details see this publication of C.Abergel et.al [http://www.hydrol-earth-syst-sci.net/12/1323/2008/]. The following example shows how to calculate the SWI for two T values from ASCAT H25 SSM.

import os

import matplotlib.pyplot as plt

from pytesmo.time_series.filters import exp_filter
import ascat


ascat_folder = os.path.join('/media', 'sf_R', 'Datapool_processed',
                            'WARP', 'WARP5.5', 'IRMA0_WARP5.5_P2',
                            'R1', '080_ssm', 'netcdf')
ascat_grid_folder = os.path.join('/media', 'sf_R',
                                 'Datapool_processed', 'WARP',
                                 'ancillary', 'warp5_grid')

# init the ASCAT_SSM reader with the paths

# ascat_folder is the path in which the cell files are
# located e.g. TUW_METOP_ASCAT_WARP55R12_0600.nc
# ascat_grid_folder is the path in which the file
# TUW_WARP5_grid_info_2_1.nc is located

# let's not include the orbit direction since it is saved as 'A'
# or 'D' it can not be plotted

# the AscatH25_SSM class automatically detects the version of data
# that you have in your ascat_folder. Please do not mix files of
# different versions in one folder

ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder, ascat_grid_folder,
                                      include_in_df=['sm', 'sm_noise',
                                                     'ssf', 'proc_flag'])





ascat_ts = ascat_SSM_reader.read_ssm(gpi, mask_ssf=True, mask_frozen_prob=10,
                                     mask_snow_prob=10)
ascat_ts.plot()





[image: _images/output_2_1.png]
# Drop NA measurements
ascat_sm_ts = ascat_ts.data[['sm', 'sm_noise']].dropna()

# Get julian dates of time series
jd = ascat_sm_ts.index.to_julian_date().get_values()

# Calculate SWI T=10
ascat_sm_ts['swi_t10'] = exp_filter(ascat_sm_ts['sm'].values, jd, ctime=10)
ascat_sm_ts['swi_t50'] = exp_filter(ascat_sm_ts['sm'].values, jd, ctime=50)

fig, ax = plt.subplots(1, 1, figsize=(15, 5))
ascat_sm_ts['sm'].plot(ax=ax, alpha=0.4, marker='o',color='#00bfff', label='SSM')
ascat_sm_ts['swi_t10'].plot(ax=ax, lw=2,label='SWI T=10')
ascat_sm_ts['swi_t50'].plot(ax=ax, lw=2,label='SWI T=50')
plt.legend()





[image: _images/output_3_1.png]



The pytesmo validation framework

The pytesmo validation framework takes care of iterating over datasets,
spatial and temporal matching as well as sclaing. It uses metric
calculators to then calculate metrics that are returned to the user.
There are several metrics calculators included in pytesmo but new ones
can be added simply by writing a new class.


Overview

How does the validation framework work? It makes these assumptions about
the used datasets:


	The dataset readers that are used have a read_ts method that can
be called either by a grid point index (gpi) which can be any
indicator that identifies a certain grid point or by using longitude
and latitude. This means that both call signatures read_ts(gpi)
and read_ts(lon, lat) must be valid. Please check the
pygeobase [https://github.com/TUW-GEO/pygeobase] documentation
for more details on how a fully compatible dataset class should look.
But a simple read_ts method should do for the validation
framework. This assumption can be relaxed by using the
read_ts_names keyword in the
pytesmo.validation_framework.data_manager.DataManager class.


	The read_ts method returns a pandas.DataFrame time series.


	Ideally the datasets classes also have a grid attribute that is a
pygeogrids [http://pygeogrids.readthedocs.org/en/latest/] grid.
This makes the calculation of lookup tables easily possible and the
nearest neighbor search faster.




Fortunately these assumptions are true about the dataset readers
included in pytesmo.

It also makes a few assumptions about how to perform a validation. For a
comparison study it is often necessary to choose a spatial reference
grid, a temporal reference and a scaling or data space reference.


Spatial reference

The spatial reference is the one to which all the other datasets are
matched spatially. Often through nearest neighbor search. The validation
framework uses grid points of the dataset specified as the spatial
reference to spatially match all the other datasets with nearest
neighbor search. Other, more sophisticated spatial matching algorithms
are not implemented at the moment. If you need a more complex spatial
matching then a preprocessing of the data is the only option at the
moment.




Temporal reference

The temporal reference is the dataset to which the other dataset are
temporally matched. That means that the nearest observation to the
reference timestamps in a certain time window is chosen for each
comparison dataset. This is by default done by the temporal matching
module included in pytesmo. How many datasets should be matched to the
reference dataset at once can be configured, we will cover how to do
this later.




Data space reference

It is often necessary to bring all the datasets into a common data space
by using scaling. Pytesmo offers a choice of several scaling algorithms
(e.g. CDF matching, min-max scaling, mean-std scaling, triple
collocation based scaling). The data space reference can also be chosen
independently from the other two references. New scaling methods can be
implemented by writing a scaler class. An example of a scaler class can
be found in the pytesmo.validation_framework.data_scalers.DefaultScaler.






Data Flow

After it is initialized, the validation framework works through the
following steps:


	Read all the datasets for a certain job (gpi, lon, lat)


	Read all the masking datasets if any


	Mask the temporal reference dataset using the masking data


	Temporally match all the chosen combinations of temporal reference
and other datasets


	Scale all datasets into the data space of the data space reference,
if scaling is activated


	Turn the temporally matched time series over to the metric
calculators


	Get the calculated metrics from the metric calculators


	Put all the metrics into a dictionary by dataset combination and
return them.







Masking datasets

Masking datasets can be used if the the datasets that are compared do
not contain the necessary information to mask them. For example we might
want to use modelled soil temperature data to mask our soil moisture
observations before comparing them. To be able to do that we just need a
Dataset that returns a pandas.DataFrame with one column of boolean data
type. Everywhere where the masking dataset is True the data will be
masked.

Let’s look at a first example.




Example soil moisture validation: ASCAT - ISMN

This example shows how to setup the pytesmo validation framework to
perform a comparison between ASCAT and ISMN data.

import os
import tempfile

import pytesmo.validation_framework.metric_calculators as metrics_calculators

from datetime import datetime

from ascat.timeseries import AscatSsmCdr
from pytesmo.io.ismn.interface import ISMN_Interface
from pytesmo.validation_framework.validation import Validation
from pytesmo.validation_framework.results_manager import netcdf_results_manager





First we initialize the data readers that we want to use. In this case
the ASCAT soil moisture time series and in situ data from the ISMN.

Initialize ASCAT reader

ascat_data_folder = os.path.join('/home', 'cpa', 'workspace', 'pytesmo',
                                 'tests', 'test-data', 'sat', 'ascat', 'netcdf', '55R22')
ascat_grid_folder = os.path.join('/media/sf_R', 'Datapool_processed', 'WARP',
                                 'ancillary', 'warp5_grid')
static_layers_folder = os.path.join('/home', 'cpa', 'workspace', 'pytesmo',
                                    'tests', 'test-data', 'sat',
                                    'h_saf', 'static_layer')


ascat_reader = AscatSsmCdr(ascat_data_folder, ascat_grid_folder,
                           static_layer_path=static_layers_folder)





Initialize ISMN reader

ismn_data_folder = '/data/Development/python/workspace/pytesmo/tests/test-data/ismn/multinetwork/header_values/'
ismn_reader = ISMN_Interface(ismn_data_folder)





The validation is run based on jobs. A job consists of at least three
lists or numpy arrays specifing the grid point index, its latitude and
longitude. In the case of the ISMN we can use the dataset_ids that
identify every time series in the downloaded ISMN data as our grid point
index. We can then get longitude and latitude from the metadata of the
dataset.

DO NOT CHANGE the name *jobs* because it will be searched during
the parallel processing!

jobs = []

ids = ismn_reader.get_dataset_ids(variable='soil moisture', min_depth=0, max_depth=0.1)
for idx in ids:
    metadata = ismn_reader.metadata[idx]
    jobs.append((idx, metadata['longitude'], metadata['latitude']))
print jobs





[(0, 102.13330000000001, 33.666600000000003), (1, 102.13330000000001, 33.883299999999998), (2, -120.9675, 38.430030000000002), (3, -120.78559, 38.149560000000001), (4, -120.80638999999999, 38.17353), (5, -105.417, 34.25), (6, -97.082999999999998, 37.133000000000003), (7, -86.549999999999997, 34.783000000000001)]





For this small test dataset it is only one job

It is important here that the ISMN reader has a read_ts function that
works by just using the dataset_id. In this way the validation
framework can go through the jobs and read the correct time series.

data = ismn_reader.read_ts(ids[0])
print data.head()





                     soil moisture soil moisture_flag soil moisture_orig_flag
date_time
2008-07-01 00:00:00           0.45                  U                       M
2008-07-01 01:00:00           0.45                  U                       M
2008-07-01 02:00:00           0.45                  U                       M
2008-07-01 03:00:00           0.45                  U                       M
2008-07-01 04:00:00           0.45                  U                       M








Initialize the Validation class

The Validation class is the heart of the validation framwork. It
contains the information about which datasets to read using which
arguments or keywords and if they are spatially compatible. It also
contains the settings about which metric calculators to use and how to
perform the scaling into the reference data space. It is initialized in
the following way:

datasets = {'ISMN': {'class': ismn_reader,
                     'columns': ['soil moisture']},
            'ASCAT': {'class': ascat_reader, 'columns': ['sm'],
                      'kwargs': {'mask_frozen_prob': 80,
                                 'mask_snow_prob': 80,
                                 'mask_ssf': True}}
           }





The datasets dictionary contains all the information about the datasets
to read. The class is the dataset class to use which we have already
initialized. The columns key describes which columns of the dataset
interest us for validation. This a mandatory field telling the framework
which other columns to ignore. In this case the columns
soil moisture_flag and soil moisture_orig_flag will be ignored
by the ISMN reader. We can also specify additional keywords that should
be given to the read_ts method of the dataset reader. In this case
we want the ASCAT reader to mask the ASCAT soil moisture using the
included frozen and snow probabilities as well as the SSF. There are
also other keys that can be used here. Please see the documentation for
explanations.

period = [datetime(2007, 1, 1), datetime(2014, 12, 31)]
basic_metrics = metrics_calculators.BasicMetrics(other_name='k1')

process = Validation(
    datasets, 'ISMN', {(2, 2): basic_metrics.calc_metrics},
    temporal_ref='ASCAT',
    scaling='lin_cdf_match',
    scaling_ref='ASCAT',
    period=period)





During the initialization of the Validation class we can also tell it
other things that it needs to know. In this case it uses the datasets we
have specified earlier. The spatial reference is the 'ISMN' dataset
which is the second argument. The third argument looks a little bit
strange so let’s look at it in more detail.

It is a dictionary with a tuple as the key and a function as the value.
The key tuple (n, k) has the following meaning: n datasets are
temporally matched together and then given in sets of k columns to
the metric calculator. The metric calculator then gets a DataFrame with
the columns [‘ref’, ‘k1’, ‘k2’ …] and so on depending on the value of
k. The value of (2, 2) makes sense here since we only have two
datasets and all our metrics also take two inputs.

This can be used in more complex scenarios to e.g. have three input
datasets that are all temporally matched together and then combinations
of two input datasets are given to one metric calculator while all three
datasets are given to another metric calculator. This could look like
this:

{ (3 ,2): metric_calc,
  (3, 3): triple_collocation}





Create the variable *save_path* which is a string representing the
path where the results will be saved. DO NOT CHANGE the name
*save_path* because it will be searched during the parallel
processing!

save_path = tempfile.mkdtemp()





import pprint
for job in jobs:

    results = process.calc(*job)
    pprint.pprint(results)
    netcdf_results_manager(results, save_path)





{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.04330891], dtype=float32),
                                                'R': array([ 0.7128256], dtype=float32),
                                                'RMSD': array([ 7.72966719], dtype=float32),
                                                'gpi': array([0], dtype=int32),
                                                'lat': array([ 33.6666]),
                                                'lon': array([ 102.1333]),
                                                'n_obs': array([384], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.70022893], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([ 0.237454], dtype=float32),
                                                'R': array([ 0.4996146], dtype=float32),
                                                'RMSD': array([ 11.58347607], dtype=float32),
                                                'gpi': array([1], dtype=int32),
                                                'lat': array([ 33.8833]),
                                                'lon': array([ 102.1333]),
                                                'n_obs': array([357], dtype=int32),
                                                'p_R': array([  6.12721281e-24], dtype=float32),
                                                'p_rho': array([  2.47165110e-28], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.53934574], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.63301021], dtype=float32),
                                                'R': array([ 0.78071409], dtype=float32),
                                                'RMSD': array([ 14.57700157], dtype=float32),
                                                'gpi': array([2], dtype=int32),
                                                'lat': array([ 38.43003]),
                                                'lon': array([-120.9675]),
                                                'n_obs': array([482], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.69356072], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-1.9682411], dtype=float32),
                                                'R': array([ 0.79960084], dtype=float32),
                                                'RMSD': array([ 13.06224251], dtype=float32),
                                                'gpi': array([3], dtype=int32),
                                                'lat': array([ 38.14956]),
                                                'lon': array([-120.78559]),
                                                'n_obs': array([141], dtype=int32),
                                                'p_R': array([  1.38538225e-32], dtype=float32),
                                                'p_rho': array([  4.62621032e-39], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.84189808], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.21823417], dtype=float32),
                                                'R': array([ 0.80635566], dtype=float32),
                                                'RMSD': array([ 12.90389824], dtype=float32),
                                                'gpi': array([4], dtype=int32),
                                                'lat': array([ 38.17353]),
                                                'lon': array([-120.80639]),
                                                'n_obs': array([251], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([  4.20389539e-45], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.74206454], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.14228749], dtype=float32),
                                                'R': array([ 0.50703788], dtype=float32),
                                                'RMSD': array([ 14.24668026], dtype=float32),
                                                'gpi': array([5], dtype=int32),
                                                'lat': array([ 34.25]),
                                                'lon': array([-105.417]),
                                                'n_obs': array([1927], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([  3.32948515e-42], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.30299741], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([ 0.2600247], dtype=float32),
                                                'R': array([ 0.53643185], dtype=float32),
                                                'RMSD': array([ 21.19682884], dtype=float32),
                                                'gpi': array([6], dtype=int32),
                                                'lat': array([ 37.133]),
                                                'lon': array([-97.083]),
                                                'n_obs': array([1887], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.53143877], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.04437888], dtype=float32),
                                                'R': array([ 0.6058206], dtype=float32),
                                                'RMSD': array([ 17.3883934], dtype=float32),
                                                'gpi': array([7], dtype=int32),
                                                'lat': array([ 34.783]),
                                                'lon': array([-86.55]),
                                                'n_obs': array([1652], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.62204134], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}





The validation is then performed by looping over all the defined jobs
and storing the results. You can see that the results are a dictionary
where the key is a tuple defining the exact combination of datasets and
columns that were used for the calculation of the metrics. The metrics
itself are a dictionary of metric-name: numpy.ndarray which also
include information about the gpi, lon and lat. Since all the
information contained in the job is given to the metric calculator they
can be stored in the results.

Storing of the results to disk is at the moment supported by the
netcdf_results_manager which creates a netCDF file for each dataset
combination and stores each metric as a variable. We can inspect the
stored netCDF file which is named after the dictionary key:

import netCDF4
results_fname = os.path.join(save_path, 'ASCAT.sm_with_ISMN.soil moisture.nc')

with netCDF4.Dataset(results_fname) as ds:
    for var in ds.variables:
        print var, ds.variables[var][:]





n_obs [ 384  357  482  141  251 1927 1887 1652]
tau [ nan  nan  nan  nan  nan  nan  nan  nan]
gpi [0 1 2 3 4 5 6 7]
RMSD [  7.72966719  11.58347607  14.57700157  13.06224251  12.90389824
  14.24668026  21.19682884  17.3883934 ]
lon [ 102.1333   102.1333  -120.9675  -120.78559 -120.80639 -105.417    -97.083
  -86.55   ]
p_tau [ nan  nan  nan  nan  nan  nan  nan  nan]
BIAS [-0.04330891  0.237454   -0.63301021 -1.9682411  -0.21823417 -0.14228749
  0.2600247  -0.04437888]
p_rho [  0.00000000e+00   2.47165110e-28   0.00000000e+00   4.62621032e-39
   4.20389539e-45   3.32948515e-42   0.00000000e+00   0.00000000e+00]
rho [ 0.70022893  0.53934574  0.69356072  0.84189808  0.74206454  0.30299741
  0.53143877  0.62204134]
lat [ 33.6666   33.8833   38.43003  38.14956  38.17353  34.25     37.133
  34.783  ]
R [ 0.7128256   0.4996146   0.78071409  0.79960084  0.80635566  0.50703788
  0.53643185  0.6058206 ]
p_R [  0.00000000e+00   6.12721281e-24   0.00000000e+00   1.38538225e-32
   0.00000000e+00   0.00000000e+00   0.00000000e+00   0.00000000e+00]








Parallel processing

The same code can be executed in parallel by defining the following
start_processing function.

def start_processing(job):
    try:
        return process.calc(*job)
    except RuntimeError:
        return process.calc(*job)





pytesmo.validation_framework.start_validation can then be used to
run your validation in parallel. Your setup code can look like this
Ipython notebook without the loop over the jobs. Otherwise the
validation would be done twice. Save it into a .py file e.g.
my_validation.py.

After starting the ipyparallel
cluster [http://ipyparallel.readthedocs.org/en/latest/process.html]
you can then execute the following code:

from pytesmo.validation_framework import start_validation

# Note that before starting the validation you must start a controller
# and engines, for example by using: ipcluster start -n 4
# This command will launch a controller and 4 engines on the local machine.
# Also, do not forget to change the setup_code path to your current setup.

setup_code = "my_validation.py"
start_validation(setup_code)








Masking datasets

Masking datasets are datasets that return a pandas DataFrame with
boolean values. True means that the observation should be masked,
False means it should be kept. All masking datasets are temporally
matched in pairs to the temporal reference dataset. Only observations
for which all masking datasets have a value of False are kept for
further validation.

The masking datasets have the same format as the dataset dictionary and
can be specified in the Validation class with the masking_datasets
keyword.


Masking adapter

To easily transform an existing dataset into a masking dataset
pytesmo offers a adapter class that calls the read_ts method of
an existing dataset and performs the masking based on an operator and a
given threshold.

from pytesmo.validation_framework.adapters import MaskingAdapter

ds_mask = MaskingAdapter(ismn_reader, '<', 0.2)
print ds_mask.read_ts(ids[0])['soil moisture'].head()





date_time
2008-07-01 00:00:00    False
2008-07-01 01:00:00    False
2008-07-01 02:00:00    False
2008-07-01 03:00:00    False
2008-07-01 04:00:00    False
Name: soil moisture, dtype: bool












Triple collocation and triple collocation based scaling

This example shows how to use the triple collocation routines in the pytesmo.metrics module.
It also is a crash course to the theory behind triple collocation and links to relevant publications.




Triple collocation

Triple collocation can be used to estimate the random error variance in
three collocated datasets of the same geophysical variable [Stoffelen_1998]. Triple
collocation assumes the following error model for each time series:

[image: X = \alpha + \beta\Theta + \varepsilon]

in which [image: \Theta] is the true value of the geophysical variable
e.g. soil moisture. [image: \alpha] and [image: \beta] are additive and
multiplicative biases of the data and [image: \varepsilon] is a zero mean
random noise which we want to estimate.

Estimation of the triple collocation error [image: \varepsilon] is
commonly done using one of two approaches:


	Scaling/calibrating the datasets to a reference dataset (removing
[image: \alpha] and [image: \beta]) and calculating the triple
collocation error based on these datasets.


	Estimation of the triple collocation error based on the covariances
between the datasets. This also yields (linear) scaling parameters
([image: \beta]) which can be used if scaling of the datasets is
desired.





Note

The scaling approaches commonly used in approach 1 are not ideal for e.g. data
assimilation. Under the assumption that assimilated observations should
have orthogonal errors, triple collocation based scaling parameters are
ideal [Yilmaz_2013].

Approach 2 is recommended for scaling if three datasets are available.




Generate a synthetic dataset

We can now make three synthetic time series based on the defined error
model:

[image: x = \alpha_x + \beta_x\Theta + \varepsilon_x]

[image: y = \alpha_y + \beta_y\Theta + \varepsilon_y]

[image: z = \alpha_z + \beta_z\Theta + \varepsilon_z]

In which we will assume that our [image: \Theta] i.e. the real observed
signal, is a simple sine curve.

import numpy as np
import matplotlib.pyplot as plt

# number of observations
n = 1000000
# x coordinates for initializing the sine curve
coord = np.linspace(0, 2*np.pi, n)
signal = np.sin(coord)

# error i.e. epsilon of the three synthetic time series
sig_err_x = 0.02
sig_err_y = 0.07
sig_err_z = 0.04
err_x = np.random.normal(0, sig_err_x, n)
err_y = np.random.normal(0, sig_err_y, n)
err_z = np.random.normal(0, sig_err_z, n)

# additive and multiplicative biases
# they are assumed to be zero for dataset x
alpha_y = 0.2
alpha_z = 0.5

beta_y = 0.9
beta_z = 1.6

x = signal + err_x
# here we assume errors that are already scaled
y = alpha_y + beta_y * (signal + err_y)
z = alpha_z + beta_z * (signal + err_z)

plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y, alpha=0.3, label='y')
plt.plot(coord, z, alpha=0.3, label='z')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_2_0.png]



Approach 1

We can now use these three time series and estimate the [image: \varepsilon]
values using approach 1.

The functions we can be found in:


	pytesmo.scaling


	pytesmo.metrics.tcol_error()




We will use mean-standard deviation scaling. This type of scaling brings
the data to the same mean and standard deviation as the reference
dataset.

import pytesmo.scaling as scaling
import pytesmo.metrics as metrics

# scale to x as the reference
y_scaled = scaling.mean_std(y, x)
z_scaled = scaling.mean_std(z, x)
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_scaled, alpha=0.3, label='y scaled')
plt.plot(coord, z_scaled, alpha=0.3, label='z scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_4_0.png]
The three datasets do now have the same mean and standard deviation.
This means that [image: \alpha] and [image: \beta] have been removed from
[image: y] and [image: z].

From these three scaled datasets we can now estimate the triple
collocation error following the method outlined in [Scipal_2008]:

The basic formula (formula 4 in the paper) adapted to the notation we
use in this tutorial is:

[image: \sigma_{\varepsilon_x}^2 = \langle (x-y_{scaled})(x-z_{scaled}) \rangle]

[image: \sigma_{\varepsilon_y}^2 = \langle (y_{scaled}-x)(y_{scaled}-z_{scaled}) \rangle]

[image: \sigma_{\varepsilon_z}^2 = \langle (z_{scaled}-x)(z_{scaled}-y_{scaled}) \rangle]

where the [image: \langle\rangle] brackets mean the temporal mean. This
function is implemented in pytesmo.metrics.tcol_error() which we can
now use to estimate the standard deviation of [image: \varepsilon]:
[image: \sigma_{\varepsilon_i}]

e_x, e_y, e_z = metrics.tcol_error(x, y_scaled, z_scaled)
print "Error of x estimated: {:.4f}, true: {:.4f}".format(e_x, sig_err_x)
print "Error of y estimated: {:.4f}, true: {:.4f}".format(e_y, sig_err_y)
print "Error of z estimated: {:.4f}, true: {:.4f}".format(e_z, sig_err_z)





Error of x estimated: 0.0200, true: 0.0200
Error of y estimated: 0.0697, true: 0.0700
Error of z estimated: 0.0399, true: 0.0400





We can see that the estimated error standard deviation is very close to
the one we set for our artificial time series in the beginning.




Approach 2

In approach 2 we can estimate the triple collocation errors, the scaling
parameter [image: \beta] and the signal to noise ratio directly from the
covariances of the dataset. For a general overview and how approach 1
and 2 are related please see [Gruber_2015].

