

    
      
          
            
  *This content is obsolete and will be deactivated or archived as of April 1, 2024.*


Welcome to a Collection of Tutorials for the Python Package tobac















Intro

This is a set of tutorial notebooks which provide example usage of the python package tobac - Tracking and Object-Based Analysis of Clouds.

The python package tobac is an open software for atmoshperic scientist aiming
to support Lagrangian analysis of cloud fields. The methods can be applied either to observational fields or to simulated cloud variables.



Themes

The tobac package is structured in two layers: In the first layer, core functionality is provided. The second layer is called “themes” and provides a dedicated set of functions to track or analyse clouds. We keep separate developments in separate “theme” like plugins in your browser. Parts of the different themes might be exchangeable.



Examples

Examples or tutorial are collected to show how tobac and tobac “themes” are working. Function have been written to ease input of certain obervational or model-simulated fields available at TROPOS. These function included data from


	tobac_v1






	Tracking of Observed OLR


	Tracking of Observed Visible Satellite Images


	Tracking of Simulated OLR


	Tracking of Simulated Precipitation Cells


	Tracking of Simulated Updrafts Cells


	Tracking of Simulated Vorticity Anomalies








	your theme






	We search for volunteers that included their cloud tracking or analysis approach into tobac as a new theme and provide nice tutorials on the cool new functions here.











            

          

      

      

    

  

    
      
          
            
  
How to run Tobac-Tutorials


Getting started: Installation

This documentation explains how to use tobac-tutorial notebooks for tobac 2.x
using an Anaconda environment. For running tutorials on your local device, create
a new folder where the data will be located. When working with a Linux environment,
open a terminal in your folder and clone the tobac repository from Github with:

git clone https://github.com/climate-processes/tobac





Change your directory to the tobac folder.

cd tobac





The tutorials need to be used within the v2.0-dev development branch. For fetching
all branches and checking which branch you’re on, use:

git branch -a





As you can see, you’re either on v2.0-dev branch or master branch (not compatible
with these tutorials, for that use examples provided on tobac master branch [https://github.com/climate-processes/tobac/tree/master/examples]).
You need to switch branches, so use:

git checkout --track origin/v2.0-dev





Check again which branch you’re on. The active branch will appear with a * and
in green color.

git branch





Now this works fine, but you’ll also need to clone the respective repository where
the tutorials are located. Change your directory pointing to the main directory
and the clone the repository like before with:

cd ..
git clone https://github.com/climate-processes/tobac-tutorials
cd tobac-tutorials





This creates a second folder next to your tobac folder. Again, check what branch
you’re in (you’ll notice there exists only one branch, the master branch.)

git status





In the next step, you need to create a conda environment for providing all required
software dependencies. First, you would need to go down and initiate a new conda
environment with:

cd ..
conda create --prefix tobac-test-env





Enter your environment’s name and the Python version of your choice. Check the
travis.yml [https://github.com/climate-processes/tobac/blob/v2.0-dev/.travis.yml]
for further information on currently supported Python versions.

Activate your conda environment. Then, change to your main directory and install
the tobac requirements from the provided file [https://github.com/climate-processes/tobac/blob/v2.0-dev/conda-requirements.txt].

conda activate ./tobac-test-env
cd tobac
conda install -c conda-forge --file conda-requirements.txt





With this, all necessary prerequisites for running tobac are met so you can
install the package. You can choose between two methods:


	just install the tobac version from your current branch (v2.0-dev)

pip install .







	enable to access the code from other branches as well, you can install the package with (editable mode for developers):

pip install -e .





This will enable you to update your tobac import to the version of another branch, as you checkout on that branch. Switching between branches is not necessary to run these tutorials, but could be useful if you also plan to test the latest release of tobac or code from other development branches.





Up to this point, you should have successfully installed tobac. As the tutorials
are provided by Jupyter Notebook, you’ll need to install jupyter in your
environment as well.

In the active environment, you need to install additional packages that are exclusively used my the tutorial notebooks. These packages are however not mandatory for the execution of tobacitself. So please type:

conda install jupyter boto3 basemap basemap-data-hires rioxarray seaborn







Running Jupyter Notebook

For running the tutorials, change the directory to where the examples are located.
E.g., if you want to know how the toolset can be applied to OLR model data, write:

cd ..
cd tobac-tutorials
jupyter notebook





The Jupyter Notebook will be opened in a new browser. By clicking “Run” you can
execute the code line after line and follow the examples for different data sets.

Please note: When running the tutorials for the first time, you’ll need to modify
the code in the part of “Download the data: …” for downloading the example data
from Zenodo [https://zenodo.org/]. Remove # for uncommenting the lines and enabling
the download (only for lines with #, not ##). You only need to download the data
once. So when the data for all examples is saved in your tobac-tutorials folder,
uncomment the lines again.





            

          

      

      

    

  

    
      
          
            
  
Idealized Case 1: Tracking of a Test Blob in 2D

This tutorial shows the most important steps of tracking with tobac using an idealized case:


	Input Data


	Feature Detection


	Tracking / Trajectory Linking


	Segmentation


	Statistical Analysis





Import Libraries

We start by importing tobac:


[1]:





import tobac







We will also need matplotlib in inline-mode for plotting and numpy:


[2]:





import matplotlib.pyplot as plt

%matplotlib inline

import numpy as np







For a better readability of the graphs:


[3]:





import seaborn as sns

sns.set_context("talk")







Tobac works with a Python package called xarray, which introduces DataArrays. In a nutshell these are numpy-arrays with labels. For a more extensive description have a look at the xarray Documentation [https://docs.xarray.dev/en/stable/generated/xarray.DataArray.html#xarray.DataArray].



