

    
      
          
            
  
tobac - Tracking and Object-Based Analysis of Clouds

tobac is a Python package to rapidly identify, track and analyze clouds in different types of gridded datasets, such as 3D model output from cloud-resolving model simulations or 2D data from satellite retrievals.

The software is set up in a modular way to include different algorithms for feature identification, tracking, and analyses. tobac is also input variable agnostic and doesn’t rely on specific input variables, nor a specific grid to work.

Individual features are identified as either maxima or minima in a 2D or 3D time-varying field (see Feature Detection Basics). An associated volume can then be determined using these features with a separate (or identical) time-varying 2D or 3D field and a threshold value (see Segmentation). The identified objects are linked into consistent trajectories representing the cloud over its lifecycle in the tracking step. Analysis and visualization methods provide a convenient way to use and display the tracking results.

Version 1.2 of tobac and some example applications are described in a peer-reviewed article in Geoscientific Model Development as:

Heikenfeld, M., Marinescu, P. J., Christensen, M., Watson-Parris, D., Senf, F., van den Heever, S. C., and Stier, P.: tobac 1.2: towards a flexible framework for tracking and analysis of clouds in diverse datasets, Geosci. Model Dev., 12, 4551–4570, https://doi.org/10.5194/gmd-12-4551-2019, 2019.

Version 1.5 of tobac and the major enhancements that came with that version are currently under review in Geoscientific Model Development:

Sokolowsky, G. A., Freeman, S. W., Jones, W. K., Kukulies, J., Senf, F., Marinescu, P. J., Heikenfeld, M., Brunner, K. N., Bruning, E. C., Collis, S. M., Jackson, R. C., Leung, G. R., Pfeifer, N., Raut, B. A., Saleeby, S. M., Stier, P., and van den Heever, S. C.: tobac v1.5: Introducing Fast 3D Tracking, Splits and Mergers, and Other Enhancements for Identifying and Analysing Meteorological Phenomena, EGUsphere [preprint], https://doi.org/10.5194/egusphere-2023-1722, 2023.

The project is currently being extended by several contributors to include additional workflows and algorithms using the same structure, syntax, and data formats.
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Installation

tobac works with Python 3 installations.

The easiest way is to install the most recent version of tobac via conda or mamba and the conda-forge channel:

conda install -c conda-forge tobac or mamba install -c conda-forge tobac

This will take care of all necessary dependencies and should do the job for most users. It also allows for an easy update of the installation by

conda update -c conda-forge tobac mamba update -c conda-forge tobac

You can also install conda via pip, which is mainly interesting for development purposes or using specific development branches for the Github repository.

The following python packages are required (including dependencies of these packages):

numpy, scipy, scikit-image, pandas, pytables, matplotlib, iris, xarray, cartopy, trackpy

If you are using anaconda, the following command should make sure all dependencies are met and up to date:

conda install -c conda-forge -y numpy scipy scikit-image pandas pytables matplotlib iris xarray cartopy trackpy





You can directly install the package directly from github with pip and either of the two following commands:


pip install --upgrade git+ssh://git@github.com/tobac-project/tobac.git

pip install --upgrade git+https://github.com/tobac-project/tobac.git




You can also clone the package with any of the two following commands:


git clone git@github.com:tobac-project/tobac.git

git clone https://github.com/tobac-project/tobac.git




and install the package from the locally cloned version (The trailing slash is actually necessary):


pip install --upgrade tobac/







            

          

      

      

    

  

    
      
          
            
  
Data Input

Input data for tobac should consist of one or more fields on a common, regular grid with a time dimension and two or three spatial dimensions. The input data can also include latitude and longitude coordinates, either as 1-d or 2-d variables depending on the grid used.

Interoperability with xarray is provided by the convenient functions allowing for a transformation between the two data types.
xarray DataArays can be easily converted into iris cubes using xarray’s to_iris() [http://xarray.pydata.org/en/stable/generated/xarray.DataArray.to_iris.html] method, while the Iris cubes produced as output of tobac can be turned into xarray DataArrays using the from_iris() [http://xarray.pydata.org/en/stable/generated/xarray.DataArray.from_iris.html] method.

For the future development of the next major version of tobac (v2.0), we are moving the basic data structures from Iris cubes to xarray DataArrays for improved computing performance and interoperability with other open-source sorftware packages, including the Pangeo project (https://pangeo.io/).