Estimation of the error variances from the covariances of the datasets
(e.g. [image: \sigma_{XY}] for the covariance between [image: x] and
[image: y]) is done using the following formula:

[image: \\\sigma_{\varepsilon_x}^2 = \sigma_{X}^2 - \frac{\sigma_{XY}\sigma_{XZ}}{\sigma_{YZ}}\\ \sigma_{\varepsilon_y}^2 = \sigma_{Y}^2 - \frac{\sigma_{YX}\sigma_{YZ}}{\sigma_{XZ}}\\ \sigma_{\varepsilon_z}^2 = \sigma_{Z}^2 - \frac{\sigma_{ZY}\sigma_{ZX}}{\sigma_{YX}}]

[image: \beta] can also be estimated from the covariances:

[image: \beta_x = 1 \quad \quad \quad \beta_y = \frac{\sigma_{XZ}}{\sigma_{YZ}} \quad \quad \quad \beta_z=\frac{\sigma_{XY}}{\sigma_{ZY}}]

The signal to noise ratio (SNR) is also calculated from the variances
and covariances:

[image: \\\text{SNR}_X[dB] = -10\log\left(\frac{\sigma_{X}^2\sigma_{YZ}}{\sigma_{XY}\sigma_{XZ}}-1\right)\\ \text{SNR}_Y[dB] = -10\log\left(\frac{\sigma_{Y}^2\sigma_{XZ}}{\sigma_{YX}\sigma_{YZ}}-1\right)\\ \text{SNR}_Z[dB] = -10\log\left(\frac{\sigma_{Z}^2\sigma_{XY}}{\sigma_{ZX}\sigma_{ZY}}-1\right)]

It is given in dB to make it symmetric around zero. If the value is zero
it means that the signal variance and the noise variance are equal. +3dB
means that the signal variance is twice as high as the noise variance.

This approach is implemented in pytesmo.metrics.tcol_snr().

snr, err, beta = metrics.tcol_snr(x, y, z)
print "Error of x approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_x, err[0], sig_err_x)
print "Error of y approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_y, err[1], sig_err_y)
print "Error of z approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_z, err[2], sig_err_z)





Error of x approach 1: 0.0200, approach 2: 0.0199, true: 0.0200
Error of y approach 1: 0.0697, approach 2: 0.0700, true: 0.0700
Error of z approach 1: 0.0399, approach 2: 0.0400, true: 0.0400





It can be seen that both approaches estimate very similar error
variance.

We can now also check if [image: \beta_y] and [image: \beta_z] were
correctly estimated.

The function gives us the inverse values of [image: \beta]. We can use
these values directly to scale our datasets.

print "scaling parameter for y estimated: {:.2f}, true:{:.2f}".format(1/beta[1], beta_y)
print "scaling parameter for z estimated: {:.2f}, true:{:.2f}".format(1/beta[2], beta_z)





scaling parameter for y estimated: 0.90, true:0.90
scaling parameter for z estimated: 1.60, true:1.60





y_beta_scaled = y * beta[1]
z_beta_scaled = z * beta[2]
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_beta_scaled, alpha=0.3, label='y beta scaled')
plt.plot(coord, z_beta_scaled, alpha=0.3, label='z beta scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_12_0.png]
The datasets still have different mean values i.e. different [image: \alpha]
values. [image: \alpha] can be estimated through the mean of the dataset.

y_ab_scaled = y_beta_scaled - np.mean(y_beta_scaled)
z_ab_scaled = z_beta_scaled - np.mean(z_beta_scaled)
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_ab_scaled, alpha=0.3, label='y ab scaled')
plt.plot(coord, z_ab_scaled, alpha=0.3, label='z ab scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_14_0.png]
This yields scaled/calibrated datasets using triple collocation based
scaling which is ideal for e.g. data assimilation.

The SNR is nothing else than the fraction of the signal variance to the
noise variance in dB

Let’s first print the snr we got from pytesmo.metrics.tcol_snr()

print snr





[ 31.01493632  20.0865377   24.94339476]





Now let’s calculate the SNR starting from the variance of the sine
signal and the [image: \sigma] values we used for our additive errors.

[10*np.log10(np.var(signal)/(sig_err_x)**2),
10*np.log10(np.var(signal)/(sig_err_y)**2),
10*np.log10(np.var(signal)/(sig_err_z)**2)]





[30.969095787133575, 20.087734900128062, 24.94849587385395]





We can see that the estimated SNR and the “real” SNR of our artificial
datasets are very similar.
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Comparing ASCAT and insitu data from the ISMN without the validation framework

This example program loops through all insitu stations that measure soil moisture with a depth between 0 and 0.1m
it then finds the nearest ASCAT grid point and reads the ASCAT data. After temporal matching and scaling using linear CDF matching it computes
several metrics, like the correlation coefficients(Pearson’s, Spearman’s and Kendall’s), Bias, RMSD as well as the Nash–Sutcliffe model efficiency coefficient.

It also shows the usage of the pytesmo.df_metrics module.

It is stopped after 2 stations to not take to long to run and produce a lot of plots

It can be found in the /examples folder of the pytesmo package under the name compare_ISMN_ASCAT.py.

import pytesmo.io.ismn.interface as ismn
import ascat
import pytesmo.temporal_matching as temp_match
import pytesmo.scaling as scaling
import pytesmo.df_metrics as df_metrics
import pytesmo.metrics as metrics

import os
import matplotlib.pyplot as plt





ascat_folder = os.path.join('R:\\','Datapool_processed','WARP','WARP5.5',
                                         'ASCAT_WARP5.5_R1.2','080_ssm','netcdf')
ascat_grid_folder = os.path.join('R:\\','Datapool_processed','WARP','ancillary','warp5_grid')
#init the ASCAT_SSM reader with the paths

#let's not include the orbit direction since it is saved as 'A'
#or 'D' it can not be plotted
ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder,ascat_grid_folder,
                                      include_in_df=['sm', 'sm_noise', 'ssf', 'proc_flag'])





#set path to ISMN data
path_to_ismn_data =os.path.join('D:\\','small_projects','cpa_2013_07_ISMN_userformat_reader','header_values_parser_test')
#Initialize reader
ISMN_reader = ismn.ISMN_Interface(path_to_ismn_data)





i = 0

label_ascat='sm'
label_insitu='insitu_sm'





#this loops through all stations that measure soil moisture
for station in ISMN_reader.stations_that_measure('soil moisture'):

    #this loops through all time series of this station that measure soil moisture
    #between 0 and 0.1 meters
    for ISMN_time_series in station.data_for_variable('soil moisture',min_depth=0,max_depth=0.1):

        ascat_time_series = ascat_SSM_reader.read_ssm(ISMN_time_series.longitude,
                                                      ISMN_time_series.latitude,
                                                      mask_ssf=True,
                                                      mask_frozen_prob = 5,
                                                      mask_snow_prob = 5)


        #drop nan values before doing any matching
        ascat_time_series.data = ascat_time_series.data.dropna()

        ISMN_time_series.data = ISMN_time_series.data.dropna()

        #rename the soil moisture column in ISMN_time_series.data to insitu_sm
        #to clearly differentiate the time series when they are plotted together
        ISMN_time_series.data.rename(columns={'soil moisture':label_insitu},inplace=True)

        #get ISMN data that was observerd within +- 1 hour(1/24. day) of the ASCAT observation
        #do not include those indexes where no observation was found
        matched_data = temp_match.matching(ascat_time_series.data,ISMN_time_series.data,
                                                window=1/24.)
        #matched ISMN data is now a dataframe with the same datetime index
        #as ascat_time_series.data and the nearest insitu observation

        #continue only with relevant columns
        matched_data = matched_data[[label_ascat,label_insitu]]

        #the plot shows that ISMN and ASCAT are observed in different units
        matched_data.plot(figsize=(15,5),secondary_y=[label_ascat],
                          title='temporally merged data')
        plt.show()

        #this takes the matched_data DataFrame and scales all columns to the
        #column with the given reference_index, in this case in situ
        scaled_data = scaling.scale(matched_data, method='lin_cdf_match',
                                         reference_index=1)

        #now the scaled ascat data and insitu_sm are in the same space
        scaled_data.plot(figsize=(15,5), title='scaled data')
        plt.show()

        plt.scatter(scaled_data[label_ascat].values,scaled_data[label_insitu].values)
        plt.xlabel(label_ascat)
        plt.ylabel(label_insitu)
        plt.show()

        #calculate correlation coefficients, RMSD, bias, Nash Sutcliffe
        x, y = scaled_data[label_ascat].values, scaled_data[label_insitu].values

        print "ISMN time series:",ISMN_time_series
        print "compared to"
        print ascat_time_series
        print "Results:"

        #df_metrics takes a DataFrame as input and automatically
        #calculates the metric on all combinations of columns
        #returns a named tuple for easy printing
        print df_metrics.pearsonr(scaled_data)
        print "Spearman's (rho,p_value)", metrics.spearmanr(x, y)
        print "Kendalls's (tau,p_value)", metrics.kendalltau(x, y)
        print df_metrics.kendalltau(scaled_data)
        print df_metrics.rmsd(scaled_data)
        print "Bias", metrics.bias(x, y)
        print "Nash Sutcliffe", metrics.nash_sutcliffe(x, y)


    i += 1

    #only show the first 2 stations, otherwise this program would run a long time
    #and produce a lot of plots
    if i >= 2:
        break
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ISMN time series: OZNET Alabama 0.00 m - 0.05 m soil moisture measured with Stevens-Hydra-Probe
compared to
ASCAT time series gpi:1884359 lat:-35.342 lon:147.541
Results:
(Pearsons_r(sm_and_insitu_sm=0.61607679781575175), p_value(sm_and_insitu_sm=3.1170801211098453e-65))
Spearman's (rho,p_value) (0.64651747115098912, 1.0057610194056589e-73)
Kendalls's (tau,p_value) (0.4685441550995097, 2.4676437876515864e-67)
(Kendall_tau(sm_and_insitu_sm=0.4685441550995097), p_value(sm_and_insitu_sm=2.4676437876515864e-67))
rmsd(sm_and_insitu_sm=0.078018684719599857)
Bias 0.00168114697282
Nash Sutcliffe 0.246416864767
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ISMN time series: OZNET Balranald-Bolton_Park 0.00 m - 0.08 m soil moisture measured with CS615
compared to
ASCAT time series gpi:1821003 lat:-33.990 lon:146.381
Results:
(Pearsons_r(sm_and_insitu_sm=0.66000287576696759), p_value(sm_and_insitu_sm=1.3332742454781072e-126))
Spearman's (rho,p_value) (0.65889275747696652, 4.890533231776912e-126)
Kendalls's (tau,p_value) (0.48653686844813893, 6.6517671082477896e-118)
(Kendall_tau(sm_and_insitu_sm=0.48653686844813893), p_value(sm_and_insitu_sm=6.6517671082477896e-118))
rmsd(sm_and_insitu_sm=0.028314835540753237)
Bias 4.56170862568e-05
Nash Sutcliffe 0.316925662899











          

      

      

    

  

    
      
          
            
  
API Documentation


	Index


	Module Index








          

      

      

    

  

    
      
          
            

   Python Module Index


   
   p
   


   
     		 	

     		
       p	

     
       	[image: -]
       	
       pytesmo	
       

     
       	
       	   
       pytesmo.colormaps	
       

     
       	
       	   
       pytesmo.colormaps.load_cmap	
       

     
       	
       	   
       pytesmo.df_metrics	
       

     
       	
       	   
       pytesmo.grid	
       

     
       	
       	   
       pytesmo.grid.grids	
       

     
       	
       	   
       pytesmo.grid.netcdf	
       

     
       	
       	   
       pytesmo.grid.resample	
       

     
       	
       	   
       pytesmo.io	
       

     
       	
       	   
       pytesmo.io.bufr	
       

     
       	
       	   
       pytesmo.io.bufr.bufr	
       

     
       	
       	   
       pytesmo.io.dataset_base	
       

     
       	
       	   
       pytesmo.io.ismn	
       

     
       	
       	   
       pytesmo.io.ismn.interface	
       

     
       	
       	   
       pytesmo.io.ismn.metadata_collector	
       

     
       	
       	   
       pytesmo.io.ismn.readers	
       

     
       	
       	   
       pytesmo.io.sat	
       

     
       	
       	   
       pytesmo.io.sat.ers	
       

     
       	
       	   
       pytesmo.metrics	
       

     
       	
       	   
       pytesmo.scaling	
       

     
       	
       	   
       pytesmo.temporal_matching	
       

     
       	
       	   
       pytesmo.time_series	
       

     
       	
       	   
       pytesmo.time_series.anomaly	
       

     
       	
       	   
       pytesmo.time_series.filtering	
       

     
       	
       	   
       pytesmo.time_series.filters	
       

     
       	
       	   
       pytesmo.time_series.grouping	
       

     
       	
       	   
       pytesmo.time_series.plotting	
       

     
       	
       	   
       pytesmo.timedate	
       

     
       	
       	   
       pytesmo.timedate.dekad	
       

     
       	
       	   
       pytesmo.timedate.julian	
       

     
       	
       	   
       pytesmo.utils	
       

     
       	
       	   
       pytesmo.validation_framework	
       

     
       	
       	   
       pytesmo.validation_framework.adapters	
       

     
       	
       	   
       pytesmo.validation_framework.data_manager	
       

     
       	
       	   
       pytesmo.validation_framework.data_scalers	
       

     
       	
       	   
       pytesmo.validation_framework.metric_calculators	
       

     
       	
       	   
       pytesmo.validation_framework.results_manager	
       

     
       	
       	   
       pytesmo.validation_framework.temporal_matchers	
       

     
       	
       	   
       pytesmo.validation_framework.validation	
       

   



          

      

      

    

  

    
      
          
            

Index



 A
 | B
 | C
 | D
 | E
 | F
 | G
 | H
 | I
 | J
 | K
 | L
 | M
 | N
 | P
 | R
 | S
 | T
 | U
 | V
 | W
 


A


  	
      	aad() (in module pytesmo.metrics)


      	add_scaled() (in module pytesmo.scaling)


      	AnomalyAdapter (class in pytesmo.validation_framework.adapters)


      	AnomalyClimAdapter (class in pytesmo.validation_framework.adapters)


  

  	
      	args (pytesmo.df_metrics.DataFrameDimensionError attribute)

      
        	(pytesmo.io.ismn.interface.ISMNError attribute)


        	(pytesmo.io.ismn.readers.ISMNTSError attribute)


        	(pytesmo.io.ismn.readers.ReaderException attribute)


      


      	args_to_iterable() (in module pytesmo.validation_framework.validation)


  





B


  	
      	BasicMetrics (class in pytesmo.validation_framework.metric_calculators)


      	BasicMetricsPlusMSE (class in pytesmo.validation_framework.metric_calculators)


      	BasicTemporalMatching (class in pytesmo.validation_framework.temporal_matchers)


      	betainc() (in module pytesmo.utils)


  

  	
      	bias() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	boxcar_filter() (in module pytesmo.time_series.filters)


      	BUFRReader (class in pytesmo.io.bufr.bufr)


  





C


  	
      	calc() (pytesmo.validation_framework.validation.Validation method), [1]


      	calc_anom() (pytesmo.validation_framework.adapters.AnomalyAdapter method)

      
        	(pytesmo.validation_framework.adapters.AnomalyClimAdapter method)


      


      	calc_anomaly() (in module pytesmo.time_series.anomaly)


      	calc_climatology() (in module pytesmo.time_series.anomaly)


      	calc_metrics() (pytesmo.validation_framework.metric_calculators.BasicMetrics method)

      
        	(pytesmo.validation_framework.metric_calculators.BasicMetricsPlusMSE method)


        	(pytesmo.validation_framework.metric_calculators.FTMetrics method)


      


      	calc_parameters() (pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler method)


      	caldat() (in module pytesmo.timedate.julian)


  

  	
      	cdf_match() (in module pytesmo.scaling)


      	CDFStoreParamsScaler (class in pytesmo.validation_framework.data_scalers)


      	check_dekad() (in module pytesmo.timedate.dekad)


      	check_dekad_enddate() (in module pytesmo.timedate.dekad)


      	check_dekad_startdate() (in module pytesmo.timedate.dekad)


      	check_if_biased() (in module pytesmo.metrics)


      	close() (pytesmo.io.sat.ers.ERS_SSM method)


      	collect_from_folder() (in module pytesmo.io.ismn.metadata_collector)


      	colormaps_path() (in module pytesmo.colormaps.load_cmap)


      	combinatory_matcher() (pytesmo.validation_framework.temporal_matchers.BasicTemporalMatching method)


  





D


  	
      	daily_images() (pytesmo.io.dataset_base.DatasetImgBase method)


      	data (pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      	data_for_variable() (pytesmo.io.ismn.interface.ISMN_station method)


      	DataFrameDimensionError


      	DataManager (class in pytesmo.validation_framework.data_manager)


      	DatasetImgBase (class in pytesmo.io.dataset_base)


      	DatasetStaticBase (class in pytesmo.io.dataset_base)


      	DatasetTSBase (class in pytesmo.io.dataset_base)


      	day2dekad() (in module pytesmo.timedate.dekad)


      	DefaultScaler (class in pytesmo.validation_framework.data_scalers)


  

  	
      	dekad2day() (in module pytesmo.timedate.dekad)


      	dekad_index() (in module pytesmo.timedate.dekad)


      	dekad_startdate_from_date() (in module pytesmo.timedate.dekad)


      	depth_from (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


      	depth_to (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


      	df_match() (in module pytesmo.temporal_matching)


      	df_name_multiindex() (in module pytesmo.validation_framework.temporal_matchers)


      	doy() (in module pytesmo.timedate.julian)


      	ds_dict (pytesmo.validation_framework.data_manager.DataManager attribute)


  





E


  	
      	ecol() (in module pytesmo.metrics)


      	element_iterable() (in module pytesmo.utils)


      	elevation (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


  

  	
      	ensure_iterable() (in module pytesmo.utils)


      	ERS_SSM (class in pytesmo.io.sat.ers)


      	exp_filter() (in module pytesmo.time_series.filters)


  





F


  	
      	filenames (pytesmo.io.ismn.interface.ISMN_station attribute)


      	find_nearest_station() (pytesmo.io.ismn.interface.ISMN_Interface method), [1]


  

  	
      	flatten() (in module pytesmo.validation_framework.data_manager)


      	flush() (pytesmo.io.sat.ers.ERS_SSM method)


      	FTMetrics (class in pytesmo.validation_framework.metric_calculators)


  





G


  	
      	gen_cdf_match() (in module pytesmo.scaling)


      	get_data() (pytesmo.validation_framework.data_manager.DataManager method)


      	get_data_for_result_tuple() (pytesmo.validation_framework.validation.Validation method)


      	get_dataset_ids() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	get_dekad_period() (in module pytesmo.timedate.dekad)


      	get_depths() (pytesmo.io.ismn.interface.ISMN_station method), [1]


      	get_format() (in module pytesmo.io.ismn.readers)


      	get_info_from_file() (in module pytesmo.io.ismn.readers)


      	get_luts() (pytesmo.validation_framework.data_manager.DataManager method)


      	get_metadata() (in module pytesmo.io.ismn.readers)


      	get_metadata_ceop() (in module pytesmo.io.ismn.readers)


      	get_metadata_ceop_sep() (in module pytesmo.io.ismn.readers)


      	get_metadata_header_values() (in module pytesmo.io.ismn.readers)


      	get_min_max_obs_timestamp() (pytesmo.io.ismn.interface.ISMN_station method)


      	get_min_max_obs_timestamps() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	get_min_max_timestamp() (in module pytesmo.io.ismn.readers)


      	get_min_max_timestamp_ceop() (in module pytesmo.io.ismn.readers)


      	get_min_max_timestamp_ceop_sep() (in module pytesmo.io.ismn.readers)


      	get_min_max_timestamp_header_values() (in module pytesmo.io.ismn.readers)


  

  	
      	get_nearest_gp_info() (pytesmo.io.dataset_base.DatasetTSBase method)


      	get_other_data() (pytesmo.validation_framework.data_manager.DataManager method)


      	get_parameters() (pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler method)


      	get_processing_jobs() (pytesmo.validation_framework.validation.Validation method), [1]


      	get_result_names() (in module pytesmo.validation_framework.data_manager)

      
        	(pytesmo.validation_framework.data_manager.DataManager method)


      


      	get_results_names() (pytesmo.validation_framework.data_manager.DataManager method)


      	get_scaling_function() (in module pytesmo.scaling)


      	get_scaling_method_lut() (in module pytesmo.scaling)


      	get_sensors() (pytesmo.io.ismn.interface.ISMN_station method), [1]


      	get_spatial_subset() (pytesmo.io.sat.ers.ERS_SSM method)


      	get_station() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	get_system_colormaps() (in module pytesmo.colormaps.load_cmap)


      	get_user_colormaps() (in module pytesmo.colormaps.load_cmap)


      	get_variables() (pytesmo.io.ismn.interface.ISMN_station method), [1]


      	grid (pytesmo.io.ismn.interface.ISMN_Interface attribute)


      	group_by_day_bin() (in module pytesmo.time_series.grouping)


      	group_into_dekads() (in module pytesmo.timedate.dekad)


      	grouped_dates_between() (in module pytesmo.time_series.grouping)


      	grp_to_datetimeindex() (in module pytesmo.time_series.grouping)


  





H


  	
      	hamming_window() (in module pytesmo.grid.resample)


  





I


  	
      	index_of_agreement() (in module pytesmo.metrics)


      	interp_uniq() (in module pytesmo.utils)


      	is_leap_year() (in module pytesmo.timedate.julian)


      	ISMN_Interface (class in pytesmo.io.ismn.interface)


      	ISMN_station (class in pytesmo.io.ismn.interface)


      	ISMNError


  

  	
      	ISMNTimeSeries (class in pytesmo.io.ismn.readers)


      	ISMNTSError


      	iter_gp() (pytesmo.io.sat.ers.ERS_SSM method)


      	iter_images() (pytesmo.io.dataset_base.DatasetImgBase method)


      	iter_ts() (pytesmo.io.dataset_base.DatasetTSBase method)

      
        	(pytesmo.io.sat.ers.ERS_SSM method)


      


  





J


  	
      	julday() (in module pytesmo.timedate.julian)


      	julian2date() (in module pytesmo.timedate.julian)


      	julian2datetime() (in module pytesmo.timedate.julian)


  

  	
      	julian2datetimeindex() (in module pytesmo.timedate.julian)


      	julian2doy() (in module pytesmo.timedate.julian)


      	julian2num() (in module pytesmo.timedate.julian)


  





K


  	
      	k_datasets_from() (pytesmo.validation_framework.validation.Validation method)


  

  	
      	kendalltau() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


  





L


  	
      	latitude (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


      	lin_cdf_match() (in module pytesmo.scaling)


      	lin_cdf_match_stored_params() (in module pytesmo.scaling)


      	linreg() (in module pytesmo.scaling)


      	list_networks() (pytesmo.io.ismn.interface.ISMN_Interface method)


  

  	
      	list_stations() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	load() (in module pytesmo.colormaps.load_cmap)


      	load_colormap() (in module pytesmo.colormaps.load_cmap)


      	load_parameters() (pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler method)


      	longitude (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


  





M


  	
      	mad() (in module pytesmo.metrics)


      	mask_dataset() (pytesmo.validation_framework.validation.Validation method)


      	MaskingAdapter (class in pytesmo.validation_framework.adapters)


      	match() (pytesmo.validation_framework.temporal_matchers.BasicTemporalMatching method)


      	matching() (in module pytesmo.temporal_matching)


      	mean_std() (in module pytesmo.scaling)


  

  	
      	messages() (pytesmo.io.bufr.bufr.BUFRReader method)


      	metadata (pytesmo.io.ismn.interface.ISMN_Interface attribute)


      	min_max() (in module pytesmo.scaling)


      	ml_percentile() (in module pytesmo.utils)


      	moving_average() (in module pytesmo.time_series.filtering)


      	mse() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


  





N


  	
      	nash_sutcliffe() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	netcdf_results_manager() (in module pytesmo.validation_framework.results_manager)


      	network (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


  

  	
      	nrmsd() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	num2julian() (in module pytesmo.timedate.julian)


  





P


  	
      	pairwise_apply() (in module pytesmo.df_metrics)


      	pearson_conf() (in module pytesmo.metrics)


      	pearsonr() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	pearsonr_recursive() (in module pytesmo.metrics)


      	perform_validation() (pytesmo.validation_framework.validation.Validation method)


      	plot() (pytesmo.io.ismn.readers.ISMNTimeSeries method)


      	plot_clim_anom() (in module pytesmo.time_series.plotting)


      	plot_station_locations() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	pytesmo (module)


      	pytesmo.colormaps (module)


      	pytesmo.colormaps.load_cmap (module)


      	pytesmo.df_metrics (module)


      	pytesmo.grid (module)


      	pytesmo.grid.grids (module)


      	pytesmo.grid.netcdf (module)


      	pytesmo.grid.resample (module)


      	pytesmo.io (module)


      	pytesmo.io.bufr (module)


      	pytesmo.io.bufr.bufr (module)


      	pytesmo.io.dataset_base (module)


      	pytesmo.io.ismn (module)


      	pytesmo.io.ismn.interface (module)


      	pytesmo.io.ismn.metadata_collector (module)