1. Input Data

There are several utilities implemented in tobac to create simple examples of such arrays. In this tutorial we will use the function make_simple_sample_data_2D() to create a moving test blob in 2D:


[4]:





test_data = tobac.testing.make_simple_sample_data_2D()
test_data








[4]:





















<xarray.DataArray 'w' (time: 100, y: 50, x: 100)>
[500000 values with dtype=float64]
Coordinates:
  * time       (time) datetime64[ns] 2000-01-01T12:00:00 ... 2000-01-01T13:39:00
  * y          (y) float64 0.0 1e+03 2e+03 3e+03 ... 4.7e+04 4.8e+04 4.9e+04
  * x          (x) float64 0.0 1e+03 2e+03 3e+03 ... 9.7e+04 9.8e+04 9.9e+04
    latitude   (y, x) float64 ...
    longitude  (y, x) float64 ...
Attributes:
    units:    m s-1
xarray.DataArray
'w'
	time: 100
	y: 50
	x: 100
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Idealized Case 2: Two crossing blobs

This tutorial explores the different methods of the linking process using an example of two crossing blobs. The following chapters will be covered:


	Data generation


	Feature detection


	Influence of tracking method


	Analysis





1. Data generation

We start by importing the usual libraries and adjusting some settings:


[1]:





import tobac
import numpy as np
import matplotlib.pyplot as plt
import datetime
import xarray as xr
import seaborn as sns

sns.set_context("talk")
%matplotlib inline







We will need to generate our own dataset for this tutorial. For this reason we define some bounds for our system:


[2]:





(
    x_min,
    y_min,
    x_max,
    y_max,
) = (
    0,
    0,
    1e5,
    1e5,
)
t_min, t_max = 0, 10000







We use these to create a mesh:


[3]:





def create_mesh(x_min, y_min, x_max, y_max, t_min, t_max, N_x=200, N_y=200, dt=520):
    x = np.linspace(x_min, x_max, N_x)
    y = np.linspace(y_min, y_max, N_y)
    t = np.arange(t_min, t_max, dt)
    mesh = np.meshgrid(t, y, x, indexing="ij")

    return mesh


mesh = create_mesh(x_min, y_min, x_max, y_max, t_min, t_max)







Additionally, we need to set velocities for our blobs:


[4]:





v_x = 10
v_y = 10







The dataset is created by using two functions. The first creates a wandering Gaussian blob as numpy-Array on our grid and the second transforms it into an xarray-DataArray with an arbitrary datetime.


[5]:





def create_wandering_blob(mesh, x_0, y_0, v_x, v_y, t_create, t_vanish, sigma=1e7):
    tt, yy, xx = mesh
    exponent = (xx - x_0 - v_x * (tt - t_create)) ** 2 + (
        yy - y_0 - v_y * (tt - t_create)
    ) ** 2
    blob = np.exp(-exponent / sigma)
    blob = np.where(np.logical_and(tt >= t_create, tt <= t_vanish), blob, 0)

    return blob


def create_xarray(array, mesh, starting_time="2022-04-01T00:00"):
    tt, yy, xx = mesh
    t = np.unique(tt)
    y = np.unique(yy)
    x = np.unique(xx)

    N_t = len(t)
    dt = np.diff(t)[0]

    t_0 = np.datetime64(starting_time)
    t_delta = np.timedelta64(dt, "s")

    time = np.array([t_0 + i * t_delta for i in range(len(array))])

    dims = ("time", "projection_x_coordinate", "projection_y_coordinate")
    coords = {"time": time, "projection_x_coordinate": x, "projection_y_coordinate": y}
    attributes = {"units": ("m s-1")}

    data = xr.DataArray(data=array, dims=dims, coords=coords, attrs=attributes)
    # data = data.projection_x_coordinate.assign_attrs({"units": ("m")})
    # data = data.projection_y_coordinate.assign_attrs({"units": ("m")})
    data = data.assign_coords(latitude=("projection_x_coordinate", x / x.max() * 90))
    data = data.assign_coords(longitude=("projection_y_coordinate", y / y.max() * 90))

    return data







We use the first function to create two blobs whose paths will cross. To keep them detectable as seperate features in the dataset we don’t want to just add them together. Instead we are going to use the highest value of each pixel by applying boolean masking and the resulting field is transformed into the xarray format.


[6]:





blob_1 = create_wandering_blob(mesh, x_min, y_min, v_x, v_y, t_min, t_max)
blob_2 = create_wandering_blob(mesh, x_max, y_min, -v_x, v_y, t_min, t_max)
blob_mask = blob_1 > blob_2
blob = np.where(blob_mask, blob_1, blob_2)

data = create_xarray(blob, mesh)







Let’s check if we achived what we wanted by plotting the result:


[7]:





data.plot(
    cmap="viridis",
    col="time",
    col_wrap=5,
    x="projection_x_coordinate",
    y="projection_y_coordinate",
    size=5,
)








[7]:







<xarray.plot.facetgrid.FacetGrid at 0x7f53ff739210>











[image: ../../_images/tutorials_Basics_Idealized-Case-2_Two_crossing_Blobs_15_1.png]




Looks good! We see two features crossing each other, and they are clearly separable in every frame.