3D Data

As of tobac version 1.5.0, 3D data are now fully supported for feature detection, tracking, and segmentation. Similar to how tobac requires some information on the horizontal grid spacing of the data (e.g., through the dxy parameter), some information on the vertical grid spacing is also required. This is documented in detail in the API docs, but briefly, users must specify either dz, where the grid has uniform grid spacing, or users must specify vertical_coord, where vertical_coord is the name of the coordinate representing the vertical, with the same units as dxy.



Data Output

The output of the different analysis steps in tobac are output as either pandas DataFrames in the case of one-dimensional data, such a lists of identified features or feature tracks or as Iris cubes in the case of 2D/3D/4D fields such as feature masks. Note that the dataframe output from tracking is a superset of the features dataframe.

For information on feature detection output, see Feature Detection Output.
For information on tracking output, see Tracking Output.

Note that in future versions of tobac, it is planned to combine both output data types into a single hierarchical data structure containing both spatial and object information. Additional information about the planned changes can be found in the v2.0-dev branch of the main tobac repository (https://github.com/tobac-project/tobac), as well as the tobac roadmap (https://github.com/tobac-project/tobac-roadmap.





            

          

      

      

    

  

    
      
          
            
  
Analysis

tobac provides several analysis functions that allow for the calculation of important quantities based on the tracking results. This includes the calculation of properties such as feature lifetimes and feature areas/volumes, but also allows for a convenient calculation of statistics for arbitrary fields of the same shape as as the input data used for the tracking analysis.




            

          

      

      

    

  

    
      
          
            
  
Plotting

tobac provides functions to conveniently visualise the tracking results and analyses.




            

          

      

      

    

  

    
      
          
            
  
Handling Large Datasets

Often, one desires to use tobac to identify and track features in large datasets (“big data”). This documentation strives to suggest various methods for doing so efficiently. Current versions of tobac do not allow for out-of-memory computation, meaning that these strategies may need to be employed for both computational and memory reasons.


Split Feature Detection

Current versions of threshold feature detection (see Feature Detection Basics) are time independent, meaning that one can parallelize feature detection across all times (although not across space). tobac provides the tobac.utils.combine_tobac_feats() function to combine a list of dataframes produced by a parallelization method (such as jug or multiprocessing.pool) into a single combined dataframe suitable to perform tracking with.





            

          

      

      

    

  

    
      
          
            
  
Example Gallery

tobac is provided with a set of Jupyter notebooks that show examples of the application of tobac for different types of datasets.


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

    

    

    

    
 
  

    
      
          
            
  
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
print('using tobac version', str(tobac.__version__))

# we add testing here to create test dataset (typically not needed in standard applications)
import tobac.testing













using tobac version 1.5.3






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(data_type="xarray")
test_data








[4]:





















<xarray.DataArray 'w' (time: 100, y: 50, x: 100)> Size: 4MB
[500000 values with dtype=float64]
Coordinates:
  * time       (time) datetime64[ns] 800B 2000-01-01T12:00:00 ... 2000-01-01T...
  * y          (y) float64 400B 0.0 1e+03 2e+03 ... 4.7e+04 4.8e+04 4.9e+04
  * x          (x) float64 800B 0.0 1e+03 2e+03 ... 9.7e+04 9.8e+04 9.9e+04
    latitude   (y, x) float64 40kB ...
    longitude  (y, x) float64 40kB ...
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)













/var/folders/40/kfr98p0j7n30fjp2n4ljjqbh0000gr/T/ipykernel_50349/1703872627.py:30: UserWarning: Converting non-nanosecond precision datetime values to nanosecond precision. This behavior can eventually be relaxed in xarray, as it is an artifact from pandas which is now beginning to support non-nanosecond precision values. This warning is caused by passing non-nanosecond np.datetime64 or np.timedelta64 values to the DataArray or Variable constructor; it can be silenced by converting the values to nanosecond precision ahead of time.
  data = xr.DataArray(data=array, dims=dims, coords=coords, attrs=attributes)






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 0x13a7ad010>
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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.get_spacings(data, grid_spacing=spacing)
features = tobac.feature_detection_multithreshold(data, dxy, threshold=0.99)








[9]:





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








[9]:







<Axes: xlabel='hdim_1', ylabel='hdim_2'>












<Figure size 1000x600 with 0 Axes>
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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.feature_detection_multithreshold(data, dxy, threshold=0.3)








[11]:





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








[11]:







<Axes: xlabel='hdim_1', ylabel='hdim_2'>












<Figure size 1000x600 with 0 Axes>
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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.feature_detection_multithreshold(data, dxy, threshold=0.8)








[13]:





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








[13]:







<Axes: xlabel='hdim_1', ylabel='hdim_2'>












<Figure size 1000x600 with 0 Axes>
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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.linking_trackpy(
    features, data, dt, dxy, v_max=v_max, method_linking="random"
)

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













Frame 19: 2 trajectories present.