  

  	
      	pytesmo.io.ismn.readers (module)


      	pytesmo.io.sat (module)


      	pytesmo.io.sat.ers (module)


      	pytesmo.metrics (module)


      	pytesmo.scaling (module)


      	pytesmo.temporal_matching (module)


      	pytesmo.time_series (module)


      	pytesmo.time_series.anomaly (module)


      	pytesmo.time_series.filtering (module)


      	pytesmo.time_series.filters (module)


      	pytesmo.time_series.grouping (module)


      	pytesmo.time_series.plotting (module)


      	pytesmo.timedate (module)


      	pytesmo.timedate.dekad (module)


      	pytesmo.timedate.julian (module)


      	pytesmo.utils (module)


      	pytesmo.validation_framework (module)


      	pytesmo.validation_framework.adapters (module)


      	pytesmo.validation_framework.data_manager (module)


      	pytesmo.validation_framework.data_scalers (module)


      	pytesmo.validation_framework.metric_calculators (module)


      	pytesmo.validation_framework.results_manager (module)


      	pytesmo.validation_framework.temporal_matchers (module)


      	pytesmo.validation_framework.validation (module)


  





R


  	
      	read() (pytesmo.io.sat.ers.ERS_SSM method)

      
        	(pytesmo.validation_framework.adapters.AnomalyAdapter method)


        	(pytesmo.validation_framework.adapters.AnomalyClimAdapter method)


        	(pytesmo.validation_framework.adapters.MaskingAdapter method)


      


      	read_data() (in module pytesmo.io.ismn.readers)

      
        	(pytesmo.io.dataset_base.DatasetStaticBase method)


      


      	read_ds() (pytesmo.validation_framework.data_manager.DataManager method)


      	read_format_ceop() (in module pytesmo.io.ismn.readers)


      	read_format_ceop_sep() (in module pytesmo.io.ismn.readers)


      	read_format_header_values() (in module pytesmo.io.ismn.readers)


      	read_gp() (pytesmo.io.dataset_base.DatasetStaticBase method)

      
        	(pytesmo.io.dataset_base.DatasetTSBase method)


      


      	read_img() (pytesmo.io.dataset_base.DatasetImgBase method)


      	read_other() (pytesmo.validation_framework.data_manager.DataManager method), [1]


      	read_pos() (pytesmo.io.dataset_base.DatasetStaticBase method)


  

  	
      	read_reference() (pytesmo.validation_framework.data_manager.DataManager method), [1]


      	read_ts() (pytesmo.io.dataset_base.DatasetTSBase method)

      
        	(pytesmo.io.ismn.interface.ISMN_Interface method)


        	(pytesmo.io.sat.ers.ERS_SSM method)


        	(pytesmo.validation_framework.adapters.AnomalyAdapter method)


        	(pytesmo.validation_framework.adapters.AnomalyClimAdapter method)


        	(pytesmo.validation_framework.adapters.MaskingAdapter method)


      


      	read_variable() (pytesmo.io.ismn.interface.ISMN_station method), [1]


      	ReaderException


      	resample_to_grid() (in module pytesmo.grid.resample)


      	resample_to_grid_only_valid_return() (in module pytesmo.grid.resample)


      	rmsd() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	RSS() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	runningdekad2date() (in module pytesmo.timedate.dekad)


  





S


  	
      	scale() (in module pytesmo.scaling)

      
        	(pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler method)


        	(pytesmo.validation_framework.data_scalers.DefaultScaler method)


      


      	sensor (pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      	sensors (pytesmo.io.ismn.interface.ISMN_station attribute)


  

  	
      	spearmanr() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


      	station (pytesmo.io.ismn.interface.ISMN_station attribute)

      
        	(pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      


      	stations_that_measure() (pytesmo.io.ismn.interface.ISMN_Interface method)


      	store_parameters() (pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler method)


  





T


  	
      	tail() (in module pytesmo.io.ismn.readers)


      	tcol_error() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


  

  	
      	tcol_snr() (in module pytesmo.metrics)


      	temporal_match_datasets() (pytesmo.validation_framework.validation.Validation method)


      	temporal_match_masking_data() (pytesmo.validation_framework.validation.Validation method)


      	tstamps_for_daterange() (pytesmo.io.dataset_base.DatasetImgBase method)


  





U


  	
      	ubrmsd() (in module pytesmo.df_metrics)

      
        	(in module pytesmo.metrics)


      


  

  	
      	unique_percentiles_beta() (in module pytesmo.utils)


      	unique_percentiles_interpolate() (in module pytesmo.utils)


      	use_lut() (pytesmo.validation_framework.data_manager.DataManager method)


  





V


  	
      	Validation (class in pytesmo.validation_framework.validation)


  

  	
      	variable (pytesmo.io.ismn.readers.ISMNTimeSeries attribute)


      	variables (pytesmo.io.ismn.interface.ISMN_station attribute)


  





W


  	
      	with_traceback() (pytesmo.df_metrics.DataFrameDimensionError method)

      
        	(pytesmo.io.ismn.interface.ISMNError method)


        	(pytesmo.io.ismn.readers.ISMNTSError method)


        	(pytesmo.io.ismn.readers.ReaderException method)


      


  

  	
      	write() (pytesmo.io.sat.ers.ERS_SSM method)


      	write_ts() (pytesmo.io.sat.ers.ERS_SSM method)


  







          

      

      

    

  

    
      
          
            
  
Triple collocation

Triple collocation can be used to estimate the random error variance in
three collocated datasets of the same geophysical variable [Stoffelen_1998]. Triple
collocation assumes the following error model for each time series:

[image: X = \alpha + \beta\Theta + \varepsilon]

in which [image: \Theta] is the true value of the geophysical variable
e.g. soil moisture. [image: \alpha] and [image: \beta] are additive and
multiplicative biases of the data and [image: \varepsilon] is a zero mean
random noise which we want to estimate.

Estimation of the triple collocation error [image: \varepsilon] is
commonly done using one of two approaches:


	Scaling/calibrating the datasets to a reference dataset (removing
[image: \alpha] and [image: \beta]) and calculating the triple
collocation error based on these datasets.


	Estimation of the triple collocation error based on the covariances
between the datasets. This also yields (linear) scaling parameters
([image: \beta]) which can be used if scaling of the datasets is
desired.





Note

The scaling approaches commonly used in approach 1 are not ideal for e.g. data
assimilation. Under the assumption that assimilated observations should
have orthogonal errors, triple collocation based scaling parameters are
ideal [Yilmaz_2013].

Approach 2 is recommended for scaling if three datasets are available.




Generate a synthetic dataset

We can now make three synthetic time series based on the defined error
model:

[image: x = \alpha_x + \beta_x\Theta + \varepsilon_x]

[image: y = \alpha_y + \beta_y\Theta + \varepsilon_y]

[image: z = \alpha_z + \beta_z\Theta + \varepsilon_z]

In which we will assume that our [image: \Theta] i.e. the real observed
signal, is a simple sine curve.

import numpy as np
import matplotlib.pyplot as plt

# number of observations
n = 1000000
# x coordinates for initializing the sine curve
coord = np.linspace(0, 2*np.pi, n)
signal = np.sin(coord)

# error i.e. epsilon of the three synthetic time series
sig_err_x = 0.02
sig_err_y = 0.07
sig_err_z = 0.04
err_x = np.random.normal(0, sig_err_x, n)
err_y = np.random.normal(0, sig_err_y, n)
err_z = np.random.normal(0, sig_err_z, n)

# additive and multiplicative biases
# they are assumed to be zero for dataset x
alpha_y = 0.2
alpha_z = 0.5

beta_y = 0.9
beta_z = 1.6

x = signal + err_x
# here we assume errors that are already scaled
y = alpha_y + beta_y * (signal + err_y)
z = alpha_z + beta_z * (signal + err_z)

plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y, alpha=0.3, label='y')
plt.plot(coord, z, alpha=0.3, label='z')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_2_0.png]



Approach 1

We can now use these three time series and estimate the [image: \varepsilon]
values using approach 1.

The functions we can be found in:


	pytesmo.scaling


	pytesmo.metrics.tcol_error()




We will use mean-standard deviation scaling. This type of scaling brings
the data to the same mean and standard deviation as the reference
dataset.

import pytesmo.scaling as scaling
import pytesmo.metrics as metrics

# scale to x as the reference
y_scaled = scaling.mean_std(y, x)
z_scaled = scaling.mean_std(z, x)
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_scaled, alpha=0.3, label='y scaled')
plt.plot(coord, z_scaled, alpha=0.3, label='z scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_4_0.png]
The three datasets do now have the same mean and standard deviation.
This means that [image: \alpha] and [image: \beta] have been removed from
[image: y] and [image: z].

From these three scaled datasets we can now estimate the triple
collocation error following the method outlined in [Scipal_2008]:

The basic formula (formula 4 in the paper) adapted to the notation we
use in this tutorial is:

[image: \sigma_{\varepsilon_x}^2 = \langle (x-y_{scaled})(x-z_{scaled}) \rangle]

[image: \sigma_{\varepsilon_y}^2 = \langle (y_{scaled}-x)(y_{scaled}-z_{scaled}) \rangle]

[image: \sigma_{\varepsilon_z}^2 = \langle (z_{scaled}-x)(z_{scaled}-y_{scaled}) \rangle]

where the [image: \langle\rangle] brackets mean the temporal mean. This
function is implemented in pytesmo.metrics.tcol_error() which we can
now use to estimate the standard deviation of [image: \varepsilon]:
[image: \sigma_{\varepsilon_i}]

e_x, e_y, e_z = metrics.tcol_error(x, y_scaled, z_scaled)
print "Error of x estimated: {:.4f}, true: {:.4f}".format(e_x, sig_err_x)
print "Error of y estimated: {:.4f}, true: {:.4f}".format(e_y, sig_err_y)
print "Error of z estimated: {:.4f}, true: {:.4f}".format(e_z, sig_err_z)





Error of x estimated: 0.0200, true: 0.0200
Error of y estimated: 0.0697, true: 0.0700
Error of z estimated: 0.0399, true: 0.0400





We can see that the estimated error standard deviation is very close to
the one we set for our artificial time series in the beginning.




Approach 2

In approach 2 we can estimate the triple collocation errors, the scaling
parameter [image: \beta] and the signal to noise ratio directly from the
covariances of the dataset. For a general overview and how approach 1
and 2 are related please see [Gruber_2015].

Estimation of the error variances from the covariances of the datasets
(e.g. [image: \sigma_{XY}] for the covariance between [image: x] and
[image: y]) is done using the following formula:

[image: \\\sigma_{\varepsilon_x}^2 = \sigma_{X}^2 - \frac{\sigma_{XY}\sigma_{XZ}}{\sigma_{YZ}}\\ \sigma_{\varepsilon_y}^2 = \sigma_{Y}^2 - \frac{\sigma_{YX}\sigma_{YZ}}{\sigma_{XZ}}\\ \sigma_{\varepsilon_z}^2 = \sigma_{Z}^2 - \frac{\sigma_{ZY}\sigma_{ZX}}{\sigma_{YX}}]

[image: \beta] can also be estimated from the covariances:

[image: \beta_x = 1 \quad \quad \quad \beta_y = \frac{\sigma_{XZ}}{\sigma_{YZ}} \quad \quad \quad \beta_z=\frac{\sigma_{XY}}{\sigma_{ZY}}]

The signal to noise ratio (SNR) is also calculated from the variances
and covariances:

[image: \\\text{SNR}_X[dB] = -10\log\left(\frac{\sigma_{X}^2\sigma_{YZ}}{\sigma_{XY}\sigma_{XZ}}-1\right)\\ \text{SNR}_Y[dB] = -10\log\left(\frac{\sigma_{Y}^2\sigma_{XZ}}{\sigma_{YX}\sigma_{YZ}}-1\right)\\ \text{SNR}_Z[dB] = -10\log\left(\frac{\sigma_{Z}^2\sigma_{XY}}{\sigma_{ZX}\sigma_{ZY}}-1\right)]

It is given in dB to make it symmetric around zero. If the value is zero
it means that the signal variance and the noise variance are equal. +3dB
means that the signal variance is twice as high as the noise variance.

This approach is implemented in pytesmo.metrics.tcol_snr().

snr, err, beta = metrics.tcol_snr(x, y, z)
print "Error of x approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_x, err[0], sig_err_x)
print "Error of y approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_y, err[1], sig_err_y)
print "Error of z approach 1: {:.4f}, approach 2: {:.4f}, true: {:.4f}".format(e_z, err[2], sig_err_z)





Error of x approach 1: 0.0200, approach 2: 0.0199, true: 0.0200
Error of y approach 1: 0.0697, approach 2: 0.0700, true: 0.0700
Error of z approach 1: 0.0399, approach 2: 0.0400, true: 0.0400





It can be seen that both approaches estimate very similar error
variance.

We can now also check if [image: \beta_y] and [image: \beta_z] were
correctly estimated.

The function gives us the inverse values of [image: \beta]. We can use
these values directly to scale our datasets.

print "scaling parameter for y estimated: {:.2f}, true:{:.2f}".format(1/beta[1], beta_y)
print "scaling parameter for z estimated: {:.2f}, true:{:.2f}".format(1/beta[2], beta_z)





scaling parameter for y estimated: 0.90, true:0.90
scaling parameter for z estimated: 1.60, true:1.60





y_beta_scaled = y * beta[1]
z_beta_scaled = z * beta[2]
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_beta_scaled, alpha=0.3, label='y beta scaled')
plt.plot(coord, z_beta_scaled, alpha=0.3, label='z beta scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_12_0.png]
The datasets still have different mean values i.e. different [image: \alpha]
values. [image: \alpha] can be estimated through the mean of the dataset.

y_ab_scaled = y_beta_scaled - np.mean(y_beta_scaled)
z_ab_scaled = z_beta_scaled - np.mean(z_beta_scaled)
plt.plot(coord, x, alpha=0.3, label='x')
plt.plot(coord, y_ab_scaled, alpha=0.3, label='y ab scaled')
plt.plot(coord, z_ab_scaled, alpha=0.3, label='z ab scaled')
plt.plot(coord, signal, 'k', label='$\Theta$')
plt.legend()
plt.show()





[image: _images/output_14_0.png]
This yields scaled/calibrated datasets using triple collocation based
scaling which is ideal for e.g. data assimilation.

The SNR is nothing else than the fraction of the signal variance to the
noise variance in dB

Let’s first print the snr we got from pytesmo.metrics.tcol_snr()

print snr





[ 31.01493632  20.0865377   24.94339476]





Now let’s calculate the SNR starting from the variance of the sine
signal and the [image: \sigma] values we used for our additive errors.

[10*np.log10(np.var(signal)/(sig_err_x)**2),
10*np.log10(np.var(signal)/(sig_err_y)**2),
10*np.log10(np.var(signal)/(sig_err_z)**2)]





[30.969095787133575, 20.087734900128062, 24.94849587385395]





We can see that the estimated SNR and the “real” SNR of our artificial
datasets are very similar.
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  import pytesmo.io.sat.ascat as ascat
import pytesmo.time_series as ts

import os
import matplotlib.pyplot as plt





ascat_folder = os.path.join('R:\\','Datapool_processed','WARP','WARP5.5',
                                         'ASCAT_WARP5.5_R1.2','080_ssm','netcdf')
ascat_grid_folder = os.path.join('R:\\','Datapool_processed','WARP','ancillary','warp5_grid')
#init the ASCAT_SSM reader with the paths

ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder,ascat_grid_folder)





ascat_ts = ascat_SSM_reader.read_ssm(45,0)
#plot soil moisture
ascat_ts.data['sm'].plot()





<matplotlib.axes.AxesSubplot at 0x22ee3550>





[image: _images/anomalies_2_1.png]
#calculate anomaly based on moving +- 17 day window
anomaly = ts.anomaly.calc_anomaly(ascat_ts.data['sm'], window_size=35)
anomaly.plot()





<matplotlib.axes.AxesSubplot at 0x269109e8>





[image: _images/anomalies_3_1.png]
#calculate climatology
climatology = ts.anomaly.calc_climatology(ascat_ts.data['sm'])
climatology.plot()





<matplotlib.axes.AxesSubplot at 0x1bc54ef0>





[image: _images/anomalies_4_1.png]
#calculate anomaly based on climatology
anomaly_clim = ts.anomaly.calc_anomaly(ascat_ts.data['sm'], climatology=climatology)
anomaly_clim.plot()





<matplotlib.axes.AxesSubplot at 0x1bc76860>





[image: _images/anomalies_5_1.png]


          

      

      

    

  

    
      
          
            
  import pytesmo.io.ismn.interface as ismn
import ascat
import pytesmo.temporal_matching as temp_match
import pytesmo.scaling as scaling
import pytesmo.df_metrics as df_metrics
import pytesmo.metrics as metrics

import os
import matplotlib.pyplot as plt





ascat_folder = os.path.join('R:\\','Datapool_processed','WARP','WARP5.5',
                                         'ASCAT_WARP5.5_R1.2','080_ssm','netcdf')
ascat_grid_folder = os.path.join('R:\\','Datapool_processed','WARP','ancillary','warp5_grid')
#init the ASCAT_SSM reader with the paths

#let's not include the orbit direction since it is saved as 'A'
#or 'D' it can not be plotted
ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder,ascat_grid_folder,
                                      include_in_df=['sm', 'sm_noise', 'ssf', 'proc_flag'])





#set path to ISMN data
path_to_ismn_data =os.path.join('D:\\','small_projects','cpa_2013_07_ISMN_userformat_reader','header_values_parser_test')
#Initialize reader
ISMN_reader = ismn.ISMN_Interface(path_to_ismn_data)





i = 0

label_ascat='sm'
label_insitu='insitu_sm'





#this loops through all stations that measure soil moisture
for station in ISMN_reader.stations_that_measure('soil moisture'):

    #this loops through all time series of this station that measure soil moisture
    #between 0 and 0.1 meters
    for ISMN_time_series in station.data_for_variable('soil moisture',min_depth=0,max_depth=0.1):

        ascat_time_series = ascat_SSM_reader.read_ssm(ISMN_time_series.longitude,
                                                      ISMN_time_series.latitude,
                                                      mask_ssf=True,
                                                      mask_frozen_prob = 5,
                                                      mask_snow_prob = 5)


        #drop nan values before doing any matching
        ascat_time_series.data = ascat_time_series.data.dropna()

        ISMN_time_series.data = ISMN_time_series.data.dropna()

        #rename the soil moisture column in ISMN_time_series.data to insitu_sm
        #to clearly differentiate the time series when they are plotted together
        ISMN_time_series.data.rename(columns={'soil moisture':label_insitu},inplace=True)

        #get ISMN data that was observerd within +- 1 hour(1/24. day) of the ASCAT observation
        #do not include those indexes where no observation was found
        matched_data = temp_match.matching(ascat_time_series.data,ISMN_time_series.data,
                                                window=1/24.)
        #matched ISMN data is now a dataframe with the same datetime index
        #as ascat_time_series.data and the nearest insitu observation

        #continue only with relevant columns
        matched_data = matched_data[[label_ascat,label_insitu]]

        #the plot shows that ISMN and ASCAT are observed in different units
        matched_data.plot(figsize=(15,5),secondary_y=[label_ascat],
                          title='temporally merged data')
        plt.show()

        #this takes the matched_data DataFrame and scales all columns to the
        #column with the given reference_index, in this case in situ
        scaled_data = scaling.scale(matched_data, method='lin_cdf_match',
                                         reference_index=1)

        #now the scaled ascat data and insitu_sm are in the same space
        scaled_data.plot(figsize=(15,5), title='scaled data')
        plt.show()

        plt.scatter(scaled_data[label_ascat].values,scaled_data[label_insitu].values)
        plt.xlabel(label_ascat)
        plt.ylabel(label_insitu)
        plt.show()

        #calculate correlation coefficients, RMSD, bias, Nash Sutcliffe
        x, y = scaled_data[label_ascat].values, scaled_data[label_insitu].values

        print "ISMN time series:",ISMN_time_series
        print "compared to"
        print ascat_time_series
        print "Results:"

        #df_metrics takes a DataFrame as input and automatically
        #calculates the metric on all combinations of columns
        #returns a named tuple for easy printing
        print df_metrics.pearsonr(scaled_data)
        print "Spearman's (rho,p_value)", metrics.spearmanr(x, y)
        print "Kendalls's (tau,p_value)", metrics.kendalltau(x, y)
        print df_metrics.kendalltau(scaled_data)
        print df_metrics.rmsd(scaled_data)
        print "Bias", metrics.bias(x, y)
        print "Nash Sutcliffe", metrics.nash_sutcliffe(x, y)


    i += 1

    #only show the first 2 stations, otherwise this program would run a long time
    #and produce a lot of plots
    if i >= 2:
        break





[image: _images/compare_ASCAT_ISMN_5_0.png]
[image: _images/compare_ASCAT_ISMN_5_1.png]
[image: _images/compare_ASCAT_ISMN_5_2.png]
ISMN time series: OZNET Alabama 0.00 m - 0.05 m soil moisture measured with Stevens-Hydra-Probe
compared to
ASCAT time series gpi:1884359 lat:-35.342 lon:147.541
Results:
(Pearsons_r(sm_and_insitu_sm=0.61607679781575175), p_value(sm_and_insitu_sm=3.1170801211098453e-65))
Spearman's (rho,p_value) (0.64651747115098912, 1.0057610194056589e-73)
Kendalls's (tau,p_value) (0.4685441550995097, 2.4676437876515864e-67)
(Kendall_tau(sm_and_insitu_sm=0.4685441550995097), p_value(sm_and_insitu_sm=2.4676437876515864e-67))
rmsd(sm_and_insitu_sm=0.078018684719599857)
Bias 0.00168114697282
Nash Sutcliffe 0.246416864767





[image: _images/compare_ASCAT_ISMN_5_4.png]
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ISMN time series: OZNET Balranald-Bolton_Park 0.00 m - 0.08 m soil moisture measured with CS615
compared to
ASCAT time series gpi:1821003 lat:-33.990 lon:146.381
Results:
(Pearsons_r(sm_and_insitu_sm=0.66000287576696759), p_value(sm_and_insitu_sm=1.3332742454781072e-126))
Spearman's (rho,p_value) (0.65889275747696652, 4.890533231776912e-126)
Kendalls's (tau,p_value) (0.48653686844813893, 6.6517671082477896e-118)
(Kendall_tau(sm_and_insitu_sm=0.48653686844813893), p_value(sm_and_insitu_sm=6.6517671082477896e-118))
rmsd(sm_and_insitu_sm=0.028314835540753237)
Bias 4.56170862568e-05
Nash Sutcliffe 0.316925662899







          

      

      

    

  

    
      
          
            
  
Example data preparation ASCAT - ISMN

The validation framework allows users to prepare their data before the
validation is performed by using the DataPreparation class which
must contain two methods: * *prep_reference*, has at least one
parameter - the reference dataframe * *prep_other*, has at least
two parameters - the other dataframe and the name of the dataset

class DataPreparation(object):
    """
    Class for preparing the data before validation.
    """
    @staticmethod
    def prep_reference(reference):
        """
        Static method used to prepare the reference dataset (ISMN).

        Parameters
        ----------
        reference : pandas.DataFrame
            ISMN data.

        Returns
        -------
        reference : pandas.DataFrame
            Masked reference.
        """
        return reference

    @staticmethod
    def prep_other(other, other_name, mask_snow=80, mask_frozen=80, mask_ssf=[0, 1]):
        """
        Static method used to prepare the other datasets (ASCAT).

        Parameters
        ----------
        other : pandas.DataFrame
            Containing at least the fields: sm, frozen_prob, snow_prob, ssf.
        other_name : string
            ASCAT.
        mask_snow : int, optional
            If set, all the observations with snow probability > mask_snow
            are removed from the result. Default: 80.
        mask_frozen : int, optional
            If set, all the observations with frozen probability > mask_frozen
            are removed from the result. Default: 80.
        mask_ssf : list, optional
            If set, all the observations with ssf != mask_ssf are removed from
            the result. Default: [0, 1].