2. Feature detection

Before we can perform the tracking we need to detect the features with the usual function. The grid spacing is deduced from the generated field. We still need to find a reasonable threshold value. Let’s try a really high one:


[8]:





%%capture

spacing = np.diff(np.unique(mesh[1]))[0]

dxy, dt = tobac.utils.get_spacings(data, grid_spacing=spacing)
features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, threshold=0.99
)








[9]:





plt.figure(figsize=(10, 6))
features.plot.scatter(x="hdim_1", y="hdim_2")








[9]:







<matplotlib.collections.PathCollection at 0x7f53f8265d10>











[image: ../../_images/tutorials_Basics_Idealized-Case-2_Two_crossing_Blobs_19_1.png]




As you can see almost no features are detected. This means our threshold is too high and neglects many datapoints. Therefore it is a good idea to try a low threshold value:


[10]:





%%capture
features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, threshold=0.3
)








[11]:





plt.figure(figsize=(10, 6))
features.plot.scatter(x="hdim_1", y="hdim_2")








[11]:







<matplotlib.collections.PathCollection at 0x7f5428f6b350>











[image: ../../_images/tutorials_Basics_Idealized-Case-2_Two_crossing_Blobs_22_1.png]




Here the paths of the blobs are clearly visible, but there is an area in the middle where both merge into one feature. This should be avoided. Therefore we try another value for the threshold somewhere in the middle of the available range:


[12]:





%%capture
features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, threshold=0.8
)








[13]:





plt.figure(figsize=(10, 6))
features.plot.scatter(x="hdim_1", y="hdim_2")








[13]:







<matplotlib.collections.PathCollection at 0x7f53f3aeb290>











[image: ../../_images/tutorials_Basics_Idealized-Case-2_Two_crossing_Blobs_25_1.png]




This is the picture we wanted to see. This means we can continue working with this set of features.



3. Influence of the tracking method

Now the tracking can be performed. We will create two outputs, one with method = 'random', and the other one with method = 'predict'. Since we know what the velocities of our features are beforehand, we can select a reasonable value for v_max. Normally this would need to be finetuned.


[14]:





%matplotlib inline
v_max = 20

track_1 = tobac.themes.tobac_v1.linking_trackpy(
    features, data, dt, dxy, v_max=v_max, method_linking="random"
)

track_2 = tobac.themes.tobac_v1.linking_trackpy(
    features, data, dt, dxy, v_max=v_max, method_linking="predict"
)













Frame 19: 2 trajectories present.












/home/nils/mambaforge/envs/tob_v2/lib/python3.11/site-packages/tobac/themes/tobac_v1/tracking.py:269: FutureWarning: Not prepending group keys to the result index of transform-like apply. In the future, the group keys will be included in the index, regardless of whether the applied function returns a like-indexed object.
To preserve the previous behavior, use

        >>> .groupby(..., group_keys=False)

To adopt the future behavior and silence this warning, use

        >>> .groupby(..., group_keys=True)
  ).time.apply(lambda x: x - x.iloc[0])







[15]:





track_1








[15]:





















<xarray.Dataset>
Dimensions:                  (index: 40)
Coordinates:
  * index                    (index) int64 0 1 2 3 4 5 6 ... 34 35 36 37 38 39
Data variables: (12/15)
    frame                    (index) int64 0 0 1 1 2 2 3 ... 17 17 18 18 19 19
    idx                      (index) int64 1 2 1 2 1 2 1 2 2 ... 1 2 1 2 1 2 1 2
    hdim_1                   (index) float64 1.0 1.0 10.32 ... 186.3 196.7 196.7
    hdim_2                   (index) float64 1.0 198.0 10.32 ... 2.321 196.7
    num                      (index) int64 9 9 28 28 28 28 ... 24 24 28 28 28 28
    threshold_value          (index) float64 0.8 0.8 0.8 0.8 ... 0.8 0.8 0.8 0.8
    ...                       ...
    projection_x_coordinate  (index) float64 502.5 502.5 ... 9.883e+04 9.883e+04
    projection_y_coordinate  (index) float64 502.5 9.95e+04 ... 9.883e+04
    latitude                 (index) float64 0.4523 0.4523 4.668 ... 88.95 88.95
    longitude                (index) float64 0.4523 89.55 4.668 ... 1.05 88.95
    cell                     (index) float64 1.0 2.0 1.0 2.0 ... 1.0 2.0 1.0 2.0
    time_cell                (index) timedelta64[ns] 00:00:00 ... 02:44:40
xarray.Dataset
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Methods and Parameters for Feature Detection: Part 1

In this notebook, we will take a detailed look at tobac’s feature detection and examine some of its parameters. We concentrate on:


	Minima/Maxima and Multiple Thresholds for Feature Identification


	Feature Position


	Sigma Parameter for Smoothing of Noisy Data


	Band Pass Filter for Input Fields





[1]:





import tobac
import matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")








Minima/Maxima and Multiple Thresholds for Feature Identification

Feature identification search for local maxima in the data.

When working different inputs it is sometimes necessary to switch the feature detection from finding maxima to minima. Furthermore, for more complex datasets containing multiple features differing in magnitude, a categorization according to this magnitude is desirable. Both will be demonstrated with the make_sample_data_2D_3blobs() function, which creates such a dataset. For the search for minima we will simply turn the dataset negative:


[2]:





data = tobac.testing.make_sample_data_2D_3blobs()
neg_data = -data







Let us have a look at frame number 50:


[3]:





n = 50

fig, (ax1, ax2) = plt.subplots(ncols=2, figsize=(14, 10))

im1 = ax1.imshow(data.data[50], cmap="Greys")
ax1.set_title("data")
cbar = plt.colorbar(im1, ax=ax1)

im2 = ax2.imshow(neg_data.data[50], cmap="Greys")
ax2.set_title(" negative data")
cbar = plt.colorbar(im2, ax=ax2)












[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Feature-Detection_Part_1_7_0.png]




As you can see the data has 3 maxima/minima with different extremal values. To capture these, we use list comprehensions to obtain multiple thresholds in the range of the data:


[4]:





thresholds = [i for i in range(9, 18)]
neg_thresholds = [-i for i in range(9, 18)]







These can now be passed as arguments to feature_detection_multithreshold(). With the target-keyword we can set a flag whether to search for minima or maxima. The standard is "maxima".