[15]:





track_1








[15]:
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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 matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")

import warnings

warnings.filterwarnings("ignore")








[2]:





import tobac
import tobac.testing








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:


[3]:





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







Let us have a look at frame number 50:


[4]:





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/examples4doc_Basics_Methods-and-Parameters-for-Feature-Detection_Part_1_8_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:


[5]:





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".


[6]:





%%capture

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

features = tobac.feature_detection_multithreshold(
    data, dxy, thresholds, target="maximum"
)
features_inv = tobac.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:


[7]:





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")








[7]:







Text(0, 0.5, 'threshold')
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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:


[8]:





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(shrink=0.8)








[8]:







<matplotlib.colorbar.Colorbar at 0x1377ed290>
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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:


[9]:





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








[9]:





















<xarray.DataArray (time: 1, y: 50, x: 50)> Size: 20kB
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] 8B 2022-04-01
  * y        (y) float64 400B -2.0 -1.918 -1.837 -1.755 ... 1.837 1.918 2.0
  * x        (x) float64 400B -2.0 -1.918 -1.837 -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 matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")


import warnings

warnings.filterwarnings("ignore")








[2]:





import tobac
import tobac.testing








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:


[3]:





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


[4]:





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:


[5]:





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)








[5]:







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:


[6]:





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








[7]:





features["num"][0]








[7]:







332







[8]:





mask.sum()








[8]:







332







[9]:





features_eroded["num"][0]








[9]:







188







[10]:





mask_er.sum()








[10]:







188







[11]:





features_eroded_more["num"][0]








[11]:







57







[12]:





mask_er_more.sum()








[12]:







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.


[13]:





data = tobac.testing.make_sample_data_2D_3blobs(data_type="xarray")

plt.figure(figsize=(8, 8))
plt.imshow(data[50])
plt.show()
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[14]:





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








[15]:





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








[15]:







60    501.0
61     30.0
62    325.0
Name: num, dtype: float64






Obviously, the feature with only 30 datapoints is the rightmost feature that has almost left the imaging area. If we now use an n_min-threshold above or equal to 30, we will not detect this small feature:


[16]:





%%capture
features = tobac.feature_detection_multithreshold(
    data, dxy, threshold, n_min_threshold=30
)








[17]:





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








[17]:







60    501.0
61    325.0
Name: num, dtype: float64






Noisy data can be cleaned using this method by ignoring smaller features of no significance or, as here, features that leave the detection range.



Minimum Object Pair Distance min_distance

Another way of getting rid of this specific feature is the min_distance parameter. It sets a minimal distance of our features. Lets detect the features as before:


[18]:





%%capture

data = tobac.testing.make_sample_data_2D_3blobs(data_type="xarray")

threshold = 9
dxy, dt = tobac.utils.get_spacings(data)
features = tobac.feature_detection_multithreshold(data, dxy, threshold)







A quick look at frame 50 tells us the found features and their indices:


[19]:





n = 50
mask = features["frame"] == n
features_frame = features.where(mask).dropna()
features_frame.index.values








[19]:







array([60, 61, 62])






Notice that to_dataframe() was used to convert the Dataset to a pandas dataframe, which is required to use the calculate_distance function of the analysis module. The distances bewteen our features are:


[20]:





tobac.analysis.calculate_distance(
    features_frame.loc[60], features_frame.loc[61], method_distance="xy"
)








[20]:







77307.67873610597







[21]:





tobac.analysis.calculate_distance(
    features_frame.loc[62], features_frame.loc[61], method_distance="xy"
)








[21]:







64289.48419281164







[22]:





tobac.analysis.calculate_distance(
    features_frame.loc[62], features_frame.loc[60], method_distance="xy"
)








[22]:







101607.57596570993






With this knowledge we can set reasonable values for min_distance to exclude the small feature:


[23]:





min_distance = 70000







and perform the feature detection as usual:


[24]:





%%capture

data = tobac.testing.make_sample_data_2D_3blobs(data_type="xarray")

thresholds = [10]
dxy, dt = tobac.utils.get_spacings(data)
features = tobac.feature_detection_multithreshold(
    data, dxy, thresholds, min_distance=min_distance
)

n = 50
mask = features["frame"] == n







Plotting the result shows us that we now exclude the expected feature.