        Returns
        -------
        reference : pandas.DataFrame
            Masked reference.
        """
        if other_name == 'ASCAT':

            # mask frozen
            if mask_frozen is not None:
                other = other[other['frozen_prob'] < mask_frozen]

            # mask snow
            if mask_snow is not None:
                other = other[other['snow_prob'] < mask_snow]

            # mask ssf
            if mask_ssf is not None:
                other = other[(other['ssf'] == mask_ssf[0]) |
                              (other['ssf'] == mask_ssf[1])]
        return other









          

      

      

    

  

    
      
          
            
  
Guide for Developers


Requirement on a new Dataset

Each geospatial dataset from remote sensing has two main representations that are interesting to a scientist.
These are either images (daily, monthly etc) or time series of a grid point or location.







          

      

      

    

  

    
      
          
            
  
License

#Copyright (c) 2013,Vienna University of Technology, Department of Geodesy and Geoinformation
#All rights reserved.

#Redistribution and use in source and binary forms, with or without
#modification, are permitted provided that the following conditions are met:
#   * Redistributions of source code must retain the above copyright
#     notice, this list of conditions and the following disclaimer.
#    * Redistributions in binary form must reproduce the above copyright
#      notice, this list of conditions and the following disclaimer in the
#      documentation and/or other materials provided with the distribution.
#    * Neither the name of the Vienna University of Technology, Department of Geodesy and Geoinformation nor the
#      names of its contributors may be used to endorse or promote products
#      derived from this software without specific prior written permission.

#THIS SOFTWARE IS PROVIDED BY THE COPYRIGHT HOLDERS AND CONTRIBUTORS "AS IS" AND
#ANY EXPRESS OR IMPLIED WARRANTIES, INCLUDING, BUT NOT LIMITED TO, THE IMPLIED
#WARRANTIES OF MERCHANTABILITY AND FITNESS FOR A PARTICULAR PURPOSE ARE
#DISCLAIMED. IN NO EVENT SHALL VIENNA UNIVERSITY OF TECHNOLOGY, 
#DEPARTMENT OF GEODESY AND GEOINFORMATION BE LIABLE FOR ANY
#DIRECT, INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, OR CONSEQUENTIAL DAMAGES
#(INCLUDING, BUT NOT LIMITED TO, PROCUREMENT OF SUBSTITUTE GOODS OR SERVICES;
#LOSS OF USE, DATA, OR PROFITS; OR BUSINESS INTERRUPTION) HOWEVER CAUSED AND
#ON ANY THEORY OF LIABILITY, WHETHER IN CONTRACT, STRICT LIABILITY, OR TORT
#(INCLUDING NEGLIGENCE OR OTHERWISE) ARISING IN ANY WAY OUT OF THE USE OF THIS
#SOFTWARE, EVEN IF ADVISED OF THE POSSIBILITY OF SUCH DAMAGE.









          

      

      

    

  

    
      
          
            
  In[1]:

import pytesmo.io.ismn.interface as ismn
import os
import matplotlib.pyplot as plt
import random





In[2]:

#path unzipped file downloaded from the ISMN web portal
#on windows the first string has to be your drive letter
#like 'C:\\'
path_to_ismn_data = os.path.join('D:\\','small_projects','cpa_2013_07_ISMN_userformat_reader',
                                      'header_values_parser_test')





In[3]:

#initialize interface, this can take up to a few minutes the first
#time, since all metadata has to be collected
ISMN_reader = ismn.ISMN_Interface(path_to_ismn_data)

#plot available station on a map
fig, ax = ISMN_reader.plot_station_locations()
plt.show()





[image: _images/plot_ISMN_2_0.png]
In[4]:

#select random network and station to plot
networks = ISMN_reader.list_networks()
print "Available Networks:"
print networks





Available Networks:
['OZNET']





In[5]:

network = random.choice(networks)
stations = ISMN_reader.list_stations(network = network)
print "Available Stations in Network %s"%network
print stations





Available Stations in Network OZNET
['Alabama' 'Balranald-Bolton_Park' 'Banandra' 'Benwerrin' 'Bundure'
 'Canberra_Airport' 'Cheverelis' 'Cooma_Airfield' 'Cootamundra_Aerodrome'
 'Cox' 'Crawford' 'Dry_Lake' 'Eulo' 'Evergreen' 'Ginninderra_K4'
 'Ginninderra_K5' 'Griffith_Aerodrome' 'Hay_AWS' 'Keenan' 'Kyeamba_Downs'
 'Kyeamba_Mouth' 'Kyeamba_Station' 'Rochedale' 'S_Coleambally' 'Samarra'
 'Silver_Springs' 'Spring_Bank' 'Strathvale' 'Uri_Park' 'Waitara'
 'Weeroona' 'West_Wyalong_Airfield' 'Widgiewa' 'Wollumbi' 'Wynella'
 'Yamma_Road' 'Yammacoona' 'Yanco_Research_Station']





In[6]:

station = random.choice(stations)
station_obj = ISMN_reader.get_station(station)
print "Available Variables at Station %s"%station
#get the variables that this station measures
variables = station_obj.get_variables()
print variables





Available Variables at Station Evergreen
['precipitation' 'soil moisture' 'soil temperature']





In[7]:

#to make sure the selected variable is not measured
#by different sensors at the same depths
#we also select the first depth and the first sensor
#even if there is only one
depths_from,depths_to = station_obj.get_depths(variables[0])

sensors = station_obj.get_sensors(variables[0],depths_from[0],depths_to[0])

#read the data of the variable, depth, sensor combination
time_series = station_obj.read_variable(variables[0],depth_from=depths_from[0],depth_to=depths_to[0],sensor=sensors[0])

#print information about the selected time series
print "Selected time series is:"
print time_series





Selected time series is:
OZNET Evergreen -0.50 m - -0.50 m precipitation measured with TB4-0.2-mm-tipping-bucket-raingauge





In[8]:

#plot the data
time_series.plot()
#with pandas 0.12 time_series.plot() also works
plt.legend()
plt.show()





[image: _images/plot_ISMN_7_0.png]
In[9]:

#we also want to see soil moisture
sm_depht_from,sm_depht_to = station_obj.get_depths('soil moisture')
print sm_depht_from,sm_depht_to





[ 0.   0.   0.3  0.6] [ 0.05  0.3   0.6   0.9 ]





In[10]:

#read sm data measured in first layer 0-0.05m
sm = station_obj.read_variable('soil moisture',depth_from=0,depth_to=0.05)
sm.plot()
plt.show()





[image: _images/plot_ISMN_9_0.png]


          

      

      

    

  

    
      
          
            
  
The pytesmo validation framework

The pytesmo validation framework takes care of iterating over datasets,
spatial and temporal matching as well as sclaing. It uses metric
calculators to then calculate metrics that are returned to the user.
There are several metrics calculators included in pytesmo but new ones
can be added simply by writing a new class.


Overview

How does the validation framework work? It makes these assumptions about
the used datasets:


	The dataset readers that are used have a read_ts method that can
be called either by a grid point index (gpi) which can be any
indicator that identifies a certain grid point or by using longitude
and latitude. This means that both call signatures read_ts(gpi)
and read_ts(lon, lat) must be valid. Please check the
pygeobase [https://github.com/TUW-GEO/pygeobase] documentation
for more details on how a fully compatible dataset class should look.
But a simple read_ts method should do for the validation
framework. This assumption can be relaxed by using the
read_ts_names keyword in the
pytesmo.validation_framework.data_manager.DataManager class.


	The read_ts method returns a pandas.DataFrame time series.


	Ideally the datasets classes also have a grid attribute that is a
pygeogrids [http://pygeogrids.readthedocs.org/en/latest/] grid.
This makes the calculation of lookup tables easily possible and the
nearest neighbor search faster.




Fortunately these assumptions are true about the dataset readers
included in pytesmo.

It also makes a few assumptions about how to perform a validation. For a
comparison study it is often necessary to choose a spatial reference
grid, a temporal reference and a scaling or data space reference.


Spatial reference

The spatial reference is the one to which all the other datasets are
matched spatially. Often through nearest neighbor search. The validation
framework uses grid points of the dataset specified as the spatial
reference to spatially match all the other datasets with nearest
neighbor search. Other, more sophisticated spatial matching algorithms
are not implemented at the moment. If you need a more complex spatial
matching then a preprocessing of the data is the only option at the
moment.




Temporal reference

The temporal reference is the dataset to which the other dataset are
temporally matched. That means that the nearest observation to the
reference timestamps in a certain time window is chosen for each
comparison dataset. This is by default done by the temporal matching
module included in pytesmo. How many datasets should be matched to the
reference dataset at once can be configured, we will cover how to do
this later.




Data space reference

It is often necessary to bring all the datasets into a common data space
by using scaling. Pytesmo offers a choice of several scaling algorithms
(e.g. CDF matching, min-max scaling, mean-std scaling, triple
collocation based scaling). The data space reference can also be chosen
independently from the other two references. New scaling methods can be
implemented by writing a scaler class. An example of a scaler class can
be found in the pytesmo.validation_framework.data_scalers.DefaultScaler.






Data Flow

After it is initialized, the validation framework works through the
following steps:


	Read all the datasets for a certain job (gpi, lon, lat)


	Read all the masking datasets if any


	Mask the temporal reference dataset using the masking data


	Temporally match all the chosen combinations of temporal reference
and other datasets


	Scale all datasets into the data space of the data space reference,
if scaling is activated


	Turn the temporally matched time series over to the metric
calculators


	Get the calculated metrics from the metric calculators


	Put all the metrics into a dictionary by dataset combination and
return them.







Masking datasets

Masking datasets can be used if the the datasets that are compared do
not contain the necessary information to mask them. For example we might
want to use modelled soil temperature data to mask our soil moisture
observations before comparing them. To be able to do that we just need a
Dataset that returns a pandas.DataFrame with one column of boolean data
type. Everywhere where the masking dataset is True the data will be
masked.

Let’s look at a first example.




Example soil moisture validation: ASCAT - ISMN

This example shows how to setup the pytesmo validation framework to
perform a comparison between ASCAT and ISMN data.

import os
import tempfile

import pytesmo.validation_framework.metric_calculators as metrics_calculators

from datetime import datetime

from ascat.timeseries import AscatSsmCdr
from pytesmo.io.ismn.interface import ISMN_Interface
from pytesmo.validation_framework.validation import Validation
from pytesmo.validation_framework.results_manager import netcdf_results_manager





First we initialize the data readers that we want to use. In this case
the ASCAT soil moisture time series and in situ data from the ISMN.

Initialize ASCAT reader

ascat_data_folder = os.path.join('/home', 'cpa', 'workspace', 'pytesmo',
                                 'tests', 'test-data', 'sat', 'ascat', 'netcdf', '55R22')
ascat_grid_folder = os.path.join('/media/sf_R', 'Datapool_processed', 'WARP',
                                 'ancillary', 'warp5_grid')
static_layers_folder = os.path.join('/home', 'cpa', 'workspace', 'pytesmo',
                                    'tests', 'test-data', 'sat',
                                    'h_saf', 'static_layer')


ascat_reader = AscatSsmCdr(ascat_data_folder, ascat_grid_folder,
                           static_layer_path=static_layers_folder)





Initialize ISMN reader

ismn_data_folder = '/data/Development/python/workspace/pytesmo/tests/test-data/ismn/multinetwork/header_values/'
ismn_reader = ISMN_Interface(ismn_data_folder)





The validation is run based on jobs. A job consists of at least three
lists or numpy arrays specifing the grid point index, its latitude and
longitude. In the case of the ISMN we can use the dataset_ids that
identify every time series in the downloaded ISMN data as our grid point
index. We can then get longitude and latitude from the metadata of the
dataset.

DO NOT CHANGE the name *jobs* because it will be searched during
the parallel processing!

jobs = []

ids = ismn_reader.get_dataset_ids(variable='soil moisture', min_depth=0, max_depth=0.1)
for idx in ids:
    metadata = ismn_reader.metadata[idx]
    jobs.append((idx, metadata['longitude'], metadata['latitude']))
print jobs





[(0, 102.13330000000001, 33.666600000000003), (1, 102.13330000000001, 33.883299999999998), (2, -120.9675, 38.430030000000002), (3, -120.78559, 38.149560000000001), (4, -120.80638999999999, 38.17353), (5, -105.417, 34.25), (6, -97.082999999999998, 37.133000000000003), (7, -86.549999999999997, 34.783000000000001)]





For this small test dataset it is only one job

It is important here that the ISMN reader has a read_ts function that
works by just using the dataset_id. In this way the validation
framework can go through the jobs and read the correct time series.

data = ismn_reader.read_ts(ids[0])
print data.head()





                     soil moisture soil moisture_flag soil moisture_orig_flag
date_time
2008-07-01 00:00:00           0.45                  U                       M
2008-07-01 01:00:00           0.45                  U                       M
2008-07-01 02:00:00           0.45                  U                       M
2008-07-01 03:00:00           0.45                  U                       M
2008-07-01 04:00:00           0.45                  U                       M








Initialize the Validation class

The Validation class is the heart of the validation framwork. It
contains the information about which datasets to read using which
arguments or keywords and if they are spatially compatible. It also
contains the settings about which metric calculators to use and how to
perform the scaling into the reference data space. It is initialized in
the following way:

datasets = {'ISMN': {'class': ismn_reader,
                     'columns': ['soil moisture']},
            'ASCAT': {'class': ascat_reader, 'columns': ['sm'],
                      'kwargs': {'mask_frozen_prob': 80,
                                 'mask_snow_prob': 80,
                                 'mask_ssf': True}}
           }





The datasets dictionary contains all the information about the datasets
to read. The class is the dataset class to use which we have already
initialized. The columns key describes which columns of the dataset
interest us for validation. This a mandatory field telling the framework
which other columns to ignore. In this case the columns
soil moisture_flag and soil moisture_orig_flag will be ignored
by the ISMN reader. We can also specify additional keywords that should
be given to the read_ts method of the dataset reader. In this case
we want the ASCAT reader to mask the ASCAT soil moisture using the
included frozen and snow probabilities as well as the SSF. There are
also other keys that can be used here. Please see the documentation for
explanations.

period = [datetime(2007, 1, 1), datetime(2014, 12, 31)]
basic_metrics = metrics_calculators.BasicMetrics(other_name='k1')

process = Validation(
    datasets, 'ISMN', {(2, 2): basic_metrics.calc_metrics},
    temporal_ref='ASCAT',
    scaling='lin_cdf_match',
    scaling_ref='ASCAT',
    period=period)





During the initialization of the Validation class we can also tell it
other things that it needs to know. In this case it uses the datasets we
have specified earlier. The spatial reference is the 'ISMN' dataset
which is the second argument. The third argument looks a little bit
strange so let’s look at it in more detail.

It is a dictionary with a tuple as the key and a function as the value.
The key tuple (n, k) has the following meaning: n datasets are
temporally matched together and then given in sets of k columns to
the metric calculator. The metric calculator then gets a DataFrame with
the columns [‘ref’, ‘k1’, ‘k2’ …] and so on depending on the value of
k. The value of (2, 2) makes sense here since we only have two
datasets and all our metrics also take two inputs.

This can be used in more complex scenarios to e.g. have three input
datasets that are all temporally matched together and then combinations
of two input datasets are given to one metric calculator while all three
datasets are given to another metric calculator. This could look like
this:

{ (3 ,2): metric_calc,
  (3, 3): triple_collocation}





Create the variable *save_path* which is a string representing the
path where the results will be saved. DO NOT CHANGE the name
*save_path* because it will be searched during the parallel
processing!

save_path = tempfile.mkdtemp()





import pprint
for job in jobs:

    results = process.calc(*job)
    pprint.pprint(results)
    netcdf_results_manager(results, save_path)





{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.04330891], dtype=float32),
                                                'R': array([ 0.7128256], dtype=float32),
                                                'RMSD': array([ 7.72966719], dtype=float32),
                                                'gpi': array([0], dtype=int32),
                                                'lat': array([ 33.6666]),
                                                'lon': array([ 102.1333]),
                                                'n_obs': array([384], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.70022893], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([ 0.237454], dtype=float32),
                                                'R': array([ 0.4996146], dtype=float32),
                                                'RMSD': array([ 11.58347607], dtype=float32),
                                                'gpi': array([1], dtype=int32),
                                                'lat': array([ 33.8833]),
                                                'lon': array([ 102.1333]),
                                                'n_obs': array([357], dtype=int32),
                                                'p_R': array([  6.12721281e-24], dtype=float32),
                                                'p_rho': array([  2.47165110e-28], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.53934574], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.63301021], dtype=float32),
                                                'R': array([ 0.78071409], dtype=float32),
                                                'RMSD': array([ 14.57700157], dtype=float32),
                                                'gpi': array([2], dtype=int32),
                                                'lat': array([ 38.43003]),
                                                'lon': array([-120.9675]),
                                                'n_obs': array([482], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.69356072], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-1.9682411], dtype=float32),
                                                'R': array([ 0.79960084], dtype=float32),
                                                'RMSD': array([ 13.06224251], dtype=float32),
                                                'gpi': array([3], dtype=int32),
                                                'lat': array([ 38.14956]),
                                                'lon': array([-120.78559]),
                                                'n_obs': array([141], dtype=int32),
                                                'p_R': array([  1.38538225e-32], dtype=float32),
                                                'p_rho': array([  4.62621032e-39], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.84189808], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.21823417], dtype=float32),
                                                'R': array([ 0.80635566], dtype=float32),
                                                'RMSD': array([ 12.90389824], dtype=float32),
                                                'gpi': array([4], dtype=int32),
                                                'lat': array([ 38.17353]),
                                                'lon': array([-120.80639]),
                                                'n_obs': array([251], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([  4.20389539e-45], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.74206454], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.14228749], dtype=float32),
                                                'R': array([ 0.50703788], dtype=float32),
                                                'RMSD': array([ 14.24668026], dtype=float32),
                                                'gpi': array([5], dtype=int32),
                                                'lat': array([ 34.25]),
                                                'lon': array([-105.417]),
                                                'n_obs': array([1927], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([  3.32948515e-42], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.30299741], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([ 0.2600247], dtype=float32),
                                                'R': array([ 0.53643185], dtype=float32),
                                                'RMSD': array([ 21.19682884], dtype=float32),
                                                'gpi': array([6], dtype=int32),
                                                'lat': array([ 37.133]),
                                                'lon': array([-97.083]),
                                                'n_obs': array([1887], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.53143877], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}
{(('ASCAT', 'sm'), ('ISMN', 'soil moisture')): {'BIAS': array([-0.04437888], dtype=float32),
                                                'R': array([ 0.6058206], dtype=float32),
                                                'RMSD': array([ 17.3883934], dtype=float32),
                                                'gpi': array([7], dtype=int32),
                                                'lat': array([ 34.783]),
                                                'lon': array([-86.55]),
                                                'n_obs': array([1652], dtype=int32),
                                                'p_R': array([ 0.], dtype=float32),
                                                'p_rho': array([ 0.], dtype=float32),
                                                'p_tau': array([ nan], dtype=float32),
                                                'rho': array([ 0.62204134], dtype=float32),
                                                'tau': array([ nan], dtype=float32)}}





The validation is then performed by looping over all the defined jobs
and storing the results. You can see that the results are a dictionary
where the key is a tuple defining the exact combination of datasets and
columns that were used for the calculation of the metrics. The metrics
itself are a dictionary of metric-name: numpy.ndarray which also
include information about the gpi, lon and lat. Since all the
information contained in the job is given to the metric calculator they
can be stored in the results.

Storing of the results to disk is at the moment supported by the
netcdf_results_manager which creates a netCDF file for each dataset
combination and stores each metric as a variable. We can inspect the
stored netCDF file which is named after the dictionary key:

import netCDF4
results_fname = os.path.join(save_path, 'ASCAT.sm_with_ISMN.soil moisture.nc')

with netCDF4.Dataset(results_fname) as ds:
    for var in ds.variables:
        print var, ds.variables[var][:]





n_obs [ 384  357  482  141  251 1927 1887 1652]
tau [ nan  nan  nan  nan  nan  nan  nan  nan]
gpi [0 1 2 3 4 5 6 7]
RMSD [  7.72966719  11.58347607  14.57700157  13.06224251  12.90389824
  14.24668026  21.19682884  17.3883934 ]
lon [ 102.1333   102.1333  -120.9675  -120.78559 -120.80639 -105.417    -97.083
  -86.55   ]
p_tau [ nan  nan  nan  nan  nan  nan  nan  nan]
BIAS [-0.04330891  0.237454   -0.63301021 -1.9682411  -0.21823417 -0.14228749
  0.2600247  -0.04437888]
p_rho [  0.00000000e+00   2.47165110e-28   0.00000000e+00   4.62621032e-39
   4.20389539e-45   3.32948515e-42   0.00000000e+00   0.00000000e+00]
rho [ 0.70022893  0.53934574  0.69356072  0.84189808  0.74206454  0.30299741
  0.53143877  0.62204134]
lat [ 33.6666   33.8833   38.43003  38.14956  38.17353  34.25     37.133
  34.783  ]
R [ 0.7128256   0.4996146   0.78071409  0.79960084  0.80635566  0.50703788
  0.53643185  0.6058206 ]
p_R [  0.00000000e+00   6.12721281e-24   0.00000000e+00   1.38538225e-32
   0.00000000e+00   0.00000000e+00   0.00000000e+00   0.00000000e+00]








Parallel processing

The same code can be executed in parallel by defining the following
start_processing function.

def start_processing(job):
    try:
        return process.calc(*job)
    except RuntimeError:
        return process.calc(*job)





pytesmo.validation_framework.start_validation can then be used to
run your validation in parallel. Your setup code can look like this
Ipython notebook without the loop over the jobs. Otherwise the
validation would be done twice. Save it into a .py file e.g.
my_validation.py.

After starting the ipyparallel
cluster [http://ipyparallel.readthedocs.org/en/latest/process.html]
you can then execute the following code:

from pytesmo.validation_framework import start_validation

# Note that before starting the validation you must start a controller
# and engines, for example by using: ipcluster start -n 4
# This command will launch a controller and 4 engines on the local machine.
# Also, do not forget to change the setup_code path to your current setup.

setup_code = "my_validation.py"
start_validation(setup_code)








Masking datasets

Masking datasets are datasets that return a pandas DataFrame with
boolean values. True means that the observation should be masked,
False means it should be kept. All masking datasets are temporally
matched in pairs to the temporal reference dataset. Only observations
for which all masking datasets have a value of False are kept for
further validation.

The masking datasets have the same format as the dataset dictionary and
can be specified in the Validation class with the masking_datasets
keyword.


Masking adapter

To easily transform an existing dataset into a masking dataset
pytesmo offers a adapter class that calls the read_ts method of
an existing dataset and performs the masking based on an operator and a
given threshold.

from pytesmo.validation_framework.adapters import MaskingAdapter

ds_mask = MaskingAdapter(ismn_reader, '<', 0.2)
print ds_mask.read_ts(ids[0])['soil moisture'].head()





date_time
2008-07-01 00:00:00    False
2008-07-01 01:00:00    False
2008-07-01 02:00:00    False
2008-07-01 03:00:00    False
2008-07-01 04:00:00    False
Name: soil moisture, dtype: bool
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pytesmo.colormaps package


Submodules




pytesmo.colormaps.load_cmap module


	
pytesmo.colormaps.load_cmap.colormaps_path()

	Returns application’s default path for storing user-defined colormaps






	
pytesmo.colormaps.load_cmap.get_system_colormaps()

	Returns the list of colormaps that ship with matplotlib






	
pytesmo.colormaps.load_cmap.get_user_colormaps(cmap_fldr='/home/docs/checkouts/readthedocs.org/user_builds/pytesmo/conda/v0.6.9/lib/python3.6/site-packages/pytesmo/colormaps')

	Returns a list of user-defined colormaps in the specified folder (defaults to
standard colormaps folder if not specified).






	
pytesmo.colormaps.load_cmap.load(cmap_name, cmap_folder='/home/docs/checkouts/readthedocs.org/user_builds/pytesmo/conda/v0.6.9/lib/python3.6/site-packages/pytesmo/colormaps')

	Returns the matplotlib colormap of the specified name -
if not found in the predefined
colormaps, searches for the colormap in the specified
folder (defaults to standard colormaps
folder if not specified).






	
pytesmo.colormaps.load_cmap.load_colormap(json_file)

	Generates and returns a matplotlib colormap from the specified JSON file,
or None if the file was invalid.
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pytesmo.grid package


Submodules




pytesmo.grid.grids module




pytesmo.grid.netcdf module




pytesmo.grid.resample module

Created on Mar 25, 2014

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
pytesmo.grid.resample.hamming_window(radius, distances)

	Hamming window filter.


	Parameters

	
	radius (float32) – Radius of the window.


	distances (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Array with distances.






	Returns

	weights – Distance weights.