[5]:





%%capture

dxy, dt = tobac.utils.get_spacings(data)

features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, thresholds, target="maximum"
)
features_inv = tobac.themes.tobac_v1.feature_detection_multithreshold(
    neg_data, dxy, neg_thresholds, target="minimum"
)







Let’s scatter the detected features onto frame 50 of the dataset and create colorbars for the threshold values:


[6]:





mask_1 = features["frame"] == n
mask_2 = features_inv["frame"] == n

fig, (ax1, ax2) = plt.subplots(ncols=2, figsize=(14, 10))

ax1.imshow(data.data[50], cmap="Greys")
im1 = ax1.scatter(
    features.where(mask_1)["hdim_2"],
    features.where(mask_1)["hdim_1"],
    c=features.where(mask_1)["threshold_value"],
    cmap="tab10",
)
cbar = plt.colorbar(im1, ax=ax1)
cbar.ax.set_ylabel("threshold")

ax2.imshow(neg_data.data[50], cmap="Greys")
im2 = ax2.scatter(
    features_inv.where(mask_2)["hdim_2"],
    features_inv.where(mask_2)["hdim_1"],
    c=features_inv.where(mask_2)["threshold_value"],
    cmap="tab10",
)
cbar = plt.colorbar(im2, ax=ax2)
cbar.ax.set_ylabel("threshold")








[6]:







Text(0, 0.5, 'threshold')











[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Feature-Detection_Part_1_13_1.png]




The three features were found in both data sets, and the color bars indicate which threshold they belong to. When using multiple thresholds, note that the order of the list is important. Each feature is assigned the threshold value that was reached last. Therefore, it makes sense to start with the lowest value in case of maxima.



Feature Position

To explore the influence of the position_threshold flag we need a radially asymmetric feature. Let’s create a simple one by adding two 2d-gaussians and add an extra dimension for the time, which is required for working with tobac:


[7]:





x = np.linspace(-2, 2)
y = np.linspace(-2, 2)
xx, yy = np.meshgrid(x, y)

exp1 = 1.5 * np.exp(-((xx + 0.5) ** 2 + (yy + 0.5) ** 2))
exp2 = 0.5 * np.exp(-((0.5 - xx) ** 2 + (0.5 - yy) ** 2))

asymmetric_data = np.expand_dims(exp1 + exp2, axis=0)

plt.figure(figsize=(10, 10))
plt.imshow(asymmetric_data[0])
plt.colorbar()








[7]:







<matplotlib.colorbar.Colorbar at 0x7f49d17f6da0>











[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Feature-Detection_Part_1_17_1.png]




To feed this data into the feature detection we need to convert it into an xarray.DataArray. Before we do that we select an arbitrary time and date for the single frame of our synthetic field:


[8]:





date = np.datetime64(
    "2022-04-01T00:00",
)
assym = xr.DataArray(
    data=asymmetric_data, coords={"time": np.expand_dims(date, axis=0), "y": y, "x": x}
)
assym








[8]:





















<xarray.DataArray (time: 1, y: 50, x: 50)>
array([[[0.01666536, 0.02114886, 0.02648334, ..., 0.00083392,
         0.00058509, 0.00040694],
        [0.02114886, 0.02683866, 0.03360844, ..., 0.00109464,
         0.00077154, 0.0005393 ],
        [0.02648334, 0.03360844, 0.04208603, ..., 0.00142435,
         0.00100896, 0.00070907],
        ...,
        [0.00083392, 0.00109464, 0.00142435, ..., 0.01405279,
         0.01121917, 0.00883872],
        [0.00058509, 0.00077154, 0.00100896, ..., 0.01121917,
         0.00895731, 0.00705704],
        [0.00040694, 0.0005393 , 0.00070907, ..., 0.00883872,
         0.00705704, 0.00556009]]])
Coordinates:
  * time     (time) datetime64[ns] 2022-04-01
  * y        (y) float64 -2.0 -1.918 -1.837 -1.755 ... 1.755 1.837 1.918 2.0
  * x        (x) float64 -2.0 -1.918 -1.837 -1.755 ... 1.755 1.837 1.918 2.0
xarray.DataArray

	time: 1
	y: 50
	x: 50
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Methods and Parameters for Feature Detection: Part 2

In this notebook, we will contninue to look in detail at tobac’s feature detection and examine the remaining parameters.

We will treat:


	Object Erosion Parameter


	Minimum Object Pair Distance





[1]:





import tobac
import matplotlib.pyplot as plt
import numpy as np
import xarray as xr

import seaborn as sns

sns.set_context("talk")

%matplotlib inline








Object Erosion Parameter n_erosion_threshold

To understand this parameter we have to look at one varibale of the feature-Datasets we did not mention so far: num

The value of num for a specific feature tells us the number of datapoints exceeding the threshold. n_erosion_threshold reduces this number by eroding [https://en.wikipedia.org/wiki/Erosion_%28morphology%29] the mask of the feature on its boundary. Supose we are looking at the gaussian data again and we set a treshold of 0.5. The resulting mask of our feature will look like this:


[2]:





x = np.linspace(-2, 2)
y = np.linspace(-2, 2)
xx, yy = np.meshgrid(x, y)

exp = np.exp(-(xx**2 + yy**2))

gaussian_data = np.expand_dims(exp, axis=0)
threshold = 0.5

mask = gaussian_data > threshold
mask = mask[0]

plt.figure(figsize=(8, 8))
plt.imshow(mask)
plt.show()












[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Feature-Detection_Part_2_4_0.png]