[25]:





fig, ax1 = plt.subplots(ncols=1, figsize=(8, 8))
ax1.imshow(data.data[50], cmap="Greys")

im1 = ax1.scatter(
    features.where(mask)["hdim_2"], features.where(mask)["hdim_1"], color="red"
)
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If the features have the same threshold, tobac keeps the feature with the larger area. Otherwise the feature with the higher treshold is kept.
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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 matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")

import warnings

warnings.filterwarnings("ignore")








[2]:





import tobac
import tobac.testing








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:


[3]:





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

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








[3]:







<matplotlib.collections.QuadMesh at 0x13d3275d0>
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[4]:





%%capture
thresholds = [9, 14, 17]
features = tobac.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.


[5]:





mask, features_mask = tobac.segmentation_2D(features, data, dxy, threshold=9)







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:


[6]:





features_mask["ncells"][1]








[6]:







67.0






Notice that this number can be deviate from the num-value, because watershedding works differently from just detecting the values exceeeding the threshold. For example, for the second feature ncells contains one additional datapoint compared to the original feature detection:


[7]:





features_mask["num"][1]








[7]:







66






The created segments can be visualized with a contour plot of tha mask:


[8]:





plt.figure(figsize=(6, 9))
data.isel(time=50).plot(x="x", y="y")
mask.isel(time=50).plot.contour(levels=[0.5], x="x", y="y", colors="k")
plt.title("Created segments")








[8]:







Text(0.5, 1.0, 'Created segments')
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Different Thresholds

It is important to highlight that (in contrast to the feature detection), segmentation is only possible with single threshold values. Because of that, we have to call the function multiple times with different threshold values to explore the influence of this argument:


[9]:





%%capture
mask_1, features_mask_1 = tobac.segmentation_2D(features, data, dxy, threshold=9)
mask_2, features_mask_2 = tobac.segmentation_2D(features, data, dxy, threshold=14)
mask_3, features_mask_3 = tobac.segmentation_2D(features, data, dxy, threshold=17)







To visualize the segments we can use contour-plots of the masks:


[10]:





thresholds = [9, 14, 17]
masks = [mask_1, mask_2, mask_3]
colors = ["w", "r", "b"]

fig, ax = plt.subplots(ncols=1, figsize=(6, 9))
data.isel(time=50).plot(ax=ax, x="x", y="y")

for n, mask, color in zip(thresholds, masks, colors):
    contour = mask.isel(time=50).plot.contour(levels=[n], x="x", y="y", colors=color)
    ax.clabel(contour, inline=True, fontsize=10)

ax.set_title("Segments for different threshold values")








[10]:







Text(0.5, 1.0, 'Segments for different threshold values')
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Obviously, a lower threshold value prodcuces a larger segment and if a feature does not exceed the value at all, no segment is associated.



Choosing Method and Target

The segmentation uses certain techniques to associate areas or volumes to each identified feature. Watershedding [https://en.wikipedia.org/wiki/Watershed_(image_processing)] is the default and the only implemented option at the moment, but in future realeases the method will be selected by the method-keyword:


[11]:





%%capture
mask_1, features_mask_1 = tobac.segmentation_2D(
    features, data, dxy, threshold=9, method="watershed"
)







Analogous to the feature detection, it is also possible to apply the segmentation to minima by changing the target keyword:


[12]:





%%capture

data = -tobac.testing.make_sample_data_2D_3blobs_inv(data_type="xarray")
dxy, dt = tobac.utils.get_spacings(data)
thresholds = [-9, -14, -17]
features = tobac.feature_detection_multithreshold(
    data, dxy, thresholds, target="minimum"
)

mask_1, features_mask_1 = tobac.segmentation_2D(
    features, data, dxy, threshold=-9, target="minimum"
)
mask_2, features_mask_2 = tobac.segmentation_2D(
    features, data, dxy, threshold=-14, target="minimum"
)
mask_3, features_mask_3 = tobac.segmentation_2D(
    features, data, dxy, threshold=-17, target="minimum"
)








[13]:





masks = [mask_1, mask_2, mask_3]
colors = ["r", "b", "w"]
thresholds = [-9, -14, -17]

fig, ax = plt.subplots(ncols=1, figsize=(6, 9))
data.isel(time=50).plot(ax=ax, x="x", y="y")

for n, mask, color in zip(thresholds, masks, colors):
    contour = (
        (n * mask).isel(time=50).plot.contour(levels=[n], colors=color, x="x", y="y")
    )
    ax.clabel(contour, inline=True, fontsize=10)

ax.set_title("Segments for different threshold values")