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]










	
pytesmo.grid.resample.resample_to_grid(input_data, src_lon, src_lat, target_lon, target_lat, methods='nn', weight_funcs=None, min_neighbours=1, search_rad=18000, neighbours=8, fill_values=None)

	resamples data from dictionary of numpy arrays using pyresample
to given grid.
Searches for the neighbours and then resamples the data
to the grid given in togrid if at least
min_neighbours neighbours are found


	Parameters

	
	input_data (dict of numpy.arrays) – 


	src_lon (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – longitudes of the input data


	src_lat (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src_latitudes of the input data


	target_lon (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – longitudes of the output data


	target_src_lat (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src_latitudes of the output data


	methods (string [https://docs.python.org/3.6/library/string.html#module-string] or dict [https://docs.python.org/3.6/library/stdtypes.html#dict], optional) – method of spatial averaging. this is given to pyresample
and can be
‘nn’ : nearest neighbour
‘custom’ : custom weight function has to be supplied in weight_funcs
see pyresample documentation for more details
can also be a dictionary with a method for each array in input data dict


	weight_funcs (function or dict of functions, optional) – if method is ‘custom’ a function like func(distance) has to be given
can also be a dictionary with a function for each array in input data dict


	min_neighbours (int [https://docs.python.org/3.6/library/functions.html#int], optional) – if given then only points with at least this number of neighbours will be
resampled
Default : 1


	search_rad (float [https://docs.python.org/3.6/library/functions.html#float], optional) – search radius in meters of neighbour search
Default : 18000


	neighbours (int [https://docs.python.org/3.6/library/functions.html#int], optional) – maximum number of neighbours to look for for each input grid point
Default : 8


	fill_values (number or dict [https://docs.python.org/3.6/library/stdtypes.html#dict], optional) – if given the output array will be filled with this value if no valid
resampled value could be computed, if not a masked array will be returned
can also be a dict with a fill value for each variable






	Returns

	data – resampled data on given grid



	Return type

	dict of numpy.arrays



	Raises

	ValueError : – if empty dataset is resampled










	
pytesmo.grid.resample.resample_to_grid_only_valid_return(input_data, src_lon, src_lat, target_lon, target_lat, methods='nn', weight_funcs=None, min_neighbours=1, search_rad=18000, neighbours=8, fill_values=None)

	resamples data from dictionary of numpy arrays using pyresample
to given grid.
Searches for the neighbours and then resamples the data
to the grid given in togrid if at least
min_neighbours neighbours are found


	Parameters

	
	input_data (dict of numpy.arrays) – 


	src_lon (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – longitudes of the input data


	src_lat (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src_latitudes of the input data


	target_lon (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – longitudes of the output data


	target_src_lat (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src_latitudes of the output data


	methods (string [https://docs.python.org/3.6/library/string.html#module-string] or dict [https://docs.python.org/3.6/library/stdtypes.html#dict], optional) – method of spatial averaging. this is given to pyresample
and can be
‘nn’ : nearest neighbour
‘custom’ : custom weight function has to be supplied in weight_funcs
see pyresample documentation for more details
can also be a dictionary with a method for each array in input data dict


	weight_funcs (function or dict of functions, optional) – if method is ‘custom’ a function like func(distance) has to be given
can also be a dictionary with a function for each array in input data dict


	min_neighbours (int [https://docs.python.org/3.6/library/functions.html#int], optional) – if given then only points with at least this number of neighbours will be
resampled
Default : 1


	search_rad (float [https://docs.python.org/3.6/library/functions.html#float], optional) – search radius in meters of neighbour search
Default : 18000


	neighbours (int [https://docs.python.org/3.6/library/functions.html#int], optional) – maximum number of neighbours to look for for each input grid point
Default : 8


	fill_values (number or dict [https://docs.python.org/3.6/library/stdtypes.html#dict], optional) – if given the output array will be filled with this value if no valid
resampled value could be computed, if not a masked array will be returned
can also be a dict with a fill value for each variable






	Returns

	
	data (dict of numpy.arrays) – resampled data on part of the target grid over which data was found


	mask (numpy.ndarray) – boolean mask into target grid that specifies where data was resampled








	Raises

	ValueError : – if empty dataset is resampled
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pytesmo.io.bufr package


Submodules




pytesmo.io.bufr.bufr module

Created on May 21, 2014

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
class pytesmo.io.bufr.bufr.BUFRReader(filename, kelem_guess=500, max_tries=10)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

BUFR reader based on the pybufr-ecmwf package but faster


	Parameters

	
	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – filename of the bufr file


	kelem_guess (int [https://docs.python.org/3.6/library/functions.html#int], optional) – if the elements per variable in as message are known
please specify here.
Otherwise the elements will be found out via trial and error
This works most of the time but is not 100 percent failsafe
Default: 500


	max_tries (int [https://docs.python.org/3.6/library/functions.html#int], optional) – the Reader will try max_tries times to unpack a bufr message.
Some messages can not be read even if the array sizes are ok.
Most of the time these files are corrupt.









	
messages()

	
	Raises

	IOError: – if a message cannot be unpacked after max_tries tries



	Returns

	data



	Return type

	yield results of messages
















Module contents







          

      

      

    

  

    
      
          
            
  
pytesmo.io.ismn package


Submodules




pytesmo.io.ismn.interface module

Created on Aug 5, 2013

@author: Christoph Paulik Christoph.Paulik@geo.tuwien.ac.at


	
exception pytesmo.io.ismn.interface.ISMNError

	Bases: Exception [https://docs.python.org/3.6/library/exceptions.html#Exception]


	
args

	




	
with_traceback()

	Exception.with_traceback(tb) –
set self.__traceback__ to tb and return self.










	
class pytesmo.io.ismn.interface.ISMN_Interface(path_to_data, network=None)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

class provides interface to ISMN data downloaded from the ISMN website

upon initialization it collects metadata from all files in
path_to_data and saves metadata information
in numpy file in folder path_to_data/python_metadata/
First initialization can take a minute or so if all ISMN
data is present in path_to_data


	Parameters

	
	path_to_data (string [https://docs.python.org/3.6/library/string.html#module-string]) – filepath to unzipped ISMN data containing the Network folders


	network (string [https://docs.python.org/3.6/library/string.html#module-string] or list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – provide name of network to only load the given network






	Raises

	ISMNError – if given network was not found in path_to_data






	
metadata

	numpy.array – metadata array for all stations contained in the path given during initialization






	
grid

	pygeogrids.grid.BasicGrid – Grid object used for finding nearest insitu station for given lon lat






	
find_nearest_station(lon, lat)

	find nearest station for given coordinates






	
find_nearest_station(lon, lat, return_distance=False)

	finds the nearest station available in downloaded data


	Parameters

	
	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – Longitude of point


	lat (float [https://docs.python.org/3.6/library/functions.html#float]) – Latitude of point


	return_distance (boolean, optional) – if True also distance is returned






	Returns

	
	station (ISMN_station) – ISMN_station object


	distance (float, optional) – distance to station in meters, measured in cartesian coordinates and not on
a great circle. Should be OK for small distances















	
get_dataset_ids(variable, min_depth=0, max_depth=0.1)

	returnes list of dataset_id’s that can be used to read a
dataset directly through the read_ts function






	
get_min_max_obs_timestamps(variable='soil moisture', min_depth=None, max_depth=None)

	get minimum and maximum timestamps per station


	Parameters

	
	self (type [https://docs.python.org/3.6/library/functions.html#type]) – description


	variable (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – 
	one of

	
	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’











	min_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_from of variable has to be >= min_depth in order to be
included.


	max_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_to of variable has to be <= max_depth in order to be
included.






	Returns

	data – dataframe with multiindex Network Station and
columns start_date and end_date



	Return type

	pd.DataFrame










	
get_station(stationname, network=None)

	get ISMN_station object by station name


	Parameters

	
	stationname (string [https://docs.python.org/3.6/library/string.html#module-string]) – name of station


	network (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – network name, has to be used if stations belonging
to different networks have the same name






	Returns

	ISMN_station



	Return type

	ISMN_station object



	Raises

	ISMNError – if stationname was not found










	
list_networks()

	returns numpy.array of networks available through the interface


	Returns

	networks – unique network names available



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
list_stations(network=None)

	returns numpy.array of station names available through the interface


	Parameters

	network (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – if network name is given only stations belonging to the network
are returned



	Returns

	networks – unique network names available



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
plot_station_locations(axes=None)

	plots available stations on a world map in robinson projection
only available if basemap is installed


	Parameters

	axes (matplotlib.Axes, optional) – If given then plot will be on this axes.



	Returns

	
	fig (matplotlib.Figure) – created figure instance. If axes was given this will be None.


	axes (matplitlib.Axes) – used axes instance.








	Raises

	ISMNError – if basemap is not installed










	
read_ts(idx)

	read a time series directly by the id


	Parameters

	idx (int [https://docs.python.org/3.6/library/functions.html#int]) – id into self.metadata, best one of those returned
from get_dataset_ids()



	Returns

	timeseries – of the read data



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]










	
stations_that_measure(variable)

	Goes through all stations and returns those that measure the specified
variable


	Parameters

	variable (string [https://docs.python.org/3.6/library/string.html#module-string]) – variable name
one of



	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’











	Returns

	ISMN_station



	Return type

	ISMN_station object














	
class pytesmo.io.ismn.interface.ISMN_station(metadata)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Knows everything about the station, like which variables are measured there in which depths
and in which files the data is stored. This is not completely true for the CEOP format
since depth_from and depth_to are not easily knowable without parsing the whole file.
For CEOP format depth_from and depth_to will only contain the phrase ‘multiple’ instead
of the actual depth


Parameters





	metadatanumpy.array

	part of the structured array from metadata_collector.collect_from_folder()
which contains only fields for one station






	
network

	string – network the time series belongs to






	
station

	string – station name the time series belongs to






	
latitude

	float – latitude of station






	
longitude

	float – longitude of station






	
elevation

	float – elevation of station






	
variables

	numpy.array – variables measured at this station
one of



	‘soil moisture’,


	‘soil temperature’,


	‘soil suction’,


	‘precipitation’,


	‘air temperature’,


	‘field capacity’,


	‘permanent wilting point’,


	‘plant available water’,


	‘potential plant available water’,


	‘saturation’,


	‘silt fraction’,


	‘snow depth’,


	‘sand fraction’,


	‘clay fraction’,


	‘organic carbon’,


	‘snow water equivalent’,


	‘surface temperature’,


	‘surface temperature quality flag original’












	
depth_from

	numpy.array – shallower depth of layer the variable with same index was measured at






	
depth_to

	numpy.array – deeper depth of layer the variable with same index was measured at






	
sensors

	numpy.array – sensor names of variables






	
filenames

	numpy.array – filenames in which the data is stored






	
get_variables()

	returns the variables measured at this station






	
get_depths(variable)

	get the depths in which a variable was measured at this station






	
get_sensors(variable, depth_from, depth_to)

	get the sensors for the given variable, depth combination






	
read_variable(variable, depth_from=None, depth_to=None, sensor=None)

	read the data for the given parameter combination






	
data_for_variable(variable, min_depth=None, max_depth=None)

	function to go through all the depth_from, depth_to, sensor combinations
for the given variable and yields ISMNTimeSeries if a match is found.
if min_depth and/or max_depth where given it only returns a
ISMNTimeSeries if depth_from >= min_depth and/or depth_to <= max_depth


	Parameters

	
	variable (string [https://docs.python.org/3.6/library/string.html#module-string]) – variable to read
one of



	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’










	min_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_from of variable has to be >= min_depth in order to be
included.


	max_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_to of variable has to be <= max_depth in order to be
included.






	Returns

	time_series – ISMNTimeSeries object containing data and metadata



	Return type

	iterator(pytesmo.io.ismn.readers.ISMNTimeSeries)










	
get_depths(variable)

	get depths at which the given variable was measured at this station


	Parameters

	variable (string [https://docs.python.org/3.6/library/string.html#module-string]) – variable string best one of those returned by get_variables() or
one of



	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’











	Returns

	
	depth_from (numpy.array)


	depth_to (numpy.array)















	
get_min_max_obs_timestamp(variable='soil moisture', min_depth=None, max_depth=None)

	goes throug the filenames associated with a station
and reads the date of the first and last observation to get
and approximate time coverage of the station.
This is just an overview. If holes have to be detected the
complete file must be read.


	Parameters

	
	self (type [https://docs.python.org/3.6/library/functions.html#type]) – description


	variable (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – 
	one of

	
	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’











	min_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_from of variable has to be >= min_depth in order to be
included.


	max_depth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – depth_to of variable has to be <= max_depth in order to be
included.






	Returns

	
	start_date (datetime)


	end_date (datetime)















	
get_sensors(variable, depth_from, depth_to)

	get the sensors at which the variable was measured at the
given depth


	Parameters

	
	variable (string [https://docs.python.org/3.6/library/string.html#module-string]) – variable abbreviation
one of



	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’










	depth_from (float [https://docs.python.org/3.6/library/functions.html#float]) – shallower depth of layer the variable was measured at


	depth_to (float [https://docs.python.org/3.6/library/functions.html#float]) – deeper depth of layer the variable was measured at






	Returns

	sensors – array of sensors found for the given combination of variable and depths



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]



	Raises

	ISMNError – if no sensor was found for the given combination of variable and depths










	
get_variables()

	get a list of variables measured at this station


	Returns

	variables – array of variables measured at this station



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
read_variable(variable, depth_from=None, depth_to=None, sensor=None)

	actually reads the given variable from the file. Parameters are
required until any ambiguity is resolved. If there is only one depth for
the given variable then only variable is required. If there are multiple
depths at least depth_from is required. If there are multiple depth_to
possibilities for one variable-depth_from combination also depth_to has to
be specified. If 2 sensors are measuring the same variable in the same
depth then also the sensor has to be specified.


	Parameters

	
	variable (string [https://docs.python.org/3.6/library/string.html#module-string]) – variable to read
one of



	’soil moisture’,


	’soil temperature’,


	’soil suction’,


	’precipitation’,


	’air temperature’,


	’field capacity’,


	’permanent wilting point’,


	’plant available water’,


	’potential plant available water’,


	’saturation’,


	’silt fraction’,


	’snow depth’,


	’sand fraction’,


	’clay fraction’,


	’organic carbon’,


	’snow water equivalent’,


	’surface temperature’,


	’surface temperature quality flag original’










	depth_from (float [https://docs.python.org/3.6/library/functions.html#float], optional) – shallower depth of layer the variable was measured at


	depth_to (float [https://docs.python.org/3.6/library/functions.html#float], optional) – deeper depth of layer the variable was measured at


	sensor (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – name of the sensor






	Returns

	data – ISMNTimeSeries object containing the relevant metadata for the time series
as well as a .data pointing to a pandas.DataFrame



	Return type

	readers.ISMNTimeSeries



	Raises

	ISMNError: – if not all ambiguity was resolved by the given input parameters or
if no data was found for the given input parameters
















pytesmo.io.ismn.metadata_collector module

Created on Aug 1, 2013

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
pytesmo.io.ismn.metadata_collector.collect_from_folder(rootdir)

	function walks the rootdir directory and looks for network
folders and ISMN datafiles. It collects metadata for every
file found and returns a numpy.ndarray of metadata


	Parameters

	rootdir (string [https://docs.python.org/3.6/library/string.html#module-string]) – root directory on filesystem where the ISMN data was unzipped to



	Returns

	metadata – structured numpy array which contains the metadata for one file per row



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]












pytesmo.io.ismn.readers module

Created on Jul 31, 2013

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
exception pytesmo.io.ismn.readers.ISMNTSError

	Bases: Exception [https://docs.python.org/3.6/library/exceptions.html#Exception]


	
args

	




	
with_traceback()

	Exception.with_traceback(tb) –
set self.__traceback__ to tb and return self.










	
class pytesmo.io.ismn.readers.ISMNTimeSeries(data)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

class that contains a time series of ISMN data read from one text file


	
network

	string – network the time series belongs to






	
station

	string – station name the time series belongs to






	
latitude

	float – latitude of station






	
longitude

	float – longitude of station






	
elevation

	float – elevation of station






	
variable

	list – variable measured






	
depth_from

	list – shallower depth of layer the variable was measured at






	
depth_to

	list – deeper depth of layer the variable was measured at






	
sensor

	string – sensor name






	
data

	pandas.DataFrame – data of the time series






	
plot(*args, **kwargs)

	wrapper for pandas.DataFrame.plot which adds title to plot
and drops NaN values for plotting
:returns: ax – matplotlib axes of the plot
:rtype: axes


	Raises

	ISMNTSError – if data attribute is not a pandas.DataFrame














	
exception pytesmo.io.ismn.readers.ReaderException

	Bases: Exception [https://docs.python.org/3.6/library/exceptions.html#Exception]


	
args

	




	
with_traceback()

	Exception.with_traceback(tb) –
set self.__traceback__ to tb and return self.










	
pytesmo.io.ismn.readers.get_format(filename)

	get’s the file format from the length of
the header and filename information


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – 



	Returns

	methodname – name of method used to read the detected format



	Return type

	string [https://docs.python.org/3.6/library/string.html#module-string]



	Raises

	ReaderException – if filename or header parts do not fit one of the formats










	
pytesmo.io.ismn.readers.get_info_from_file(filename)

	reads first line of file and splits filename
this can be used to construct necessary metadata information
for all ISMN formats


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – filename including path



	Returns

	
	header_elements (list) – first line of file split into list


	filename_elements (list) – filename without path split by _















	
pytesmo.io.ismn.readers.get_metadata(filename)

	reads ISMN metadata from any format


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – 



	Returns

	metadata



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
pytesmo.io.ismn.readers.get_metadata_ceop(filename)

	get metadata from ISMN textfiles in the format called
CEOP Reference Data Format


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	metadata – dictionary of metadata information



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
pytesmo.io.ismn.readers.get_metadata_ceop_sep(filename)

	get metadata from ISMN textfiles in the format called
Variables stored in separate files (CEOP formatted)


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	metadata – dictionary of metadata information



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
pytesmo.io.ismn.readers.get_metadata_header_values(filename)

	get metadata from ISMN textfiles in the format called
Variables stored in separate files (CEOP formatted)


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	metadata – dictionary of metadata information



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
pytesmo.io.ismn.readers.get_min_max_timestamp(filename)

	Determine the file type and get the minimum and maximum observation
timestamp






	
pytesmo.io.ismn.readers.get_min_max_timestamp_ceop(filename)

	Get minimum and maximum observation timestamp from ceop format.






	
pytesmo.io.ismn.readers.get_min_max_timestamp_ceop_sep(filename)

	Get minimum and maximum observation timestamp from ceop_sep format.






	
pytesmo.io.ismn.readers.get_min_max_timestamp_header_values(filename)

	Get minimum and maximum observation timestamp from header values format.






	
pytesmo.io.ismn.readers.read_data(filename)

	reads ISMN data in any format


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – 



	Returns

	timeseries



	Return type

	IMSNTimeSeries










	
pytesmo.io.ismn.readers.read_format_ceop(filename)

	Reads ISMN textfiles in the format called
CEOP Reference Data Format


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	time_series – ISMNTimeSeries object initialized with metadata and data from file



	Return type

	ISMNTimeSeries










	
pytesmo.io.ismn.readers.read_format_ceop_sep(filename)

	Reads ISMN textfiles in the format called
Variables stored in separate files (CEOP formatted)


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	time_series – ISMNTimeSeries object initialized with metadata and data from file



	Return type

	ISMNTimeSeries










	
pytesmo.io.ismn.readers.read_format_header_values(filename)

	Reads ISMN textfiles in the format called
Variables stored in separate files (Header + values)


	Parameters

	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and name of file



	Returns

	time_series – ISMNTimeSeries object initialized with metadata and data from file



	Return type

	ISMNTimeSeries










	
pytesmo.io.ismn.readers.tail(f, lines=1, _buffer=4098)

	Tail a file and get X lines from the end


	Parameters

	
	f (file like object) – 


	lines (int [https://docs.python.org/3.6/library/functions.html#int]) – lines from the end of the file to read


	_buffer (int [https://docs.python.org/3.6/library/functions.html#int]) – buffer to use to step backwards in the file.








References

Found at http://stackoverflow.com/a/13790289/1314882
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pytesmo.io.sat package


Submodules




pytesmo.io.sat.ers module

Module for reading ERS data from TU Wien


	
class pytesmo.io.sat.ers.ERS_SSM(path, grid_path, grid_filename='TUW_WARP5_grid_info_2_1.nc', static_layer_path=None, **kwargs)

	Bases: ascat.timeseries.AscatNc

Class reading ERS data from TU Wien


	Parameters

	
	path (string [https://docs.python.org/3.6/library/string.html#module-string]) – path to data folder which contains the netCDF files from the FTP server


	grid_path (string [https://docs.python.org/3.6/library/string.html#module-string]) – path to grid_info folder which contains txt files with information about
grid point index,latitude, longitude and cell


	grid_filename (str [https://docs.python.org/3.6/library/stdtypes.html#str]) – Grid filename.


	static_layer_path (str [https://docs.python.org/3.6/library/stdtypes.html#str]) – Path to static layer files from H-SAF


	thresholds (dict [https://docs.python.org/3.6/library/stdtypes.html#dict], optional) – Thresholds for topographic complexity (default 50) and
wetland fraction (default 50).
{‘topo_complex’: 50, ‘wetland_frac’: 50}









	
close()

	Close file.






	
flush()

	Flush data.






	
get_spatial_subset(gpis=None, cells=None, ll_bbox=None, grid=None)

	Select spatial subset and return data set with new grid.


	Parameters

	
	gpis (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Grid point indices.


	cells (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Cell number.


	ll_bbox (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple] (latmin, latmax, lonmin, lonmax)) – Lat/Lon bounding box


	grid (pygeogrids.CellGrid) – Grid object.






	Returns

	dataset – New data set with for spatial subset.



	Return type

	GriddedBase or child










	
iter_gp(**kwargs)

	Yield all values for all grid points.


	Yields

	
	data (pandas.DataFrame) – Data set.


	gp (int) – Grid point.













	
iter_ts(**kwargs)

	Yield time series for all grid points.
:Yields: * data (object) – pygeobase.object_base.TS object



	gp (int) – Grid point.












	
read(*args, **kwargs)

	Takes either 1 or 2 arguments and calls the correct function
which is either reading the gpi directly or finding
the nearest gpi from given lat,lon coordinates and then reading it






	
read_ts(*args, **kwargs)

	Takes either 1 or 2 arguments and calls the correct function
which is either reading the gpi directly or finding
the nearest gpi from given lat,lon coordinates and then reading it






	
write(*args, **kwargs)

	Takes either 1 or 2 arguments and calls the correct function
which is either writing the gpi directly or finding
the nearest gpi from given lat,lon coordinates and then writing it.






	
write_ts(*args, **kwargs)

	Takes either 1, 2 or 3 arguments (the last one always needs to be the
data to be written) and calls the correct function which is either
writing the gp directly or finding the nearest gp from given
lon, lat coordinates and then reading it.
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pytesmo.io package


Subpackages



	pytesmo.io.bufr package
	Submodules

	pytesmo.io.bufr.bufr module

	Module contents





	pytesmo.io.ismn package
	Submodules

	pytesmo.io.ismn.interface module

	pytesmo.io.ismn.metadata_collector module

	pytesmo.io.ismn.readers module

	Module contents





	pytesmo.io.sat package
	Submodules

	pytesmo.io.sat.ers module

	Module contents












Submodules




pytesmo.io.dataset_base module

Created on Mar 19, 2014

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
class pytesmo.io.dataset_base.DatasetImgBase(path, filename_templ='', sub_path=None, grid=None, exact_templ=True)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Dateset base class that implements basic functions and also abstract
methods that have to be implemented by child classes.


	Parameters

	
	path (string [https://docs.python.org/3.6/library/string.html#module-string]) – Path to dataset.


	filename_templ (string [https://docs.python.org/3.6/library/string.html#module-string]) – template of how datetimes fit into the filename.
e.g. “ASCAT_%Y%m%d_image.nc” will be translated into the filename
ASCAT_20070101_image.nc for the date 2007-01-01.


	sub_path (string [https://docs.python.org/3.6/library/string.html#module-string] or list optional) – if given it is used to generate a sub path from the given timestamp.
This is useful if files are sorted by year or month.
If a list is one subfolder per item is assumed. This can be used
if the files for May 2007 are e.g. in folders 2007/05/ then the
list [‘%Y’, ‘%m’] works.


	grid (pytesmo.grid.grids.BasicGrid of CellGrid instance, optional) – Grid on which all the images of the dataset are stored. This is not
relevant for datasets that are stored e.g. in orbit geometry


	exact_templ (boolean, optional) – if True then the filename_templ matches the filename exactly.
If False then the filename_templ will be used in glob to find
the file.









	
daily_images(day, **kwargs)

	Yield all images for a day.