The erosion algorithm used by tobac is imported from skimage.morphology:


[3]:





from skimage.morphology import binary_erosion







Applying this algorithm requires a quadratic matrix. The size of this matrix is provided by the n_erosion_threshold parameter. For a quick demonstration we can create the matrix by hand and apply the erosion for different values:


[4]:





fig, axes = plt.subplots(ncols=3, figsize=(14, 10))

im0 = axes[0].imshow(mask)
axes[0].set_title(r"$\mathtt{n\_erosion\_threshold} = 0$", fontsize=14)

n_erosion_threshold = 5
selem = np.ones((n_erosion_threshold, n_erosion_threshold))
mask_er = binary_erosion(mask, selem).astype(np.int64)

im1 = axes[1].imshow(mask_er)
axes[1].set_title(r"$\mathtt{n\_erosion\_threshold} = 5$", fontsize=14)

n_erosion_threshold = 10
selem = np.ones((n_erosion_threshold, n_erosion_threshold))
mask_er_more = binary_erosion(mask, selem).astype(np.int64)

im2 = axes[2].imshow(mask_er_more)
axes[2].set_title(r"$\mathtt{n\_erosion\_threshold} = 10$", fontsize=14)








[4]:







Text(0.5, 1.0, '$\\mathtt{n\\_erosion\\_threshold} = 10$')
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This means by using increasing values of n_erosion_threshold for a feature detection we will get lower values of num, which will match the number of True-values in the masks above:


[5]:





%%capture

date = np.datetime64("2022-04-01T00:00")
input_data = xr.DataArray(
    data=gaussian_data, coords={"time": np.expand_dims(date, axis=0), "y": y, "x": x}
)
dxy = input_data["x"][1] - input_data["x"][0]

features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    input_data, dxy, threshold, n_erosion_threshold=0
)
features_eroded = tobac.themes.tobac_v1.feature_detection_multithreshold(
    input_data, dxy, threshold, n_erosion_threshold=5
)
features_eroded_more = tobac.themes.tobac_v1.feature_detection_multithreshold(
    input_data, dxy, threshold, n_erosion_threshold=10
)








[6]:





features["num"].data[0]








[6]:







332







[7]:





mask.sum()








[7]:







332







[8]:





features_eroded["num"].data[0]








[8]:







188







[9]:





mask_er.sum()








[9]:







188







[10]:





features_eroded_more["num"].data[0]








[10]:







57







[11]:





mask_er_more.sum()








[11]:







57






This can be used to simplify the geometry of complex features.



Minimum Object Size Parameter n_min_threshold

With n_min_threshold parameter we can exclude smaller features by setting a minimum of datapoints that have to exceed the threshold for one feature. If we again detect the three blobs and check their num value at frame 50, we can see that one of them contains fewer pixels.


[12]:





data = tobac.testing.make_sample_data_2D_3blobs()

plt.figure(figsize=(8, 8))
plt.imshow(data[50])
plt.show()












[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Feature-Detection_Part_2_20_0.png]





[13]:





%%capture
threshold = 9
dxy, dt = tobac.utils.get_spacings(data)
features = tobac.themes.tobac_v1.feature_detection_multithreshold(data, dxy, threshold)








[14]:





features.where(features["frame"] == 50)["num"]








[14]:





















<xarray.DataArray 'num' (index: 102)>
array([ nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan, 501.,  30., 325.,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,  nan,
        nan,  nan,  nan])
Coordinates:
  * index    (index) int64 0 1 2 3 4 5 6 7 8 9 ... 93 94 95 96 97 98 99 100 101
xarray.DataArray
'num'
	index: 102
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Methods and Parameters for Segmentation

This notebook explores the segmentation function of tobac and its parameters:


	Required Inputs


	Different Thresholds


	Choosing Method and Target


	Setting a maximum Distance


	Handling 3d-Data




We start with the usual imports:


[1]:





import tobac
import matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")








Required Inputs

To perform a segmentation we need a dataset with already detected features. Therefore, we take advantage of the testing.make_sample_data_2D_3blobs_inv()-utility and detect features with different thresholds:


[2]:





data = tobac.testing.make_sample_data_2D_3blobs_inv()
dxy, dt = tobac.utils.get_spacings(data)

plt.figure(figsize=(6, 9))
data.isel(time=50).plot(x="x", y="y")








[2]:







<matplotlib.collections.QuadMesh at 0x7f928889f510>











[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Segmentation_3_1.png]





[3]:





%%capture
thresholds = [9, 14, 17]
features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, thresholds, position_threshold="weighted_abs"
)







The resulting dataset can now be used as argument for the segmentation()-function. The other required inputs are the original dataset, the spacing and a threshold.


[4]:





mask, features_mask = tobac.themes.tobac_v1.segmentation(
    features, data, dxy, threshold=9
)













<xarray.DataArray 'w' (time: 100, x: 100, y: 200)>
[2000000 values with dtype=float64]
Coordinates:
  * time       (time) datetime64[ns] 2000-01-01T12:00:00 ... 2000-01-01T13:39:00
  * x          (x) float64 0.0 1e+03 2e+03 3e+03 ... 9.7e+04 9.8e+04 9.9e+04
  * y          (y) float64 0.0 1e+03 2e+03 3e+03 ... 1.97e+05 1.98e+05 1.99e+05
    latitude   (x, y) float64 ...
    longitude  (x, y) float64 ...
Attributes:
    units:    m s-1






The created segments are provided as mask, which is the first returned object of the function. The second output is the features-dataset again, but with the additional ncells-variable, which gives us the number of datapoints belonging to the feature:


[5]:





features_mask["ncells"][1]








[5]:





