[13]:







Text(0.5, 1.0, 'Segments for different threshold values')
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Setting a maximum Distance

Another way of determining the size of our segments is the max_distance-parameter. It defines a maximum distance the segment can have from the coordinates of feature (in meters). This enables us, for example, to ensure that the segments of different features do not touch each other when we use a very low threshold value:


[14]:





%%capture

data = tobac.testing.make_sample_data_2D_3blobs_inv(data_type="xarray")
dxy, dt = tobac.utils.get_spacings(data)
thresh = 0.1

features = tobac.feature_detection_multithreshold(data, dxy, threshold=3)
mask_0, features_0 = tobac.segmentation_2D(features, data, dxy, threshold=thresh)







As you can see the threshold value was set to a value of 0.1. The result is that the segments of the two upper features will touch:


[15]:





fig, ax = plt.subplots(figsize=(6, 9))
data.isel(time=50).plot(ax=ax, x="x", y="y")
mask_0.isel(time=50).plot.contour(levels=[0.5], ax=ax, colors="r", x="x", y="y")
ax.set_title("Segments without maximum Distance")








[15]:







Text(0.5, 1.0, 'Segments without maximum Distance')
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We can prevent this from happening by using the max_distance parameter to specify a maximum distance the border of the segment can have from the feature in meter:


[16]:





%%capture

mask_1, features_mask_1 = tobac.segmentation_2D(
    features, data, dxy, threshold=thresh, max_distance=40000
)
mask_2, features_mask_2 = tobac.segmentation_2D(
    features, data, dxy, threshold=thresh, max_distance=20000
)
mask_3, features_mask_3 = tobac.segmentation_2D(
    features, data, dxy, threshold=thresh, max_distance=5000
)








[17]:





masks = [mask_1, mask_2, mask_3]
colors = ["w", "r", "k"]
distances = [4e4, 2e4, 5e3]

fig, ax = plt.subplots(ncols=1, figsize=(6, 9))
data.isel(time=50).plot(ax=ax, x="x", y="y")

for n, mask, color in zip(distances, masks, colors):
    contour = (
        (n * mask).isel(time=50).plot.contour(levels=[n], colors=color, x="x", y="y")
    )
    ax.clabel(contour, inline=True, fontsize=10)

ax.set_title("Segments for different maximum distances")








[17]:







Text(0.5, 1.0, 'Segments for different maximum distances')
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Handling 3d-Data

The remaining parameters level and vertical_coord are useful only for the segemtation of 3-dimensional inputs and will be covered in the notebook for 3d-data (TBD).
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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 matplotlib.pyplot as plt
import numpy as np
import xarray as xr

%matplotlib inline

import seaborn as sns

sns.set_context("talk")


import warnings

warnings.filterwarnings("ignore")








[2]:





import tobac
import tobac.testing








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:


[3]:





%%capture

data = tobac.testing.make_sample_data_2D_3blobs_inv(data_type="xarray")
dxy, dt = tobac.utils.get_spacings(data)
features = tobac.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:


[4]:





track = tobac.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.


[5]:





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








[5]:







<matplotlib.collections.QuadMesh at 0x1351a7050>
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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.


[6]:





track[["cell", "time_cell"]][:20]








[6]:
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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).


[1]:





# Import libraries:
import iris
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import iris.plot as iplt
import iris.quickplot as qplt
import shutil
from six.moves import urllib
from pathlib import Path
%matplotlib inline








[2]:





# Import tobac itself:
import tobac
print('using tobac version', str(tobac.__version__))













using tobac version 1.5.3







[3]:





# 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.




[4]:





data_out=Path('../')








[5]:





# Download the data: This only has to be done once for all tobac examples and can take a while
data_file = list(data_out.rglob('data/Example_input_OLR_satellite.nc'))
if len(data_file) == 0:
    file_path='https://zenodo.org/records/3195910/files/climate-processes/tobac_example_data-v1.0.1.zip'
    #file_path='http://zenodo..'
    tempfile=Path('temp.zip')
    print('start downloading data')
    request=urllib.request.urlretrieve(file_path, tempfile)
    print('start extracting data')
    shutil.unpack_archive(tempfile, data_out)
    tempfile.unlink()
    print('data extracted')
    data_file = list(data_out.rglob('data/Example_input_OLR_satellite.nc'))







Load data:


[6]:





# Load Data from downloaded file:
OLR=iris.load_cube(str(data_file[0]),'OLR')








[7]:





# 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'








[8]:





#Set up directory to save output and plots:
savedir=Path("Save")
if not savedir.is_dir():
    savedir.mkdir()
plot_dir=Path("Plot")
if not plot_dir.is_dir():
    plot_dir.mkdir()








Feature identification:

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




[9]:





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








[10]:





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








[11]:





# Feature detection and save results to file:
print('starting feature detection')
Features=tobac.feature_detection_multithreshold(OLR,dxy,**parameters_features)
Features.to_hdf(savedir / 'Features.h5','table')
print('feature detection performed and saved')














starting feature detection












feature detection performed and saved







Segmentation:

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




[12]:





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








[13]:





# Perform segmentation and save results to files:
Mask_OLR,Features_OLR=tobac.segmentation_2D(Features,OLR,dxy,**parameters_segmentation)
print('segmentation OLR performed, start saving results to files')
iris.save([Mask_OLR], savedir / 'Mask_Segmentation_OLR.nc', zlib=True, complevel=4)
Features_OLR.to_hdf(savedir / 'Features_OLR.h5', 'table')
print('segmentation OLR performed and saved')













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.




[14]:





# keyword arguments for linking step
parameters_linking={}
parameters_linking['v_max']=20
parameters_linking['stubs']=2
parameters_linking['order']=1
parameters_linking['extrapolate']=0
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'








[15]:





# Perform linking and save results to file:
Track=tobac.linking_trackpy(Features,OLR,dt=dt,dxy=dxy,**parameters_linking)
Track.to_hdf(savedir / 'Track.h5','table')













Frame 53: 11 trajectories present.






Visualisation:


[16]:





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








[17]:





# 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.map_tracks(Track,axis_extent=axis_extent,axes=ax_map)
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[18]:





# Create animation of tracked clouds and outlines with OLR as a background field
animation_test_tobac=tobac.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)








[19]:





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








[19]:
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Track on Radar data, Segment on satellite data

This notebooks shows: - how to input NEXRAD radar data and GOES satellite data from Amazon cloud service and prepare it for use in tobac - how to identify features on one data type (3D radar data) and to connect another data type (satellite data) to these features via segmentation

This is an idealized show case that ignores potential data mismatches, in our case the mismatch due to parallax effects.


Library Imports

Note: In addition to the normaltobac* requirements, this tutorial also requires that Py-ART and s3fs are installed.*


[1]:





# Import libraries:
import pyart
import xarray as xr
import s3fs
import numpy as np
import datetime
import matplotlib.pyplot as plt
import cartopy.crs as ccrs
from matplotlib.pyplot import cm as cmaps
import pandas as pd
from pathlib import Path
import iris
from pyproj import Proj, Geod

%matplotlib inline














## You are using the Python ARM Radar Toolkit (Py-ART), an open source
## library for working with weather radar data. Py-ART is partly
## supported by the U.S. Department of Energy as part of the Atmospheric
## Radiation Measurement (ARM) Climate Research Facility, an Office of
## Science user facility.
##
## If you use this software to prepare a publication, please cite:
##
##     JJ Helmus and SM Collis, JORS 2016, doi: 10.5334/jors.119








[2]:





# 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)








[3]:





# Import tobac itself:
import tobac
import tobac.utils

print("using tobac version", str(tobac.__version__))













using tobac version 1.5.3








Data Input and Preparations


Reading radar data and satellite data from Amazon S3


[4]:





# read in radar data
radar = pyart.io.read_nexrad_archive(
    "s3://noaa-nexrad-level2/2021/05/26/KGLD/KGLD20210526_155623_V06"
)








[5]:





# read in satellite data
fs = s3fs.S3FileSystem(anon=True)
aws_url = "s3://noaa-goes16/ABI-L2-MCMIPC/2021/146/15/OR_ABI-L2-MCMIPC-M6_G16_s20211461556154_e20211461558539_c20211461559030.nc"

goes_data = xr.open_dataset(fs.open(aws_url), engine="h5netcdf")








[6]:





#Set up directory to save output and plots:
savedir=Path("Save")
if not savedir.is_dir():
    savedir.mkdir()
plot_dir=Path("Plot")
if not plot_dir.is_dir():
    plot_dir.mkdir()









Preparing GOES satellite data

In the next steps, we - calculate longitude and latitude values using geostationary satellite projection - construct a GOES dataset with lon/lat as coordinates - finally, convert the dataset into an Iris Cube (which is taken as tobac input)


[7]:





"""
Because the GOES data comes in without latitude/longitude values, we need to calculate those.
"""


def lat_lon_reproj(g16nc):
    # GOES-R projection info and retrieving relevant constants
    proj_info = g16nc["goes_imager_projection"]
    lon_origin = proj_info.attrs["longitude_of_projection_origin"]
    H = proj_info.attrs["perspective_point_height"] + proj_info.attrs["semi_major_axis"]
    r_eq = proj_info.attrs["semi_major_axis"]
    r_pol = proj_info.attrs["semi_minor_axis"]

    # grid info
    lat_rad_1d = g16nc.variables["x"][:]
    lon_rad_1d = g16nc.variables["y"][:]

    # create meshgrid filled with radian angles
    lat_rad, lon_rad = np.meshgrid(lat_rad_1d, lon_rad_1d)

    # lat/lon calc routine from satellite radian angle vectors

    lambda_0 = (lon_origin * np.pi) / 180.0

    a_var = np.power(np.sin(lat_rad), 2.0) + (
        np.power(np.cos(lat_rad), 2.0)
        * (
            np.power(np.cos(lon_rad), 2.0)
            + (((r_eq * r_eq) / (r_pol * r_pol)) * np.power(np.sin(lon_rad), 2.0))
        )
    )
    b_var = -2.0 * H * np.cos(lat_rad) * np.cos(lon_rad)
    c_var = (H**2.0) - (r_eq**2.0)

    r_s = (-1.0 * b_var - np.sqrt((b_var**2) - (4.0 * a_var * c_var))) / (2.0 * a_var)

    s_x = r_s * np.cos(lat_rad) * np.cos(lon_rad)
    s_y = -r_s * np.sin(lat_rad)
    s_z = r_s * np.cos(lat_rad) * np.sin(lon_rad)

    lat = (180.0 / np.pi) * (
        np.arctan(
            ((r_eq * r_eq) / (r_pol * r_pol))
            * ((s_z / np.sqrt(((H - s_x) * (H - s_x)) + (s_y * s_y))))
        )
    )
    lon = (lambda_0 - np.arctan(s_y / (H - s_x))) * (180.0 / np.pi)

    return lon, lat








[8]:





llons, llats = lat_lon_reproj(goes_data)

full_goes_data = goes_data["CMI_C14"].values
in_goes_for_tobac = xr.Dataset(
    data_vars={
        "C14_brightness_temperature": (
            ("time", "Y", "X"),
            [full_goes_data],
        )
    },
    coords={
        "time": [goes_data["time_bounds"][0].values],
        "longitude": (["Y", "X"], llons),
        "latitude": (["Y", "X"], llats),
    },
)








[9]:





def enhanced_colormap(vmin=200.0, vmed=240.0, vmax=300.0):
    '''
    Creates enhanced colormap typical of IR BTs.
    '''
    nfull = 256

    ngray = int(nfull * (vmax - vmed) / (vmax - vmin))
    ncol = nfull - ngray

    colors1 = plt.cm.gray_r(np.linspace(0.0, 1.0, ngray))
    colors2 = plt.cm.Spectral(np.linspace(0., 0.95, ncol))

    # combine them and build a new colormap
    colors = np.vstack((colors2, colors1))
    mymap = plt.matplotlib.colors.LinearSegmentedColormap.from_list(
        "enhanced_colormap", colors
    )

    return mymap








[10]:





in_goes_for_tobac["C14_brightness_temperature"].plot(
    yincrease=False, vmin=200, vmax=300.0, cmap=enhanced_colormap(), figsize=(12, 8)
)








[10]:







<matplotlib.collections.QuadMesh at 0x13c0c8bd0>
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[11]:





goes_array_iris = in_goes_for_tobac["C14_brightness_temperature"].to_iris()









Preparing Radar Data

In the next steps, we - map radar data onto a regular grid - construct a 3D radar dataset and add longitude, latitude and altitude as coordinates - finally, convert the dataset into an Iris Cube (which is taken as tobac input)


[12]:





# First, we need to grid the input radar data.
radar_grid_pyart = pyart.map.grid_from_radars(
    radar,
    grid_shape=(41, 401, 401),
    grid_limits=(
        (
            0.0,
            20000,
        ),
        (-200000.0, 200000.0),
        (-200000, 200000.0),
    ),
)








[13]:





# In Py-ART's graphing suite, there is a display class similar to RadarMapDisplay,
# but for grids. To plot the grid:
fig = plt.figure(figsize=[12, 8])
plt.axis("off")

display = pyart.graph.GridMapDisplay(radar_grid_pyart)
display.plot_grid("reflectivity", level=3, vmin=0, vmax=60, fig=fig)
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[14]:





radar_xarray_grid = radar_grid_pyart.to_xarray()