	Parameters

	day (datetime.date [https://docs.python.org/3.6/library/datetime.html#datetime.date]) – 



	Returns

	
	data (dict) – dictionary of numpy arrays that hold the image data for each
variable of the dataset


	metadata (dict) – dictionary of numpy arrays that hold metadata


	timestamp (datetime.datetime) – exact timestamp of the image


	lon (numpy.array or None) – array of longitudes, if None self.grid will be assumed


	lat (numpy.array or None) – array of latitudes, if None self.grid will be assumed


	jd (string or None) – name of the field in the data array representing the observation
dates















	
iter_images(start_date, end_date, **kwargs)

	Yield all images for a given date range.


	Parameters

	
	start_date (datetime.date [https://docs.python.org/3.6/library/datetime.html#datetime.date] or datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – start date


	end_date (datetime.date [https://docs.python.org/3.6/library/datetime.html#datetime.date] or datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – end date






	Returns

	
	data (dict) – dictionary of numpy arrays that hold the image data for each
variable of the dataset


	metadata (dict) – dictionary of numpy arrays that hold the metadata


	timestamp (datetime.datetime) – exact timestamp of the image


	lon (numpy.array or None) – array of longitudes, if None self.grid will be assumed


	lat (numpy.array or None) – array of latitudes, if None self.grid will be assumed


	time_var (string or None) – variable name of observation times in the data dict, if None all
observations have the same timestamp















	
read_img(timestamp, **kwargs)

	Return an image if a specific datetime is given.


	Parameters

	timestamp (datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – Time stamp.



	Returns

	
	data (dict) – dictionary of numpy arrays that hold the image data for each
variable of the dataset


	metadata (dict) – dictionary of numpy arrays that hold the metadata


	timestamp (datetime.datetime) – exact timestamp of the image


	lon (numpy.array or None) – array of longitudes, if None self.grid will be assumed


	lat (numpy.array or None) – array of latitudes, if None self.grid will be assumed


	time_var (string or None) – variable name of observation times in the data dict, if None all
observations have the same timestamp















	
tstamps_for_daterange(start_date, end_date)

	Return all valid timestamps in a given date range.
This method must be implemented if iteration over
images should be possible.


	Parameters

	
	start_date (datetime.date [https://docs.python.org/3.6/library/datetime.html#datetime.date] or datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – start date


	end_date (datetime.date [https://docs.python.org/3.6/library/datetime.html#datetime.date] or datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – end date






	Returns

	dates – list of datetimes



	Return type

	list [https://docs.python.org/3.6/library/stdtypes.html#list]














	
class pytesmo.io.dataset_base.DatasetStaticBase(filename, grid)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Dataset base class for arrays that do have a grid associated with them but
are not image time series.


	Parameters

	
	filename (string [https://docs.python.org/3.6/library/string.html#module-string]) – path and filename of file to load


	grid (pytesmo.BasicGrid or similar grid definition class) – defines the grid on which the dataset is stored









	
read_data()

	Reads the data and returns it as a dictionary of numpy arrays.


	Returns

	data – dictionary of numpy arrays



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
read_gp(gpi, **kwargs)

	Reads data record for a given grid point index(gpi)


	Parameters

	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point index



	Returns

	data – data record.



	Return type

	dict of values










	
read_pos(*args, **kwargs)

	Takes either 1 or 2 arguments and calls the correct function
which is either reading the gpi directly or finding
the nearest gpi from given lat,lon coordinates and then reading it










	
class pytesmo.io.dataset_base.DatasetTSBase(path, grid)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Dateset base class that implements basic functions and also abstract
methods that have to be implemented by child classes.


	Parameters

	
	path (string [https://docs.python.org/3.6/library/string.html#module-string]) – Path to dataset.


	grid (pytesmo.grid.grids.BasicGrid of CellGrid instance) – Grid on which the time series data is stored.









	
get_nearest_gp_info(lon, lat)

	get info for nearest grid point


	Parameters

	
	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – Longitude coordinate.


	lat (float [https://docs.python.org/3.6/library/functions.html#float]) – Latitude coordinate.






	Returns

	
	gpi (int) – Grid point index of nearest grid point.


	gp_lon (float) – Lontitude coordinate of nearest grid point.


	gp_lat (float) – Latitude coordinate of nearest grid point.


	gp_dist (float) – Geodetic distance to nearest grid point.















	
iter_ts(ll_bbox=None)

	Yield all time series for a grid or for grid points in a given
lon/lat bound box (ll_bbox).


	Parameters

	ll_bbox (tuple of floats (latmin, latmax, lonmin, lonmax)) – Set to lon/lat bounding box to yield only points in that area.



	Returns

	data – pandas.DateFrame with DateTimeIndex



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]










	
read_gp(gpi, **kwargs)

	Reads time series for a given grid point index(gpi)


	Parameters

	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point index



	Returns

	data – pandas.DateFrame with DateTimeIndex



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]










	
read_ts(*args, **kwargs)

	Takes either 1 or 2 arguments and calls the correct function
which is either reading the gpi directly or finding
the nearest gpi from given lat,lon coordinates and then reading it
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pytesmo.time_series package


Submodules




pytesmo.time_series.anomaly module

Created on June 20, 2013


	
pytesmo.time_series.anomaly.calc_anomaly(Ser, window_size=35, climatology=None, respect_leap_years=True, return_clim=False)

	Calculates the anomaly of a time series (Pandas series).
Both, climatology based, or moving-average based anomalies can be
calculated


	Parameters

	
	Ser (pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series] (index must be a DateTimeIndex)) – 


	window_size (float [https://docs.python.org/3.6/library/functions.html#float], optional) – The window-size [days] of the moving-average window to calculate the
anomaly reference (only used if climatology is not provided)
Default: 35 (days)


	climatology (pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series] (index: 1-366), optional) – if provided, anomalies will be based on the climatology


	timespan ([timespan_from, timespan_to], datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime](y,m,d), optional) – If set, only a subset


	respect_leap_years (boolean, optional) – If set then leap years will be respected during matching of the climatology
to the time series


	return_clim (boolean, optional) – if set to true the return argument will be a DataFrame which
also contains the climatology time series.
Only has an effect if climatology is used.






	Returns

	anomaly – Series containing the calculated anomalies



	Return type

	pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series]










	
pytesmo.time_series.anomaly.calc_climatology(Ser, moving_avg_orig=5, moving_avg_clim=30, median=False, timespan=None, fill=nan, wraparound=False, respect_leap_years=False)

	Calculates the climatology of a data set.


	Parameters

	
	Ser (pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series] (index must be a DateTimeIndex or julian date)) – 


	moving_avg_orig (float [https://docs.python.org/3.6/library/functions.html#float], optional) – The size of the moving_average window [days] that will be applied on the
input Series (gap filling, short-term rainfall correction)
Default: 5


	moving_avg_clim (float [https://docs.python.org/3.6/library/functions.html#float], optional) – The size of the moving_average window [days] that will be applied on the
calculated climatology (long-term event correction)
Default: 35


	median (boolean, optional) – if set to True, the climatology will be based on the median conditions


	timespan ([timespan_from, timespan_to], datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime](y,m,d), optional) – Set this to calculate the climatology based on a subset of the input
Series


	fill (float [https://docs.python.org/3.6/library/functions.html#float] or int [https://docs.python.org/3.6/library/functions.html#int], optional) – Fill value to use for days on which no climatology exists


	wraparound (boolean, optional) – If set then the climatology is wrapped around at the edges before
doing the second running average (long-term event correction)


	respect_leap_years (boolean, optional) – If set then leap years will be respected during the calculation of
the climatology
Default: False






	Returns

	climatology – Series containing the calculated climatology
Always has 366 values behaving like a leap year



	Return type

	pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series]












pytesmo.time_series.filtering module

Created on Oct 16, 2013

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
pytesmo.time_series.filtering.moving_average(Ser, window_size=1)

	Applies a moving average (box) filter on an input time series


	Parameters

	
	Ser (pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series] (index must be a DateTimeIndex or julian date)) – 


	window_size (float [https://docs.python.org/3.6/library/functions.html#float], optional) – The size of the moving_average window [days] that will be applied on the
input Series
Default: 1






	Returns

	Ser – moving-average filtered time series



	Return type

	pandas.Series [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.Series.html#pandas.Series]












pytesmo.time_series.filters module

Created on Oct 16, 2013

Fast cython functions for calculating various filters

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
pytesmo.time_series.filters.boxcar_filter(ndarray in_data, ndarray in_jd, float window=1, double nan=-999999.0)

	Calculates filtered time series using
a boxcar filter - basically a moving average calculation


	Parameters

	
	in_data (double numpy.array) – input data


	in_jd (double numpy.array) – julian dates of input data


	window (int [https://docs.python.org/3.6/library/functions.html#int]) – characteristic time used for calculating
the weight


	nan (double) – nan values to exclude from calculation













	
pytesmo.time_series.filters.exp_filter(ndarray in_data, ndarray in_jd, int ctime=10, double nan=-999999.0)

	Calculates exponentially smoothed time series using an
iterative algorithm


	Parameters

	
	in_data (double numpy.array) – input data


	in_jd (double numpy.array) – julian dates of input data


	ctime (int [https://docs.python.org/3.6/library/functions.html#int]) – characteristic time used for calculating
the weight


	nan (double) – nan values to exclude from calculation















pytesmo.time_series.grouping module

Module provides grouping functions that can be used together with pandas
to create a few strange timegroupings like e.g. decadal products were
there are three products per month with timestamps on the 10th 20th and last
of the month


	
pytesmo.time_series.grouping.group_by_day_bin(df, bins=[1, 11, 21, 32], start=False, dtindex=None)

	Calculates timegroups for a given daterange. Groups are from day
1-10,
11-20,
21-last day of each month.


	Parameters

	
	df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – DataFrame with DateTimeIndex for which the grouping should be
done


	bins (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – bins in day of the month, default is for dekadal grouping


	start (boolean, optional) – if set to True the start of the bin will be the timestamp for each
observations


	dtindex (pandas.DatetimeIndex [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DatetimeIndex.html#pandas.DatetimeIndex], optional) – precomputed DatetimeIndex that should be used for resulting
groups, useful for processing of numerous datasets since it does not
have to be computed for every call






	Returns

	
	grouped (pandas.core.groupby.DataFrameGroupBy) – DataFrame groupby object according the the day bins
on this object functions like sum() or mean() can be
called to get the desired aggregation.


	dtindex (pandas.DatetimeIndex) – returned so that it can be reused if possible















	
pytesmo.time_series.grouping.grouped_dates_between(start_date, end_date, bins=[1, 11, 21, 32], start=False)

	Between a start and end date give all dates that represent a bin
See test for example.


	Parameters

	
	start_date (date) – start date


	end_date (date) – end date


	bins (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – bin start values as days in a month e.g. [0,11,21] would be two bins one with
values 0<=x<11 and the second one with 11<=x<21


	start (boolean, optional) – if True the start of the bins is the representative date






	Returns

	tstamps – list of representative dates between start and end date



	Return type

	list of datetimes










	
pytesmo.time_series.grouping.grp_to_datetimeindex(grps, bins, dtindex, start=False)

	Makes a datetimeindex that has for each entry the timestamp
of the bin beginning or end this entry belongs to.


	Parameters

	
	grps (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – group numbers made by np.digitize(data, bins)


	bins (list [https://docs.python.org/3.6/library/stdtypes.html#list]) – bin start values e.g. [0,11,21] would be two bins one with
values 0<=x<11 and the second one with 11<=x<21


	dtindex (pandas.DatetimeIndex [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DatetimeIndex.html#pandas.DatetimeIndex]) – same length as grps, gives the basis datetime for each group


	start (boolean, optional) – if set to True the start of the bin will be the timestamp for each
observations






	Returns

	grpdt – Datetimeindex where every date is the end of the bin the datetime
ind the input dtindex belongs to



	Return type

	pd.DatetimeIndex












pytesmo.time_series.plotting module

Created on Mar 7, 2014

Plot anomalies around climatology using colors

@author: Christoph Paulik christoph.paulik@geo.tuwien.ac.at


	
pytesmo.time_series.plotting.plot_clim_anom(df, clim=None, axes=None, markersize=0.75, mfc='0.3', mec='0.3', clim_color='0.0', clim_linewidth=0.5, clim_linestyle='-', pos_anom_color='#799ADA', neg_anom_color='#FD8086', anom_linewidth=0.2, add_titles=True)

	Takes a pandas DataFrame and calculates the climatology and anomaly
and plots them in a nice way for each column


	Parameters

	
	df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – 


	clim (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame], optional) – if given these climatologies will be used
if not given then climatologies will be calculated
this DataFrame must have the same number of columns as df
and also the column names.
each climatology must have doy as index.


	axes (list of matplotlib.Axes, optional) – list of axes on which each column should be plotted
if not given a standard layout is generated


	markersize (float [https://docs.python.org/3.6/library/functions.html#float], optional) – size of the markers for the datapoints


	mfc (matplotlib color, optional) – markerfacecolor, color of the marker face


	mec (matplotlib color, optional) – markeredgecolor


	clim_color (matplotlib color, optional) – color of the climatology


	clim_linewidth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – linewidth of the climatology


	clim_linestyle (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – linestyle of the climatology


	pos_anom_color (matplotlib color, optional) – color of the positive anomaly


	neg_anom_color (matplotlib color, optional) – color of the negative anomaly


	anom_linewidth (float [https://docs.python.org/3.6/library/functions.html#float], optional) – linewidth of the anomaly lines


	add_titles (boolean, optional) – if set each subplot will have it’s column name as title
Default : True






	Returns

	
	Figure (matplotlib.Figure) – if no axes were given


	axes (list of matploblib.Axes) – if no axes were given

















Module contents







          

      

      

    

  

    
      
          
            
  
pytesmo.timedate package


Submodules




pytesmo.timedate.dekad module

This module provides functions for date manipulation on a dekadal basis.

A dekad is defined as days 1-10, 11-20 and 21-last day of a month.

Or in numbered dekads:

1: day 1-10
2: day 11-20
3: day 21-last


	
pytesmo.timedate.dekad.check_dekad(date)

	Checks the dekad of a date and returns the dekad date.


	Parameters

	date (datetime [https://docs.python.org/3.6/library/datetime.html#module-datetime]) – Date to check.



	Returns

	new_date – Date of the dekad.



	Return type

	datetime [https://docs.python.org/3.6/library/datetime.html#module-datetime]










	
pytesmo.timedate.dekad.check_dekad_enddate(dt)

	Check if a date is a dekad enddate






	
pytesmo.timedate.dekad.check_dekad_startdate(dt)

	Check if a date is a dekad startdate






	
pytesmo.timedate.dekad.day2dekad(day)

	Returns the dekad of a day.


	Parameters

	day (int [https://docs.python.org/3.6/library/functions.html#int]) – Day of the date.



	Returns

	dekad – Number of the dekad in a month.



	Return type

	int [https://docs.python.org/3.6/library/functions.html#int]










	
pytesmo.timedate.dekad.dekad2day(year, month, dekad)

	Gets the day of a dekad.


	Parameters

	
	year (int [https://docs.python.org/3.6/library/functions.html#int]) – Year of the date.


	month (int [https://docs.python.org/3.6/library/functions.html#int]) – Month of the date.


	dekad (int [https://docs.python.org/3.6/library/functions.html#int]) – Dekad of the date.






	Returns

	day – Day value for the dekad.



	Return type

	int [https://docs.python.org/3.6/library/functions.html#int]










	
pytesmo.timedate.dekad.dekad_index(begin, end=None)

	Creates a pandas datetime index on a decadal basis.


	Parameters

	
	begin (datetime [https://docs.python.org/3.6/library/datetime.html#module-datetime]) – Datetime index start date.


	end (datetime [https://docs.python.org/3.6/library/datetime.html#module-datetime], optional) – Datetime index end date, set to current date if None.






	Returns

	dtindex – Dekadal datetime index.



	Return type

	pandas.DatetimeIndex [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DatetimeIndex.html#pandas.DatetimeIndex]










	
pytesmo.timedate.dekad.dekad_startdate_from_date(dt_in)

	dekadal startdate that a date falls in


	Parameters

	run_dt (datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]) – 



	Returns

	startdate – startdate of dekad



	Return type

	datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]










	
pytesmo.timedate.dekad.get_dekad_period(dates)

	Checks number of the dekad in the current year for dates given as list.


	Parameters

	dates (list of datetime) – Dates to check.



	Returns

	period – List of dekad periods.



	Return type

	list of int










	
pytesmo.timedate.dekad.group_into_dekads(dates, use_dekad_startdate=False)

	Group a list of dates into dekads.


	Parameters

	
	dates (list of datetime.datetime) – 


	use_dekad_startdates (boolean, optional) – If set the dekad reference dates will
be the startdates of the dekad






	Returns

	groups – keys: dekad reference dates
values: list of dates belonging to dekad



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
pytesmo.timedate.dekad.runningdekad2date(year, rdekad)

	Gets the date of the running dekad of a spacifc year.


	Parameters

	
	year (int [https://docs.python.org/3.6/library/functions.html#int]) – Year of the date.


	rdekad (int [https://docs.python.org/3.6/library/functions.html#int]) – Running dekad of the date.






	Returns

	Date value for the running dekad.



	Return type

	datetime.datetime [https://docs.python.org/3.6/library/datetime.html#datetime.datetime]












pytesmo.timedate.julian module

Created on Tue Apr 02 16:50:34 2013

@author: tm

computes julian date, given month (1..12). day(1..31) and year,
its inverse (calendar date from julian), and the day
of the year (doy), assuming it is a leap year.

julday and caldat are adapted from “Numerical Recipes in C’, 2nd edition,
pp. 11

restrictions
- no error handling implemented
- works only for years past 1582
- time not yet supported


	
pytesmo.timedate.julian.caldat(julian)

	Calendar date (month, day, year) from julian date, inverse of ‘julday()’
Return value:  month, day, and year in the Gregorian
Works only for years past 1582!


	Parameters

	julian (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or double) – Julian day.



	Returns

	
	month (numpy.ndarray or int32) – Month.


	day (numpy.ndarray or int32) – Day.


	year (numpy.ndarray or int32) – Year.















	
pytesmo.timedate.julian.doy(month, day, year=None)

	Calculation of day of year. If year is provided it will be tested for
leap years.


	Parameters

	
	month (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Month.


	day (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Day.


	year (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32, optional) – Year.


	Retruns – 


	------- – 


	doy (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Day of year.













	
pytesmo.timedate.julian.is_leap_year(year)

	Check if year is a leap year.


	Parameters

	year (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – 



	Returns

	leap_year – True if year is a leap year.



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or boolean










	
pytesmo.timedate.julian.julday(month, day, year, hour=0, minute=0, second=0)

	Julian date from month, day, and year (can be scalars or arrays)


	Parameters

	
	month (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Month.


	day (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Day.


	year (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Year.


	hour (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32, optional) – Hour.


	minute (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32, optional) – Minute.


	second (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32, optional) – Second.






	Returns

	jul – Julian day.



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or double










	
pytesmo.timedate.julian.julian2date(julian)

	Calendar date from julian date.
Works only for years past 1582!


	Parameters

	julian (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or double) – Julian day.



	Returns

	
	year (numpy.ndarray or int32) – Year.


	month (numpy.ndarray or int32) – Month.


	day (numpy.ndarray or int32) – Day.


	hour (numpy.ndarray or int32) – Hour.


	minute (numpy.ndarray or int32) – Minute.


	second (numpy.ndarray or int32) – Second.















	
pytesmo.timedate.julian.julian2datetime(julian, tz=None)

	converts julian date to python datetime
default is not time zone aware


	Parameters

	julian (float [https://docs.python.org/3.6/library/functions.html#float]) – julian date










	
pytesmo.timedate.julian.julian2datetimeindex(j, tz=<UTC>)

	Converting Julian days to datetimeindex.


	Parameters

	
	j (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32) – Julian days.


	tz (instance of pytz, optional) – Time zone. Default: UTC






	Returns

	datetime – Datetime index.



	Return type

	pandas.DatetimeIndex [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DatetimeIndex.html#pandas.DatetimeIndex]










	
pytesmo.timedate.julian.julian2doy(j, consider_nonleap_years=True)

	Calendar date from julian date.
Works only for years past 1582!


	Parameters

	
	j (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or double) – Julian days.


	consider_nonleap_years (boolean, optional) – Flag if all dates are interpreted as leap years (False) or not (True).






	Returns

	doy – Day of year.



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray] or int32










	
pytesmo.timedate.julian.julian2num(j)

	Convert a matplotlib date to a Julian days.


	Parameters

	j (numpy.ndarray : int32) – Julian days.



	Returns

	num – Number of days since 0001-01-01 00:00:00 UTC plus one.



	Return type

	numpy.ndarray : int32










	
pytesmo.timedate.julian.num2julian(n)

	Convert a Julian days to a matplotlib date.


	Parameters

	n (numpy.ndarray : int32) – Number of days since 0001-01-01 00:00:00 UTC plus one.



	Returns

	j – Julian days.



	Return type

	numpy.ndarray : int32
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pytesmo.validation_framework package


Submodules




pytesmo.validation_framework.adapters module

Module containing adapters that can be used together with the validation
framework.


	
class pytesmo.validation_framework.adapters.AnomalyAdapter(cls, window_size=35, columns=None)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Takes the pandas DataFrame that the read_ts or read method of the instance
returns and calculates the anomaly of the time series based on a moving
average.


	Parameters

	
	cls (class instance) – Must have a read_ts or read method returning a pandas.DataFrame


	window_size (float [https://docs.python.org/3.6/library/functions.html#float], optional) – The window-size [days] of the moving-average window to calculate the
anomaly reference (only used if climatology is not provided)
Default: 35 (days)


	columns (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – columns in the dataset for which to calculate anomalies.









	
calc_anom(data)

	




	
read(*args, **kwargs)

	




	
read_ts(*args, **kwargs)

	








	
class pytesmo.validation_framework.adapters.AnomalyClimAdapter(cls, columns=None, **kwargs)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Takes the pandas DataFrame that the read_ts or read method of the instance
returns and calculates the anomaly of the time series based on a moving
average.


	Parameters

	
	cls (class instance) – Must have a read_ts or read method returning a pandas.DataFrame


	columns (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – columns in the dataset for which to calculate anomalies.


	kwargs – Any additional arguments will be given to the calc_climatology function.









	
calc_anom(data)

	




	
read(*args, **kwargs)

	




	
read_ts(*args, **kwargs)

	








	
class pytesmo.validation_framework.adapters.MaskingAdapter(cls, op, threshold)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Transform the given class to return a boolean dataset given the operator
and threshold. This class calls the callse the read_ts and read methods
of the given instance and applies boolean masking to the returned data
using the given operator and threshold.


	Parameters

	
	cls (object [https://docs.python.org/3.6/library/functions.html#object]) – has to have read_ts method


	operator (string [https://docs.python.org/3.6/library/string.html#module-string]) – one of ‘<’, ‘<=’, ‘==’, ‘>=’, ‘>’


	threshold (float [https://docs.python.org/3.6/library/functions.html#float]) – value to use as the threshold combined with the operator









	
read(*args, **kwargs)

	




	
read_ts(*args, **kwargs)

	










pytesmo.validation_framework.data_manager module


	
class pytesmo.validation_framework.data_manager.DataManager(datasets, ref_name, period=None, read_ts_names='read_ts')

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Class to handle the data management.


	Parameters

	
	datasets (dict of dicts) – Keys: string, datasets names
Values: dict, containing the following fields



	’class’: object

	Class containing the method read_ts for reading the data.



	’columns’: list

	List of columns which will be used in the validation process.



	’args’: list, optional

	Args for reading the data.