<xarray.DataArray 'ncells' ()>
array(67.)
Coordinates:
    index    int64 1
xarray.DataArray
'ncells'
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Methods and Parameters for Linking

Linking assigns the detected features and segments in each timestep to trajectories, to enable an analysis of their time evolution. We will cover the topics:


	Understanding the Linking Output


	Defining a Search Radius


	Working with the Subnetwork


	Timescale of the Tracks


	Gappy Tracks


	Other Parameters




We start by loading the usual libraries:


[1]:





import tobac
import matplotlib.pyplot as plt
import numpy as np

%matplotlib inline

import seaborn as sns

sns.set_context("talk")








Understanding the Linking Output

Since it has a time dimension, the sample data from the testing utilities is also suitable for a demonstration of this step. The chosen method creates 2-dimensional sample data with up to 3 moving blobs at the same. So, our expectation is to obtain up to 3 tracks.

At first, loading in the data and performing the usual feature detection is required:


[2]:





%%capture

data = tobac.testing.make_sample_data_2D_3blobs_inv()
dxy, dt = tobac.utils.get_spacings(data)
features = tobac.themes.tobac_v1.feature_detection_multithreshold(
    data, dxy, threshold=1, position_threshold="weighted_abs"
)







Now the linking via trackpy can be performed. Notice that the temporal spacing is also a required input this time. Additionally, it is necessary to provide either a maximum speed v_max or a maximum search range d_max. Here we use a maximum speed of 100 m/s:


[3]:





track = tobac.themes.tobac_v1.linking_trackpy(features, data, dt=dt, dxy=dxy, v_max=100)













Frame 69: 2 trajectories present.






The output tells us, that in the final frame 69 two trajecteries where still present. If we checkout this frame via xarray.plot method, we can see that this corresponds to the two present features there, which are assigned to different trajectories.


[4]:





plt.figure(figsize=(6, 9))
data.isel(time=69).plot(x="x", y="y")








[4]:







<matplotlib.collections.QuadMesh at 0x7f064377b6d0>











[image: ../../_images/tutorials_Basics_Methods-and-Parameters-for-Linking_9_1.png]




The track dataset contains two new variables, cell and time_cell. The first assigns the features to one of the found trajectories by an integer and the second specifies how long the feature has been present already in the data.


[5]:





track[["cell", "time_cell"]]








[5]:





















<xarray.Dataset>
Dimensions:    (index: 110)
Coordinates:
  * index      (index) int64 0 1 2 3 4 5 6 7 ... 102 103 104 105 106 107 108 109
Data variables:
    cell       (index) float64 1.0 1.0 1.0 1.0 1.0 1.0 ... 3.0 2.0 3.0 2.0 3.0
    time_cell  (index) timedelta64[ns] 00:00:00 00:01:00 ... 00:29:00 00:19:00
xarray.Dataset
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tobac example: Tracking deep convection based on OLR from geostationary satellite retrievals

This example notebook demonstrates the use of tobac to track isolated deep convective clouds based on outgoing longwave radiation (OLR) calculated based on a combination of two different channels of the GOES-13 imaging instrument.

The data used in this example is downloaded from “zenodo link” automatically as part of the notebooks (This only has to be done once for all the tobac example notebooks).


[3]:





# Import libraries:
import xarray
import numpy as np
import pandas as pd
import os
from six.moves import urllib
from glob import glob

import matplotlib.pyplot as plt
%matplotlib inline








[1]:





# Import tobac itself:
import tobac








[4]:





# Disable a few warnings:
import warnings
warnings.filterwarnings('ignore', category=UserWarning, append=True)
warnings.filterwarnings('ignore', category=RuntimeWarning, append=True)
warnings.filterwarnings('ignore', category=FutureWarning, append=True)
warnings.filterwarnings('ignore',category=pd.io.pytables.PerformanceWarning)









Download example data:

This has to be done only once for all tobac examples.




[5]:





data_out='../'








[5]:





# # Download the data: This only has to be done once for all tobac examples and can take a while
# file_path='https://zenodo.org/record/3195910/files/climate-processes/tobac_example_data-v1.0.1.zip'
# tempfile='temp.zip'
# print('start downloading data')
# request=urllib.request.urlretrieve(file_path,tempfile)
# print('start extracting data')
# zf = zipfile.ZipFile(tempfile)
# zf.extractall(data_out)
# print('example data saved in')







Load data:


[6]:





data_file=os.path.join(data_out,'*','data','Example_input_OLR_satellite.nc')
data_file = glob(data_file)[0]








[10]:





# Load Data from downloaded file:
OLR=xarray.open_dataset(data_file)['olr']








[9]:





# Display information about the input data cube:
display(OLR)














    
	Olr (W m^-2)
	time
	latitude
	longitude


    
	Shape
	54
	131
	184


    
    	Dimension coordinates
    	
    	
    	



    	        time
    	x
    	-
    	-



    	        latitude
    	-
    	x
    	-



    	        longitude
    	-
    	-
    	x



    	Attributes
    	
    	
    	



    	        Conventions
    	CF-1.5








[12]:





#Set up directory to save output and plots:
savedir='Save'
if not os.path.exists(savedir):
    os.makedirs(savedir)
plot_dir="Plot"
if not os.path.exists(plot_dir):
    os.makedirs(plot_dir)








Feature identification:

Identify features based on OLR field and a set of threshold values




[13]:





# Determine temporal and spatial sampling of the input data:
dxy,dt=tobac.utils.get_spacings(OLR,grid_spacing=4000)













(<xarray.DataArray 'olr' (time: 54, lat: 131, lon: 184)>
[1301616 values with dtype=float64]
Coordinates:
  * time     (time) datetime64[ns] 2013-06-19T19:02:22 ... 2013-06-20T02:45:18
  * lat      (lat) float64 28.03 28.07 28.11 28.15 ... 32.88 32.92 32.96 32.99
  * lon      (lon) float64 -94.99 -94.95 -94.91 -94.87 ... -88.08 -88.04 -88.01
Attributes:
    long_name:  OLR
    units:      W m^-2,)
{'grid_spacing': 4000}
converting xarray to iris and back
(<iris 'Cube' of OLR / (W m^-2) (time: 54; latitude: 131; longitude: 184)>,)
{'grid_spacing': 4000}
(4000, 476)







[14]:





# Keyword arguments for the feature detection step
parameters_features={}
parameters_features['position_threshold']='weighted_diff'
parameters_features['sigma_threshold']=0.5
parameters_features['min_num']=4
parameters_features['target']='minimum'
parameters_features['threshold']=[250,225,200,175,150]








[15]:





# Feature detection and save results to file:
print('starting feature detection')
Features=tobac.themes.tobac_v1.feature_detection_multithreshold(OLR,dxy,**parameters_features)
Features.to_netcdf(os.path.join(savedir,'Features.nc'))
print('feature detection performed and saved')














starting feature detection
(      frame  idx      hdim_1      hdim_2  num  threshold_value  feature
0         0    2    0.737149  177.294423    4              250        1
1         0    3    3.354292  162.980569    9              250        2
2         0    5   32.000000  138.000000    1              250        3
3         0    8   37.479003  146.971379    6              250        4
4         0   13   65.790337    2.067482    3              250        5
...     ...  ...         ...         ...  ...              ...      ...
2733     53   24   64.980999   91.292535   16              225     2734
2734     53   25   83.297251  157.068621   89              225     2735
2735     53   26  103.000000    1.000000    1              225     2736
2736     53   27  129.853687   11.461736    4              225     2737
2737     53   29   46.832556   29.433805   24              200     2738

[2738 rows x 7 columns], <iris 'Cube' of OLR / (W m^-2) (time: 54; latitude: 131; longitude: 184)>)
{}
      frame  idx      hdim_1      hdim_2  num  threshold_value  feature  \
0         0    2    0.737149  177.294423    4              250        1
1         0    3    3.354292  162.980569    9              250        2
2         0    5   32.000000  138.000000    1              250        3
3         0    8   37.479003  146.971379    6              250        4
4         0   13   65.790337    2.067482    3              250        5
...     ...  ...         ...         ...  ...              ...      ...
2733     53   24   64.980999   91.292535   16              225     2734
2734     53   25   83.297251  157.068621   89              225     2735
2735     53   26  103.000000    1.000000    1              225     2736
2736     53   27  129.853687   11.461736    4              225     2737
2737     53   29   46.832556   29.433805   24              200     2738

                     time              timestr   latitude  longitude
0     2013-06-19 19:02:22  2013-06-19 19:02:22  28.060909 -88.223109
1     2013-06-19 19:02:22  2013-06-19 19:02:22  28.160780 -88.769332
2     2013-06-19 19:02:22  2013-06-19 19:02:22  29.253914 -89.722603
3     2013-06-19 19:02:22  2013-06-19 19:02:22  29.462995 -89.380251
4     2013-06-19 19:02:22  2013-06-19 19:02:22  30.543369 -94.909851
...                   ...                  ...        ...        ...
2733  2013-06-20 02:45:18  2013-06-20 02:45:18  30.512484 -91.504982
2734  2013-06-20 02:45:18  2013-06-20 02:45:18  31.211441 -88.994935
2735  2013-06-20 02:45:18  2013-06-20 02:45:18  31.963307 -94.950587
2736  2013-06-20 02:45:18  2013-06-20 02:45:18  32.988057 -94.551362
2737  2013-06-20 02:45:18  2013-06-20 02:45:18  29.819931 -93.865540

[2738 rows x 11 columns]
      frame  idx      hdim_1      hdim_2  num  threshold_value  feature  \
0         0    2    0.737149  177.294423    4              250        1
1         0    3    3.354292  162.980569    9              250        2
2         0    5   32.000000  138.000000    1              250        3
3         0    8   37.479003  146.971379    6              250        4
4         0   13   65.790337    2.067482    3              250        5
...     ...  ...         ...         ...  ...              ...      ...
2733     53   24   64.980999   91.292535   16              225     2734
2734     53   25   83.297251  157.068621   89              225     2735
2735     53   26  103.000000    1.000000    1              225     2736
2736     53   27  129.853687   11.461736    4              225     2737
2737     53   29   46.832556   29.433805   24              200     2738

                     time              timestr   latitude  longitude
0     2013-06-19 19:02:22  2013-06-19 19:02:22  28.060909 -88.223109
1     2013-06-19 19:02:22  2013-06-19 19:02:22  28.160780 -88.769332
2     2013-06-19 19:02:22  2013-06-19 19:02:22  29.253914 -89.722603
3     2013-06-19 19:02:22  2013-06-19 19:02:22  29.462995 -89.380251
4     2013-06-19 19:02:22  2013-06-19 19:02:22  30.543369 -94.909851
...                   ...                  ...        ...        ...
2733  2013-06-20 02:45:18  2013-06-20 02:45:18  30.512484 -91.504982
2734  2013-06-20 02:45:18  2013-06-20 02:45:18  31.211441 -88.994935
2735  2013-06-20 02:45:18  2013-06-20 02:45:18  31.963307 -94.950587
2736  2013-06-20 02:45:18  2013-06-20 02:45:18  32.988057 -94.551362
2737  2013-06-20 02:45:18  2013-06-20 02:45:18  29.819931 -93.865540

[2738 rows x 11 columns]
['time', 'lat', 'lon']
feature detection performed and saved







Segmentation:

Segmentation is performed based on the OLR field and a threshold value to determine the cloud areas.




[16]:





# Keyword arguments for the segmentation step:
parameters_segmentation={}
parameters_segmentation['target']='minimum'
parameters_segmentation['method']='watershed'
parameters_segmentation['threshold']=250








[18]:





# Perform segmentation and save results to files:
Mask_OLR,Features_OLR=tobac.themes.tobac_v1.segmentation(Features,OLR,dxy,**parameters_segmentation)
print('segmentation OLR performed, start saving results to files')
Mask_OLR.to_netcdf(os.path.join(savedir,'Mask_Segmentation_OLR.nc'))
Features_OLR.to_netcdf(os.path.join(savedir,'Features_OLR.nc'))
print('segmentation OLR performed and saved')













<xarray.DataArray 'olr' (time: 54, lat: 131, lon: 184)>
array([[[306.847749, 306.847749, ..., 263.987914, 279.675285],
        [306.847749, 306.847749, ..., 284.331736, 285.586608],
        ...,
        [290.318092, 290.318092, ..., 294.654012, 294.654012],
        [290.318092, 290.318092, ..., 294.654012, 297.020815]],

       [[306.847749, 304.470854, ..., 272.836495, 272.836495],
        [304.470854, 304.470854, ..., 281.993749, 285.586608],
        ...,
        [290.318092, 290.318092, ..., 297.020815, 294.654012],
        [290.318092, 290.318092, ..., 297.020815, 294.654012]],

       ...,

       [[305.300037, 305.300037, ..., 294.250334, 294.250334],
        [306.847749, 306.847749, ..., 294.250334, 294.250334],
        ...,
        [261.385907, 248.390063, ..., 290.903128, 288.574062],
        [258.106908, 258.106908, ..., 290.903128, 288.574062]],

       [[306.847749, 306.847749, ..., 294.250334, 294.250334],
        [306.847749, 306.847749, ..., 294.250334, 294.250334],
        ...,
        [260.32182 , 254.87151 , ..., 290.903128, 288.574062],
        [258.106908, 255.910795, ..., 290.903128, 288.574062]]])
Coordinates:
  * time     (time) datetime64[ns] 2013-06-19T19:02:22 ... 2013-06-20T02:45:18
  * lat      (lat) float64 28.03 28.07 28.11 28.15 ... 32.88 32.92 32.96 32.99
  * lon      (lon) float64 -94.99 -94.95 -94.91 -94.87 ... -88.08 -88.04 -88.01
Attributes:
    long_name:  OLR
    units:      W m^-2
segmentation OLR performed, start saving results to files
segmentation OLR performed and saved







Trajectory linking:

The detected features are linked into cloud trajectories using the trackpy library (http://soft-matter.github.io/trackpy). This takes the feature positions determined in the feature detection step into account but does not include information on the shape of the identified objects.




[19]:





# keyword arguments for linking step
parameters_linking={}
parameters_linking['v_max']=20
parameters_linking['stubs']=2
parameters_linking['order']=1
parameters_linking['extrapolate']=1
parameters_linking['memory']=0
parameters_linking['adaptive_stop']=0.2
parameters_linking['adaptive_step']=0.95
parameters_linking['subnetwork_size']=100
parameters_linking['method_linking']= 'predict'








[20]:





# Perform linking and save results to file:
Track=tobac.themes.tobac_v1.linking_trackpy(Features,OLR,dt=dt,dxy=dxy,**parameters_linking)
Track.to_netcdf(os.path.join(savedir,'Track.nc'))













Frame 53: 19 trajectories present.






Visualisation:


[19]:





# Set extent of maps created in the following cells:
axis_extent=[-95,-89,28,32]








[20]:





# Plot map with all individual tracks:
import cartopy.crs as ccrs
fig_map,ax_map=plt.subplots(figsize=(10,10),subplot_kw={'projection': ccrs.PlateCarree()})
ax_map=tobac.plot.map_tracks(Track,axis_extent=axis_extent,axes=ax_map)








[21]:





# Create animation of tracked clouds and outlines with OLR as a background field
animation_test_tobac=tobac.plot.animation_mask_field(Track,Features,OLR,Mask_OLR,
                                          axis_extent=axis_extent,#figsize=figsize,orientation_colorbar='horizontal',pad_colorbar=0.2,
                                          vmin=80,vmax=330,cmap='Blues_r',
                                          plot_outline=True,plot_marker=True,marker_track='x',plot_number=True,plot_features=True)








[23]:





# Display animation:
from IPython.display import HTML, Image, display
HTML(animation_test_tobac.to_html5_video())








[23]:
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tobac example: Tracking deep convection based on VIS from geostationary satellite retrievals

This example notebook demonstrates the use of tobac to track isolated deep convective clouds based on radiances within the VIS using channel 2 (red light - 600 nm) of the GOES-16 imaging instrument in 5-min resolution. The study area is loacted within the CONUS extent of the GOES-E for investigating the formation of deep convection over the Carribean, following the EUREC4A initiative (http://eurec4a.eu/).

The data used in this example is saved on the cloud of the Amazon Web Services, providing an efficient way of processing satellite data without facing the need of downloading the data.

In this example, the Cloud and Moisture Imagery data [https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C01502] (ABI-L2-CMIPC) data set is used for the cloud tracking. The product contains one or more Earth-view images with pixel values identifying brightness values that are scaled to support visual analysis. A resolution of 500 m in the VIS channels of the imager ensures a majority of features to be detectable. Also, the data includes quality information as
well as information on the solar zenith angle.

Further information on the 