	’kwargs’: dict, optional

	Kwargs for reading the data



	’grids_compatible’: boolean, optional

	If set to True the grid point index is used directly when
reading other, if False then lon, lat is used and a nearest
neighbour search is necessary.
default: False



	’use_lut’: boolean, optional

	If set to True the grid point index (obtained from a
calculated lut between reference and other) is used when
reading other, if False then lon, lat is used and a
nearest neighbour search is necessary.
default: False



	’lut_max_dist’: float, optional

	Maximum allowed distance in meters for the lut calculation.
default: None











	ref_name (string [https://docs.python.org/3.6/library/string.html#module-string]) – Name of the reference dataset


	period (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – Of type [datetime start, datetime end]. If given then the two input
datasets will be truncated to start <= dates <= end.


	read_ts_names (string [https://docs.python.org/3.6/library/string.html#module-string] or dict of strings, optional) – if another method name than ‘read_ts’ should be used for reading the data
then it can be specified here. If it is a dict then specify a
function name for each dataset.









	
use_lut(other_name)

	Returns lut between reference and other if use_lut for other dataset
was set to True.






	
get_result_names()

	Return results names based on reference and others names.






	
read_reference(*args)

	Function to read and prepare the reference dataset.






	
read_other(other_name, *args)

	Function to read and prepare the other datasets.






	
ds_dict

	




	
get_data(gpi, lon, lat)

	Get all the data from this manager for a certain
grid point, longitude, latidude combination.


	Parameters

	
	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point indices


	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – grid point longitude


	lat (type [https://docs.python.org/3.6/library/functions.html#type]) – grid point latitude






	Returns

	df_dict – Dictionary with dataset names as the key and
pandas.DataFrames containing the data for the point
as values.
The dict will be empty if no data is available.



	Return type

	dict of pandas.DataFrames










	
get_luts()

	Returns luts between reference and others if use_lut for other datasets
was set to True.


	Returns

	luts – Keys: other datasets names
Values: lut between reference and other, or None



	Return type

	dict [https://docs.python.org/3.6/library/stdtypes.html#dict]










	
get_other_data(gpi, lon, lat)

	Get all the data for non reference datasets
from this manager for a certain
grid point, longitude, latidude combination.


	Parameters

	
	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point indices


	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – grid point longitude


	lat (type [https://docs.python.org/3.6/library/functions.html#type]) – grid point latitude






	Returns

	other_dataframes – Dictionary with dataset names as the key and
pandas.DataFrames containing the data for the point
as values.
The dict will be empty if no data is available.



	Return type

	dict of pandas.DataFrames










	
get_results_names(n=2)

	




	
read_ds(name, *args)

	Function to read and prepare a datasets.

Calls read_ts of the dataset.

Takes either 1 (gpi) or 2 (lon, lat) arguments.


	Parameters

	
	name (string [https://docs.python.org/3.6/library/string.html#module-string]) – Name of the other dataset.


	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – Grid point index


	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – Longitude of point


	lat (float [https://docs.python.org/3.6/library/functions.html#float]) – Latitude of point






	Returns

	data_df – Data DataFrame.



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or None [https://docs.python.org/3.6/library/constants.html#None]










	
read_other(name, *args)

	Function to read and prepare a datasets.

Calls read_ts of the dataset.

Takes either 1 (gpi) or 2 (lon, lat) arguments.


	Parameters

	
	name (string [https://docs.python.org/3.6/library/string.html#module-string]) – Name of the other dataset.


	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – Grid point index


	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – Longitude of point


	lat (float [https://docs.python.org/3.6/library/functions.html#float]) – Latitude of point






	Returns

	data_df – Data DataFrame.



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or None [https://docs.python.org/3.6/library/constants.html#None]










	
read_reference(*args)

	Function to read and prepare the reference dataset.

Calls read_ts of the dataset.
Takes either 1 (gpi) or 2 (lon, lat) arguments.


	Parameters

	
	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – Grid point index


	lon (float [https://docs.python.org/3.6/library/functions.html#float]) – Longitude of point


	lat (float [https://docs.python.org/3.6/library/functions.html#float]) – Latitude of point






	Returns

	ref_df – Reference dataframe.



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or None [https://docs.python.org/3.6/library/constants.html#None]














	
pytesmo.validation_framework.data_manager.flatten(seq)

	




	
pytesmo.validation_framework.data_manager.get_result_names(ds_dict, refkey, n=2)

	Return result names based on all possible combinations based on a
reference dataset.


	Parameters

	
	ds_dict (dict [https://docs.python.org/3.6/library/stdtypes.html#dict]) – Dict of lists containing the dataset names as keys and a list of the
columns to read from the dataset as values.


	refkey (string [https://docs.python.org/3.6/library/string.html#module-string]) – dataset name to use as a reference


	n (int [https://docs.python.org/3.6/library/functions.html#int]) – Number of datasets for combine with each other.
If n=2 always two datasets will be combined into one result.
If n=3 always three datasets will be combined into one results and so on.
n has to be <= the number of total datasets.






	Returns

	results_names – Containing all combinations of
(referenceDataset.column, otherDataset.column)



	Return type

	list of tuples












pytesmo.validation_framework.data_scalers module

Data scaler classes to be used together with the validation framework.


	
class pytesmo.validation_framework.data_scalers.CDFStoreParamsScaler(path, grid, percentiles=[0, 5, 10, 30, 50, 70, 90, 95, 100])

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

CDF scaling using stored parameters if available.
If stored parameters are not available they are calculated
and written to disk.


	Parameters

	
	path (string [https://docs.python.org/3.6/library/string.html#module-string]) – Path where the data is/should be stored


	grid (pygeogrids.grids.CellGrid instance) – Grid on which the data is stored.
Should be the same as the spatial reference grid
of the validation framework instance in which this
scaler is used.


	percentiles (list [https://docs.python.org/3.6/library/stdtypes.html#list] or np.ndarray) – Percentiles to use for CDF matching









	
calc_parameters(data)

	Calculate the percentiles used for CDF matching.


	Parameters

	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – temporally matched dataset



	Returns

	parameters – keys -> Names of columns in the input data frame
values -> numpy.ndarrays with the percentiles



	Return type

	dictionary










	
get_parameters(data, gpi)

	Function to get scaling parameters.
Try to load them, if they are not found we
calculate them and store them.


	Parameters

	
	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – temporally matched dataset


	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point index of self.grid






	Returns

	params – keys -> Names of columns in the input data frame
values -> numpy.ndarrays with the percentiles



	Return type

	dictionary










	
load_parameters(gpi)

	




	
scale(data, reference_index, gpi_info)

	Scale all columns in data to the
column at the reference_index.


	Parameters

	
	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – temporally matched dataset


	reference_index (int [https://docs.python.org/3.6/library/functions.html#int]) – Which column of the data contains the
scaling reference.


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – tuple of at least, (gpi, lon, lat)
Where gpi has to be the grid point indices
of the grid of this scaler.






	Raises

	ValueError [https://docs.python.org/3.6/library/exceptions.html#ValueError] – if scaling is not successful










	
store_parameters(gpi, parameters)

	Store parameters for gpi into netCDF file.


	Parameters

	
	gpi (int [https://docs.python.org/3.6/library/functions.html#int]) – grid point index of self.grid


	params (dictionary) – keys -> Names of columns in the input data frame
values -> numpy.ndarrays with the percentiles

















	
class pytesmo.validation_framework.data_scalers.DefaultScaler(method)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Scaling class that implements the scaling based on a
given method from the pytesmo.scaling module.


	Parameters

	method (string [https://docs.python.org/3.6/library/string.html#module-string]) – The data will be scaled into the reference space using the
method specified by this string.






	
scale(data, reference_index, gpi_info)

	Scale all columns in data to the
column at the reference_index.


	Parameters

	
	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – temporally matched dataset


	reference_index (int [https://docs.python.org/3.6/library/functions.html#int]) – Which column of the data contains the
scaling reference.


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – tuple of at least, (gpi, lon, lat)
Where gpi has to be the grid point indices
of the grid of this scaler.






	Raises

	ValueError [https://docs.python.org/3.6/library/exceptions.html#ValueError] – if scaling is not successful
















pytesmo.validation_framework.metric_calculators module

Created on Sep 24, 2013

Metric calculators useable in together with core

@author: Christoph.Paulik@geo.tuwien.ac.at


	
class pytesmo.validation_framework.metric_calculators.BasicMetrics(other_name='k1', calc_tau=False)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

This class just computes the basic metrics,
Pearson’s R
Spearman’s rho
optionally Kendall’s tau
RMSD
BIAS

it also stores information about gpi, lat, lon
and number of observations


	Parameters

	
	other_name (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – Name of the column of the non-reference / other dataset in the
pandas DataFrame


	calc_tau (boolean, optional) – if True then also tau is calculated. This is set to False by default
since the calculation of Kendalls tau is rather slow and can significantly
impact performance of e.g. global validation studies









	
calc_metrics(data, gpi_info)

	calculates the desired statistics


	Parameters

	
	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – with 2 columns, the first column is the reference dataset
named ‘ref’
the second column the dataset to compare against named ‘other’


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – of (gpi, lon, lat)








Notes

Kendall tau is calculation is optional at the moment
because the scipy implementation is very slow which is problematic for
global comparisons










	
class pytesmo.validation_framework.metric_calculators.BasicMetricsPlusMSE(other_name='k1', calc_tau=False)

	Bases: pytesmo.validation_framework.metric_calculators.BasicMetrics

Basic Metrics plus Mean squared Error and the decomposition of the MSE
into correlation, bias and variance parts.


	
calc_metrics(data, gpi_info)

	








	
class pytesmo.validation_framework.metric_calculators.FTMetrics(frozen_flag=2, other_name='k1')

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

This class computes Freeze/Thaw Metrics
Calculated metrics are:


SSF frozen/temp unfrozen
SSF unfrozen/temp frozen
SSF unfrozen/temp unfrozen
SSF frozen/temp frozen




it also stores information about gpi, lat, lon
and number of total observations


	
calc_metrics(data, gpi_info)

	calculates the desired statistics


	Parameters

	
	data (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – with 2 columns, the first column is the reference dataset
named ‘ref’
the second column the dataset to compare against named ‘other’


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – of (gpi, lon, lat)








Notes

Kendall tau is not calculated at the moment
because the scipy implementation is very slow which is problematic for
global comparisons












pytesmo.validation_framework.results_manager module

Created on 01.06.2015
@author: Andreea Plocon andreea.plocon@geo.tuwien.ac.at


	
pytesmo.validation_framework.results_manager.netcdf_results_manager(results, save_path)

	Function for writing the results of the validation process as NetCDF file.


	Parameters

	
	results (dict of dicts) – Keys: Combinations of (referenceDataset.column, otherDataset.column)
Values: dict containing the results from metric_calculator


	save_path (string [https://docs.python.org/3.6/library/string.html#module-string]) – Path where the file/files will be saved.















pytesmo.validation_framework.start_validation module




pytesmo.validation_framework.temporal_matchers module

Created on Sep 24, 2013

@author: Christoph.Paulik@geo.tuwien.ac.at


	
class pytesmo.validation_framework.temporal_matchers.BasicTemporalMatching(window=0.5)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Temporal matching object


	Parameters

	window (float [https://docs.python.org/3.6/library/functions.html#float]) – window size to use for temporal matching. A match in other will only
be found if it is +- window size days away from a point in reference






	
combinatory_matcher(df_dict, refkey, n=2)

	Basic temporal matcher that matches always one Dataframe to
the reference Dataframe resulting in matched DataFrame pairs.

If the input dict has the keys ‘data1’ and ‘data2’ then the
output dict will have the key (‘data1’, ‘data2’). The new key
is stored as a tuple to avoid any issues with string concetanation.

During matching the column names of the dataframes will be
transformed into MultiIndex to ensure unique names.


	Parameters

	
	df_dict (dict of pandas.DataFrames) – dictionary containing the spatially colocated DataFrames.


	refkey (string [https://docs.python.org/3.6/library/string.html#module-string]) – key into the df_dict of the DataFrame that should be taken
as a reference.


	n (int [https://docs.python.org/3.6/library/functions.html#int]) – number of datasets to match at once






	Returns

	matched – Dictionary containing matched DataFrames. The key is put
together from the keys of the input dict as a tuple of the
keys of the datasets this dataframe contains.



	Return type

	dict of pandas.DataFrames










	
match(reference, *args)

	takes reference and other dataframe and returnes a joined Dataframe
in this case the reference dataset for the grid is also the
temporal reference dataset










	
pytesmo.validation_framework.temporal_matchers.df_name_multiindex(df, name)

	Rename columns of a DataFrame by using new column names that
are tuples of (name, column_name) to ensure unique column names
that can also be split again. This transforms the columns to a MultiIndex.








pytesmo.validation_framework.validation module


	
class pytesmo.validation_framework.validation.Validation(datasets, spatial_ref, metrics_calculators, temporal_matcher=None, temporal_window=0.041666666666666664, temporal_ref=None, masking_datasets=None, period=None, scaling='lin_cdf_match', scaling_ref=None)

	Bases: object [https://docs.python.org/3.6/library/functions.html#object]

Class for the validation process.


	Parameters

	
	datasets (dict of dicts, or pytesmo.validation_framwork.data_manager.DataManager) – Keys: string, datasets names
Values: dict, containing the following fields



	’class’: object

	Class containing the method read_ts for reading the data.



	’columns’: list

	List of columns which will be used in the validation process.



	’args’: list, optional

	Args for reading the data.



	’kwargs’: dict, optional

	Kwargs for reading the data



	’grids_compatible’: boolean, optional

	If set to True the grid point index is used directly when
reading other, if False then lon, lat is used and a nearest
neighbour search is necessary.



	’use_lut’: boolean, optional

	If set to True the grid point index (obtained from a
calculated lut between reference and other) is used when
reading other, if False then lon, lat is used and a
nearest neighbour search is necessary.



	’lut_max_dist’: float, optional

	Maximum allowed distance in meters for the lut calculation.











	spatial_ref (string [https://docs.python.org/3.6/library/string.html#module-string]) – Name of the dataset used as a spatial, temporal and scaling reference.
temporal and scaling references can be changed if needed. See the optional parameters
temporal_ref and scaling_ref.


	metrics_calculators (dict of functions) – The keys of the dict are tuples with the following structure: (n, k) with n >= 2
and n>=k. n is the number of datasets that should be temporally matched to the
reference dataset and k is how many columns the metric calculator will get at once.
What this means is that it is e.g. possible to temporally match 3 datasets with
3 columns in total and then give the combinations of these columns to the metric
calculator in sets of 2 by specifying the dictionary like:

{ (3, 2): metric_calculator}





The values are functions that take an input DataFrame with the columns ‘ref’
for the reference and ‘n1’, ‘n2’ and
so on for other datasets as well as a dictionary mapping the column names
to the names of the original datasets. In this way multiple metric calculators
can be applied to different combinations of n input datasets.




	temporal_matcher (function, optional) – function that takes a dict of dataframes and a reference_key.
It performs the temporal matching on the data and returns a dictionary
of matched DataFrames that should be evaluated together by the metric calculator.


	temporal_window (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Window to allow in temporal matching in days. The window is allowed on both
sides of the timestamp of the temporal reference data.
Only used with the standard temporal matcher.


	temporal_ref (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – If the temporal matching should use another dataset than the spatial reference
as a reference dataset then give the dataset name here.


	period (list [https://docs.python.org/3.6/library/stdtypes.html#list], optional) – Of type [datetime start, datetime end]. If given then the two input
datasets will be truncated to start <= dates <= end.


	masking_datasets (dict of dictionaries) – Same format as the datasets with the difference that the read_ts method of these
datasets has to return pandas.DataFrames with only boolean columns. True means that the
observations at this timestamp should be masked and False means that it should be kept.


	scaling (string [https://docs.python.org/3.6/library/string.html#module-string], None [https://docs.python.org/3.6/library/constants.html#None] or class instance) – 
	If set then the data will be scaled into the reference space using the
method specified by the string using the
pytesmo.validation_framework.data_scalers.DefaultScaler class.


	If set to None then no scaling will be performed.


	It can also be set to a class instance that implements a
scale(self, data, reference_index, gpi_info) method. See
pytesmo.validation_framework.data_scalers.DefaultScaler for an example.







	scaling_ref (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – If the scaling should be done to another dataset than the spatial reference then
give the dataset name here.









	
calc(job)

	Takes either a cell or a gpi_info tuple and performs the validation.






	
get_processing_jobs()

	Returns processing jobs that this process can understand.






	
calc(gpis, lons, lats, *args)

	The argument iterables (lists or numpy.ndarrays) are processed one after the other in
tuples of the form (gpis[n], lons[n], lats[n], arg1[n], ..).


	Parameters

	
	gpis (iterable) – The grid point indices is an identificator by which the
spatial reference dataset can be read. This is either a list
or a numpy.ndarray or any other iterable containing this indicator.


	lons (iterable) – Longitudes of the points identified by the gpis. Has to be the same size as gpis.


	lats (iterable) – latitudes of the points identified by the gpis. Has to be the same size as gpis.


	args (iterables) – any addiational arguments have to have the same size as the gpis iterable. They are
given to the metrics calculators as metadata. Common usage is e.g. the long name
or network name of an in situ station.






	Returns

	compact_results –


	Keys: result names, combinations of

	(referenceDataset.column, otherDataset.column)





Values: dict containing the elements returned by metrics_calculator





	Return type

	dict of dicts










	
get_data_for_result_tuple(n_matched_data, result_tuple)

	Extract a dataframe for a given result tuple from the
matched dataframes.


	Parameters

	
	n_matched_data (dict of pandas.DataFrames) – DataFrames in which n datasets were temporally matched.
The key is a tuple of the dataset names.


	result_tuple (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – Tuple describing which datasets and columns should be
extracted. ((dataset_name, column_name), (dataset_name2, column_name2))






	Returns

	data – pandas DataFrame with columns extracted from the
temporally matched datasets



	Return type

	pd.DataFrame










	
get_processing_jobs()

	Returns processing jobs that this process can understand.


	Returns

	jobs – List of cells or gpis to process.



	Return type

	list [https://docs.python.org/3.6/library/stdtypes.html#list]










	
k_datasets_from(n_matched_data, result_names)

	Extract k datasets from n temporally matched ones.

This is used to send combinations of k datasets to
metrics calculators expecting only k datasets.


	Parameters

	
	n_matched_data (dict of pandas.DataFrames) – DataFrames in which n datasets were temporally matched.
The key is a tuple of the dataset names.


	result_names (list [https://docs.python.org/3.6/library/stdtypes.html#list]) – result names to extract






	Yields

	
	data (pd.DataFrame) – pandas DataFrame with k columns extracted from the
temporally matched datasets


	result (tuple) – Tuple describing which datasets and columns are in
the returned data. ((dataset_name, column_name), (dataset_name2, column_name2))













	
mask_dataset(ref_df, gpi_info)

	Mask the temporal reference dataset with the data read
through the masking datasets.


	Parameters

	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – tuple of at least, (gpi, lon, lat)



	Returns

	mask – boolean array of the size of the temporal reference read



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]










	
perform_validation(df_dict, gpi_info)

	Perform the validation for one grid point index and return the
matched datasets as well as the calculated metrics.


	Parameters

	
	df_dict (dict of pandas.DataFrames) – DataFrames read by the data readers for each dataset


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple]) – tuple of at least, (gpi, lon, lat)






	Returns

	
	matched_n (dict of pandas.DataFrames) – temporally matched data stored by (n, k) tuples


	results (dict) – Dictonary of calculated metrics stored by dataset combinations tuples.


	used_data (dict) – The DataFrame used for calculation of each set of metrics.















	
temporal_match_datasets(df_dict)

	Temporally match all the requested combinations of datasets.


	Parameters

	df_dict (dict of pandas.DataFrames) – DataFrames read by the data readers for each dataset



	Returns

	matched_n – for each (n, k) in the metrics calculators the n temporally
matched dataframes



	Return type

	dict of pandas.DataFrames










	
temporal_match_masking_data(ref_df, gpi_info)

	Temporal match the masking data to the reference DataFrame


	Parameters

	
	ref_df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – Reference data


	gpi_info (tuple [https://docs.python.org/3.6/library/stdtypes.html#tuple] or list [https://docs.python.org/3.6/library/stdtypes.html#list]) – contains, (gpi, lon, lat)






	Returns

	matched_masking – Contains temporally matched masking data. This dict has only one key
being a tuple that contains the matched datasets.



	Return type

	dict of pandas.DataFrames














	
pytesmo.validation_framework.validation.args_to_iterable(*args, **kwargs)

	Convert arguments to iterables.


	Parameters

	
	args (iterables or not) – arguments


	n (int [https://docs.python.org/3.6/library/functions.html#int], optional) – number of explicit arguments
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pytesmo.df_metrics module

Module contains wrappers for methods in pytesmo.metrics
which can be given pandas.DataFrames
instead of single numpy.arrays . If the DataFrame has more columns
than the function has input parameters
the function will be applied pairwise

Created on Aug 14, 2013

@author: Christoph Paulik Christoph.Paulik@geo.tuwien.ac.at


	
exception pytesmo.df_metrics.DataFrameDimensionError

	Bases: Exception [https://docs.python.org/3.6/library/exceptions.html#Exception]


	
args

	




	
with_traceback()

	Exception.with_traceback(tb) –
set self.__traceback__ to tb and return self.










	
pytesmo.df_metrics.RSS(df)

	Redidual sum of squares


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.RSS()








	
pytesmo.df_metrics.bias(df)

	Bias


	Returns

	bias – of shape (len(df.columns),len(df.columns))



	Return type

	pandas.Dataframe






See also

pytesmo.metrics.bias()








	
pytesmo.df_metrics.kendalltau(df)

	Wrapper for scipy.stats.kendalltau


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.kendalltau(), scipy.stats.kendalltau() [https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.kendalltau.html#scipy.stats.kendalltau]








	
pytesmo.df_metrics.mse(df)

	Mean square error (MSE) as a decomposition of the RMSD into
individual error components


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.mse()








	
pytesmo.df_metrics.nash_sutcliffe(df)

	Nash Sutcliffe model efficiency coefficient


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.nash_sutcliffe()








	
pytesmo.df_metrics.nrmsd(df)

	Normalized root-mean-square deviation


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.nrmsd()








	
pytesmo.df_metrics.pairwise_apply(df, method, comm=False)

	Compute given method pairwise for all columns, excluding NA/null values


	Parameters

	
	df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – input data, method will be applied to each column pair


	method (function) – method to apply to each column pair. has to take 2 input arguments of
type numpy.array and return one value or tuple of values






	Returns

	results



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]










	
pytesmo.df_metrics.pearsonr(df)

	Wrapper for scipy.stats.pearsonr


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.pearsonr(), scipy.stats.pearsonr() [https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.pearsonr.html#scipy.stats.pearsonr]








	
pytesmo.df_metrics.rmsd(df)

	Root-mean-square deviation


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.rmsd()








	
pytesmo.df_metrics.spearmanr(df)

	Wrapper for scipy.stats.spearmanr


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.spearmenr(), scipy.stats.spearmenr()








	
pytesmo.df_metrics.tcol_error(df)

	Triple collocation error estimate
In this case df has to have exactly 3 columns, since triple wise
application of a function is not yet implemented and
would probably return a complicated structure


	Returns

	result – with column names of df



	Return type

	namedtuple






See also

pytesmo.metrics.tcol_error()








	
pytesmo.df_metrics.ubrmsd(df)

	Unbiased root-mean-square deviation


	Returns

	result – with column names of df for which the calculation
was done as name of the
element separated by ‘_and_’



	Return type

	namedtuple






See also

pytesmo.metrics.ubrmsd()










pytesmo.metrics module


	
pytesmo.metrics.RSS(o, p)

	Residual sum of squares.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	res – Residual sum of squares.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.aad(o, p)

	Average (=mean) absolute deviation (AAD).


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predicitions.






	Returns

	d – Mean absolute deviation.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.bias(o, p)

	Difference of the mean values.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	bias – Bias between observations and predictions.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.check_if_biased(combs, correlated)

	Supporting function for extended collocation
Checks whether the estimators are biased by checking of not
too manny data sets (are assumed to have cross-correlated errors)






	
pytesmo.metrics.ecol(data, correlated=None, err_cov=None, abs_est=True)

	
	Extended collocation analysis to obtain estimates of:

	
	signal variances


	error variances


	signal-to-noise ratios [dB]


	error cross-covariances (and -correlations)








based on an arbitrary number of N>3 data sets.

!!! EACH DATA SET MUST BE MEMBER OF >= 1 TRIPLET THAT FULFILLS THE CLASSICAL TRIPLE COLLOCATION ASSUMPTIONS !!!


	Parameters

	
	data (pd.DataFrame) – Temporally matched input data sets in each column


	correlated (tuple of tuples (string [https://docs.python.org/3.6/library/string.html#module-string])) – A tuple containing tuples of data set names (column names), between
which the error cross-correlation shall be estimated.
e.g. [[‘AMSR-E’,’SMOS’],[‘GLDAS’,’ERA’]] estimates error cross-correlations
between (AMSR-E and SMOS), and (GLDAS and ERA), respectively.


	err_cov – A priori known error cross-covariances that shall be included
in the estimation (to obtain unbiased estimates)


	abs_est – Force absolute values for signal and error variance estimates
(to mitiate the issue of estimation uncertainties)






	Returns

	
	A dictionary with the following entries (<name> correspond to data set (df column’s) names


	- sig_<name> (signal variance of <name>)


	- err_<name> (error variance of <name>)


	- snr_<name> (SNR (in dB) of <name>)


	- err_cov_<name1>_<name2> (error covariance between <name1> and <name2>)


	- err_corr_<name1>_<name2> (error correlation between <name1> and <name2>)










Notes

Rescaling parameters can be derived from the signal variances
e.g., scaling <src> against <ref>:
beta =  np.sqrt(sig_<ref> / sig_<src>)
rescaled = (data[<src>] - data[<src>].mean()) * beta + data[<ref>].mean()

References


	Gruber2016

	Gruber, A., Su, C. H., Crow, W. T., Zwieback, S., Dorigo, W. A., & Wagner, W. (2016). Estimating error





cross-correlations in soil moisture data sets using extended collocation analysis. Journal of Geophysical
Research: Atmospheres, 121(3), 1208-1219.






	
pytesmo.metrics.index_of_agreement(o, p)

	Index of agreement was proposed by Willmot (1981), to overcome the
insenstivity of Nash-Sutcliffe efficiency E and R^2 to differences in the
observed and predicted means and variances (Legates and McCabe, 1999).
The index of agreement represents the ratio of the mean square error and
the potential error (Willmot, 1984). The potential error in the denominator
represents the largest value that the squared difference of each pair can
attain. The range of d is similar to that of R^2 and lies between
0 (no correlation) and 1 (perfect fit).


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	d – Index of agreement.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.kendalltau(o, p)

	Wrapper for scipy.stats.kendalltau


	Parameters

	
	o (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – Observations.


	p (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – Predictions.






	Returns

	
	Kendall’s tau (float) – The tau statistic


	p-value (float) – The two-sided p-palue for a hypothesis test whose null hypothesis
is an absence of association, tau = 0.











See also

scipy.stats.kendalltau() [https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.kendalltau.html#scipy.stats.kendalltau]








	
pytesmo.metrics.mad(o, p)

	Median absolute deviation (MAD).


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predicitions.






	Returns

	d – Median absolute deviation.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.mse(o, p, ddof=0)

	Mean square error (MSE) as a decomposition of the RMSD into individual
error components. The MSE is the second moment (about the origin) of the
error, and thus incorporates both the variance of the estimator and
its bias. For an unbiased estimator, the MSE is the variance of the
estimator. Like the variance, MSE has the same units of measurement as
the square of the quantity being estimated.
The delta degree of freedom keyword (ddof) can be used to correct for
the case the true variance is unknown and estimated from the population.
Concretely, the naive sample variance estimator sums the squared deviations
and divides by n, which is biased. Dividing instead by n - 1 yields an
unbiased estimator.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.


	ddof (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Delta degree of freedom.The divisor used in calculations is N - ddof,
where N represents the number of elements. By default ddof is zero.






	Returns

	
	mse (float) – Mean square error (MSE).


	mse_corr (float) – Correlation component of MSE.


	mse_bias (float) – Bias component of the MSE.


	mse_var (float) – Variance component of the MSE.















	
pytesmo.metrics.nash_sutcliffe(o, p)

	Nash Sutcliffe model efficiency coefficient E. The range of E lies between
1.0 (perfect fit) and -inf.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	E – Nash Sutcliffe model efficiency coefficient E.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.nrmsd(o, p, ddof=0)

	Normalized root-mean-square deviation (nRMSD).


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.


	ddof (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Delta degree of freedom.The divisor used in calculations is N - ddof,
where N represents the number of elements. By default ddof is zero.






	Returns

	nrmsd – Normalized root-mean-square deviation (nRMSD).



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.pearson_conf(r, n, c=95)

	Calcalates the confidence interval of a given pearson
correlation coefficient using a fisher z-transform,
only valid for correlation coefficients calculated from
a bivariate normal distribution


	Parameters

	
	r (float [https://docs.python.org/3.6/library/functions.html#float] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Correlation coefficient


	n (int [https://docs.python.org/3.6/library/functions.html#int] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Number of observations used in determining the correlation coefficient


	c (float [https://docs.python.org/3.6/library/functions.html#float]) – Level of confidence in percent, from 0-100.






	Returns

	
	r_lower (float or numpy.ndarray) – Lower confidence boundary.


	r_upper (float or numpy.ndarray) – Upper confidence boundary.















	
pytesmo.metrics.pearsonr(o, p)

	Wrapper for scipy.stats.pearsonr. Calculates a Pearson correlation
coefficient and the p-value for testing non-correlation.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	
	r (float) – Pearson’s correlation coefficent.


	p-value (float) – 2 tailed p-value.











See also

scipy.stats.pearsonr() [https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.pearsonr.html#scipy.stats.pearsonr]








	
pytesmo.metrics.pearsonr_recursive(x, y, n_old=0, sum_xi_yi=0, sum_xi=0, sum_yi=0, sum_x2=0, sum_y2=0)

	Calculate pearson correlation in a recursive manner based on


[image: r_{xy} = \frac{n\sum x_iy_i-\sum x_i\sum y_i} {\sqrt{n\sum x_i^2-(\sum x_i)^2}~\sqrt{n\sum y_i^2-(\sum y_i)^2}}]



	Parameters

	
	x (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – New values for x


	y (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – New values for y


	n_old (float [https://docs.python.org/3.6/library/functions.html#float], optional) – number of observations from previous pass


	sum_xi_yi (float [https://docs.python.org/3.6/library/functions.html#float], optional) – 
[image: \sum x_iy_i]


from previous pass




	sum_xi (float [https://docs.python.org/3.6/library/functions.html#float], optional) – 
[image: \sum x_i]


from previous pass




	sum_yi (float [https://docs.python.org/3.6/library/functions.html#float], optional) – 
[image: \sum y_i]


from previous pass




	sum_x2 (float [https://docs.python.org/3.6/library/functions.html#float], optional) – 
[image: \sum x_i^2]


from previous pass




	sum_y2 (float [https://docs.python.org/3.6/library/functions.html#float], optional) – 
[image: \sum y_i^2]


from previous pass








	Returns

	
	r (float) – Pearson correlation coefficient


	params (tuple) – tuple of (n_new, sum_xi_yi, sum_xi, sum_yi, sum_x2, sum_y2) .
Can be used when calling the next iteration as *params.















	
pytesmo.metrics.rmsd(o, p, ddof=0)

	Root-mean-square deviation (RMSD). It is implemented for an unbiased
estimator, which means the RMSD is the square root of the variance, also
known as the standard error. The delta degree of freedom keyword (ddof) can
be used to correct for the case the true variance is unknown and estimated
from the population. Concretely, the naive sample variance estimator sums
the squared deviations and divides by n, which is biased. Dividing instead
by n -1 yields an unbiased estimator


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.


	ddof (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Delta degree of freedom.The divisor used in calculations is N - ddof,
where N represents the number of elements. By default ddof is zero.






	Returns

	rmsd – Root-mean-square deviation.



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]










	
pytesmo.metrics.spearmanr(o, p)

	Wrapper for scipy.stats.spearmanr. Calculates a Spearman
rank-order correlation coefficient and the p-value to
test for non-correlation.


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.






	Returns

	
	rho (float) – Spearman correlation coefficient


	p-value (float) – The two-sided p-value for a hypothesis test whose null hypothesis
is that two sets of data are uncorrelated











See also

scipy.stats.spearmenr()








	
pytesmo.metrics.tcol_error(x, y, z)

	Triple collocation error estimate of three calibrated/scaled
datasets.


	Parameters

	
	x (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – 1D numpy array to calculate the errors


	y (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – 1D numpy array to calculate the errors


	z (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – 1D numpy array to calculate the errors






	Returns

	
	e_x (float) – Triple collocation error for x.


	e_y (float) – Triple collocation error for y.


	e_z (float) – Triple collocation error for z.










Notes

This function estimates the triple collocation error based
on already scaled/calibrated input data. It follows formula 4
given in [Scipal2008].


[image: \sigma_{\varepsilon_x}^2 = \langle (x-y)(x-z) \rangle]



[image: \sigma_{\varepsilon_y}^2 = \langle (y-x)(y-z) \rangle]



[image: \sigma_{\varepsilon_z}^2 = \langle (z-x)(z-y) \rangle]


where the [image: \langle\rangle] brackets mean the temporal mean.

References


	Scipal2008

	Scipal, K., Holmes, T., De Jeu, R., Naeimi, V., & Wagner, W. (2008). A
possible solution for the problem of estimating the error structure of global
soil moisture data sets. Geophysical Research Letters, 35(24), .










	
pytesmo.metrics.tcol_snr(x, y, z, ref_ind=0)

	triple collocation based estimation of signal-to-noise ratio, absolute errors,
and rescaling coefficients


	Parameters

	
	x (1D numpy.ndarray) – first input dataset


	y (1D numpy.ndarray) – second input dataset


	z (1D numpy.ndarray) – third input dataset


	ref_ind (int [https://docs.python.org/3.6/library/functions.html#int]) – index of reference data set for estimating scaling coefficients. default: 0 (x)






	Returns

	
	snr (numpy.ndarray) – signal-to-noise (variance) ratio [dB]


	err_std (numpy.ndarray) – SCALED error standard deviation


	beta (numpy.ndarray) – scaling coefficients (i_scaled = i * beta_i)










Notes

This function estimates the triple collocation errors, the scaling
parameter [image: \beta] and the signal to noise ratio directly from the
covariances of the dataset. For a general overview and how this function and
pytesmo.metrics.tcol_error() are related please see [Gruber2015].

Estimation of the error variances from the covariances of the datasets
(e.g. [image: \sigma_{XY}] for the covariance between [image: x] and
[image: y]) is done using the following formula:


[image: \sigma_{\varepsilon_x}^2 = \sigma_{X}^2 - \frac{\sigma_{XY}\sigma_{XZ}}{\sigma_{YZ}}]



[image: \sigma_{\varepsilon_y}^2 = \sigma_{Y}^2 - \frac{\sigma_{YX}\sigma_{YZ}}{\sigma_{XZ}}]



[image: \sigma_{\varepsilon_z}^2 = \sigma_{Z}^2 - \frac{\sigma_{ZY}\sigma_{ZX}}{\sigma_{YX}}]


[image: \beta] can also be estimated from the covariances:


[image: \beta_x = 1]



[image: \beta_y = \frac{\sigma_{XZ}}{\sigma_{YZ}}]



[image: \beta_z=\frac{\sigma_{XY}}{\sigma_{ZY}}]


The signal to noise ratio (SNR) is also calculated from the variances
and covariances:


[image: \text{SNR}_X[dB] = -10\log\left(\frac{\sigma_{X}^2\sigma_{YZ}}{\sigma_{XY}\sigma_{XZ}}-1\right)]



[image: \text{SNR}_Y[dB] = -10\log\left(\frac{\sigma_{Y}^2\sigma_{XZ}}{\sigma_{YX}\sigma_{YZ}}-1\right)]



[image: \text{SNR}_Z[dB] = -10\log\left(\frac{\sigma_{Z}^2\sigma_{XY}}{\sigma_{ZX}\sigma_{ZY}}-1\right)]


It is given in dB to make it symmetric around zero. If the value is zero
it means that the signal variance and the noise variance are equal. +3dB
means that the signal variance is twice as high as the noise variance.

References


	Gruber2015

	Gruber, A., Su, C., Zwieback, S., Crow, W., Dorigo, W., Wagner, W.
(2015). Recent advances in (soil moisture) triple collocation analysis.
International Journal of Applied Earth Observation and Geoinformation,
in review










	
pytesmo.metrics.ubrmsd(o, p, ddof=0)

	Unbiased root-mean-square deviation (uRMSD).


	Parameters

	
	o (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Observations.


	p (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Predictions.


	ddof (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Delta degree of freedom.The divisor used in calculations is N - ddof,
where N represents the number of elements. By default ddof is zero.






	Returns

	urmsd – Unbiased root-mean-square deviation (uRMSD).



	Return type

	float [https://docs.python.org/3.6/library/functions.html#float]
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pytesmo.scaling.add_scaled(df, method='linreg', label_in=None, label_scale=None)

	takes a dataframe and appends a scaled time series to it. If no labels are
given the first column will be scaled to the second column of the DataFrame


	Parameters

	
	df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – input dataframe


	method (string [https://docs.python.org/3.6/library/string.html#module-string]) – scaling method


	label_in (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – the column of the dataframe that should be scaled to that with label_scale
default is the first column


	label_scale (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – the column of the dataframe the label_in column should be scaled to
default is the second column






	Returns

	df – input dataframe with new column labeled label_in+’_scaled_’+method



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]










	
pytesmo.scaling.cdf_match(src, ref, min_val=None, max_val=None, nbins=100)

	computes cumulative density functions of src and ref at their
respective bin-edges by 5th order spline interpolation; then matches CDF of
src to CDF of ref.

This function does not make sure that the percentiles are unique so
it can happen that multiple measurements are scaled to one point or that
there are NaN values in the output array.


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src will be scaled to this dataset


	min_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Minimum allowed value, output data is capped at this value


	max_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Maximum allowed value, output data is capped at this value


	nbins (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Number of bins to use for estimation of the CDF






	Returns

	CDF matched values – dataset src with CDF as ref



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.gen_cdf_match(src, perc_src, perc_ref, min_val=None, max_val=None, k=1)

	General cdf matching:


	computes discrete cumulative density functions of
src- and ref at the given percentiles


	computes continuous CDFs by k-th order spline fitting


	CDF of src is matched to CDF of ref





	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	perc_src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – percentiles of src


	perc_ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – percentiles of reference data
estimated through method of choice, must be same size as
perc_src


	min_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Minimum allowed value, output data is capped at this value


	max_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Maximum allowed value, output data is capped at this value


	k (int [https://docs.python.org/3.6/library/functions.html#int], optional) – Order of spline to fit






	Returns

	CDF matched values – dataset src with CDF as ref



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.get_scaling_function(method)

	Get scaling function based on method name.


	Parameters

	method (string [https://docs.python.org/3.6/library/string.html#module-string]) – method name as string



	Returns

	scaling_func – function(src:numpy.ndarray, ref:numpy.ndarray) > scaled_src:np.ndarray



	Return type

	function



	Raises

	KeyError: – if method is not found










	
pytesmo.scaling.get_scaling_method_lut()

	Get all defined scaling methods and their function names.


	Returns

	lut – key: scaling method name
value: function



	Return type

	dictionary










	
pytesmo.scaling.lin_cdf_match(src, ref, min_val=None, max_val=None, percentiles=[0, 5, 10, 30, 50, 70, 90, 95, 100])

	computes cumulative density functions of src and ref at their
respective bin-edges by linear interpolation; then matches CDF of
src to CDF of ref.

This function does not make sure that the percentiles are unique so
it can happen that multiple measurements are scaled to one point or that
there are NaN values in the output array.


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src will be scaled to this dataset


	min_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Minimum allowed value, output data is capped at this value


	max_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Maximum allowed value, output data is capped at this value


	percentiles (list [https://docs.python.org/3.6/library/stdtypes.html#list] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Percentiles to use for CDF matching






	Returns

	CDF matched values – dataset src with CDF as ref



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.lin_cdf_match_stored_params(src, perc_src, perc_ref, min_val=None, max_val=None)

	Performs cdf matching using given percentiles.


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input data to scale


	perc_src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – percentiles of src estimated through method of choice


	perc_ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – percentiles of reference data
estimated through method of choice, must be same size as
perc_src


	min_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Minimum allowed value, output data is capped at this value


	max_val (float [https://docs.python.org/3.6/library/functions.html#float], optional) – Maximum allowed value, output data is capped at this value













	
pytesmo.scaling.linreg(src, ref)

	scales the input datasets using linear regression


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src will be scaled to this dataset






	Returns

	scaled dataset – dataset scaled using linear regression



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.mean_std(src, ref)

	scales the input datasets so that they have the same mean
and standard deviation afterwards


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src will be scaled to this dataset






	Returns

	scaled dataset – dataset src with same mean and standard deviation as ref



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.min_max(src, ref)

	scales the input datasets so that they have the same minimum
and maximum afterwards


	Parameters

	
	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – input dataset which will be scaled


	ref (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – src will be scaled to this dataset






	Returns

	scaled dataset – dataset src with same maximum and minimum as ref



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.scaling.scale(df, method='linreg', reference_index=0)

	takes pandas.DataFrame and scales all columns to the column specified
by reference_index with the chosen method


	Parameters

	
	df (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]) – containing matched time series that should be scaled


	method (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – method definition, has to be a function in globals() that takes 2 numpy.array
as input and returns one numpy.array of same length


	reference_index (int [https://docs.python.org/3.6/library/functions.html#int], optional) – default 0, column index of reference dataset in dataframe






	Returns

	scaled data – all time series of the input DataFrame scaled to the one specified by
reference_index



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]












pytesmo.temporal_matching module

Provides a temporal matching function


	
pytesmo.temporal_matching.df_match(reference, *args, **kwds)

	Finds temporal match between the reference pandas.DataFrame (index has to
be datetime) and n other pandas.DataFrame (index has to be datetime).


	Parameters

	
	reference (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or pandas.TimeSeries) – The index of this dataframe will be the reference.


	*args (pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or pandas.TimeSeries) – The index of this dataframe(s) will be matched.
If it is a pandas.Series then it has to have a name. Otherwise
no column name can be assigned to the matched DataFrame.


	window (float [https://docs.python.org/3.6/library/functions.html#float]) – Fraction of days of the maximum pos./neg. distance allowed, i.e. the
value of window represents the half-winow size (e.g. window=0.5, will
search for matches between -12 and +12 hours) (default: None)


	dropna (boolean) – Drop rows containing only NaNs (default: False)


	dropduplicates (boolean) – Drop duplicated temporal matched (default: False)


	asym_window (string [https://docs.python.org/3.6/library/string.html#module-string], optional) – <= stands for using a smaller and equal only for the left/smaller side of the window comparison
>= stands for using a larger and equal only for the right/larger side of the window comparison
The default is to use <= and >= for both sides of the search window






	Returns

	temporal_matched_args – Dataframe with index from matched reference index



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame] or tuple of pandas.DataFrame










	
pytesmo.temporal_matching.matching(reference, *args, **kwargs)

	Finds temporal match between the reference pandas.TimeSeries (index has to
be datetime) and n other pandas.TimeSeries (index has to be datetime).


	Parameters

	
	reference (pandas.TimeSeries) – The index of this Series will be the reference.


	*args (pandas.TimeSeries) – The index of these Series(s) will be matched.


	window (float [https://docs.python.org/3.6/library/functions.html#float]) – Fraction of days of the maximum pos./neg. distance allowed, i.e. the
value of window represents the half-winow size (e.g. window=0.5, will
search for matches between -12 and +12 hours) (default: None)






	Returns

	temporal_match – containing the index of the reference Series and a column for each of the
other input Series



	Return type

	pandas.DataFrame [http://pandas.pydata.org/pandas-docs/stable/generated/pandas.DataFrame.html#pandas.DataFrame]












pytesmo.utils module

Module containing utility functions that do not fit into other modules


	
pytesmo.utils.betainc(x, a, b)

	




	
pytesmo.utils.element_iterable(el)

	Test if a element is iterable


	Parameters

	el (object [https://docs.python.org/3.6/library/functions.html#object]) – 



	Returns

	iterable – if True then then el is iterable
if Fales then not



	Return type

	boolean










	
pytesmo.utils.ensure_iterable(el)

	Ensure that an object is iterable by putting it into a list.
Strings are handled slightly differently. They are
technically iterable but we want to keep the whole.


	Parameters

	el (object [https://docs.python.org/3.6/library/functions.html#object]) – 



	Returns

	iterable – [el]



	Return type

	list [https://docs.python.org/3.6/library/stdtypes.html#list]










	
pytesmo.utils.interp_uniq(src)

	replace non unique values by their linear interpolated value
This method interpolates iteratively like it is done in IDL.


	Parameters

	src (numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]) – array to ensure uniqueness of



	Returns

	src – interpolated unique values in array of same size as src



	Return type

	numpy.array [https://docs.scipy.org/doc/numpy/reference/generated/numpy.array.html#numpy.array]










	
pytesmo.utils.ml_percentile(in_data, percentiles)

	Calculate percentiles in the way Matlab and IDL do it.

By using interpolation between the lowest an highest rank and the
minimum and maximum outside.


	Parameters

	
	in_data (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – input data


	percentiles (numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – percentiles at which to calculate the values






	Returns

	perc – values of the percentiles



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]










	
pytesmo.utils.unique_percentiles_beta(perc_values, percentiles)

	Compute unique percentile values
by fitting the CDF of a beta distribution to the
percentiles.


	Parameters

	
	perc_values (list [https://docs.python.org/3.6/library/stdtypes.html#list] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – calculated values for the given percentiles


	percentiles (list [https://docs.python.org/3.6/library/stdtypes.html#list] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Percentiles to use for CDF matching






	Returns

	uniq_perc_values – Unique percentile values generated through fitting
the CDF of a beta distribution.



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]



	Raises

	RuntimeError [https://docs.python.org/3.6/library/exceptions.html#RuntimeError] – If no fit could be found.










	
pytesmo.utils.unique_percentiles_interpolate(perc_values, percentiles=[0, 5, 10, 30, 50, 70, 90, 95, 100], k=1)

	Try to ensure that percentile values are unique
and have values for the given percentiles.

If only all the values in perc_values are the same.
The array is unchanged.


	Parameters

	
	perc_values (list [https://docs.python.org/3.6/library/stdtypes.html#list] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – calculated values for the given percentiles


	percentiles (list [https://docs.python.org/3.6/library/stdtypes.html#list] or numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]) – Percentiles to use for CDF matching


	k (int [https://docs.python.org/3.6/library/functions.html#int]) – Degree of spline interpolation to use for
filling duplicate percentile values






	Returns

	uniq_perc_values – Unique percentile values generated through linear
interpolation over removed duplicate percentile values



	Return type

	numpy.ndarray [https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.html#numpy.ndarray]












Module contents







          

      

      

    

  

    
      
          
            
  import os

import matplotlib.pyplot as plt

from pytesmo.time_series.filters import exp_filter
import ascat


ascat_folder = os.path.join('/media', 'sf_R', 'Datapool_processed',
                            'WARP', 'WARP5.5', 'IRMA0_WARP5.5_P2',
                            'R1', '080_ssm', 'netcdf')
ascat_grid_folder = os.path.join('/media', 'sf_R',
                                 'Datapool_processed', 'WARP',
                                 'ancillary', 'warp5_grid')

# init the ASCAT_SSM reader with the paths

# ascat_folder is the path in which the cell files are
# located e.g. TUW_METOP_ASCAT_WARP55R12_0600.nc
# ascat_grid_folder is the path in which the file
# TUW_WARP5_grid_info_2_1.nc is located

# let's not include the orbit direction since it is saved as 'A'
# or 'D' it can not be plotted

# the AscatH25_SSM class automatically detects the version of data
# that you have in your ascat_folder. Please do not mix files of
# different versions in one folder

ascat_SSM_reader = ascat.AscatH25_SSM(ascat_folder, ascat_grid_folder,
                                      include_in_df=['sm', 'sm_noise',
                                                     'ssf', 'proc_flag'])





ascat_ts = ascat_SSM_reader.read_ssm(gpi, mask_ssf=True, mask_frozen_prob=10,
                                     mask_snow_prob=10)
ascat_ts.plot()





[image: swi_calculation/swi_calculation/output_2_1.png]
# Drop NA measurements
ascat_sm_ts = ascat_ts.data[['sm', 'sm_noise']].dropna()

# Get julian dates of time series
jd = ascat_sm_ts.index.to_julian_date().get_values()

# Calculate SWI T=10
ascat_sm_ts['swi_t10'] = exp_filter(ascat_sm_ts['sm'].values, jd, ctime=10)
ascat_sm_ts['swi_t50'] = exp_filter(ascat_sm_ts['sm'].values, jd, ctime=50)

fig, ax = plt.subplots(1, 1, figsize=(15, 5))
ascat_sm_ts['sm'].plot(ax=ax, alpha=0.4, marker='o',color='#00bfff', label='SSM')
ascat_sm_ts['swi_t10'].plot(ax=ax, lw=2,label='SWI T=10')
ascat_sm_ts['swi_t50'].plot(ax=ax, lw=2,label='SWI T=50')
plt.legend()





[image: swi_calculation/swi_calculation/output_3_1.png]
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