[15]:





radar_xr_grid_full = radar_xarray_grid["reflectivity"][:, 4]
radar_xr_grid_full["z"] = radar_xr_grid_full.z.assign_attrs(
    {"standard_name": "altitude"}
)
radar_xr_grid_full["lat"] = radar_xr_grid_full.lat.assign_attrs(
    {"standard_name": "latitude"}
)
radar_xr_grid_full["lon"] = radar_xr_grid_full.lon.assign_attrs(
    {"standard_name": "longitude"}
)








[16]:





radar_grid_iris = radar_xr_grid_full.to_iris()









Combined Plot


[17]:





# first we cut satellite data a little bit
rlon_min, rlon_max = radar_xarray_grid.lon.min().data, radar_xarray_grid.lon.max().data
rlat_min, rlat_max = radar_xarray_grid.lat.min().data, radar_xarray_grid.lat.max().data

lon_mask = (llons >= rlon_min) & (llons <= rlon_max)
lat_mask = (llats >= rlat_min) & (llats <= rlat_max)
mask = lon_mask & lat_mask


goes_cutted = (
    in_goes_for_tobac.where(mask).dropna("X", how="all").dropna("Y", how="all")
)








[18]:





Zmax = radar_xarray_grid['reflectivity'].max('z').squeeze()








[19]:





goes_cutted["C14_brightness_temperature"].plot(
    x="longitude", y="latitude", cmap=enhanced_colormap(), figsize=(16, 8)
)

Zmax.where(Zmax > 34).plot.contourf(
    x="lon",
    y="lat",
    cmap=plt.cm.Purples,
    levels=[35, 45, 56],
    alpha=0.5,
)

Zmax.where(Zmax > 20).plot.contour(
    x="lon", y="lat", colors="k", levels=[35, 45, 56], linewidths=2
)

plt.xlim(rlon_min, rlon_max)
plt.ylim(rlat_min, rlat_max)








[19]:







(37.54600438517133, 41.16558741816462)
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Tobac Cloud Tracking


Feature detection

We use multiple thresholds to detect features in the radar data.


[20]:





feature_detection_params = dict()
feature_detection_params["threshold"] = [30, 40, 50]
feature_detection_params["target"] = "maximum"
feature_detection_params["position_threshold"] = "weighted_diff"
feature_detection_params["n_erosion_threshold"] = 2
feature_detection_params["sigma_threshold"] = 1
feature_detection_params["n_min_threshold"] = 4








[21]:





# Perform feature detection:
print('starting feature detection')
radar_features = tobac.feature_detection.feature_detection_multithreshold(
    radar_grid_iris, 0, **feature_detection_params
)
radar_features.to_hdf(savedir / 'Features.h5', 'table')
print('feature detection performed and saved')













starting feature detection












feature detection performed and saved







[22]:





radar_features








[22]:
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tobac example: Tracking of deep convection based on OLR from convection permitting model simulations

This example notebook demonstrates the use of tobac to track deep convection based on the outgoing longwave radiation (OLR) from convection permitting simulations.

The simulation results used in this example were performed as part of the ACPC deep convection intercomparison case study (http://acpcinitiative.org/Docs/ACPC_DCC_Roadmap_171019.pdf) with WRF using the Morrison microphysics scheme. Simulations were performed with a horizontal grid spacing of 4.5 km.

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).

Import libraries:


[1]:





# Import a range of python libraries used in this notebook:
import iris
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import iris.plot as iplt
import iris.quickplot as qplt
import shutil
import datetime
from six.moves import urllib
from pathlib import Path
%matplotlib inline








[2]:





# Import tobac itself:
import tobac
print('using tobac version', str(tobac.__version__))













using tobac version 1.5.3







[3]:





# 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:

The actual download is only necessary once for all example notebooks.




[4]:





data_out=Path('../')








[5]:





# Download the data: This only has to be done once for all tobac examples and can take a while
data_file = list(data_out.rglob('data/Example_input_OLR_model.nc'))
if len(data_file) == 0:
    file_path='https://zenodo.org/records/3195910/files/climate-processes/tobac_example_data-v1.0.1.zip'
    #file_path='http://zenodo..'
    tempfile=Path('temp.zip')
    print('start downloading data')
    request=urllib.request.urlretrieve(file_path, tempfile)
    print('start extracting data')
    shutil.unpack_archive(tempfile, data_out)
    tempfile.unlink()
    print('data extracted')
    data_file = list(data_out.rglob('data/Example_input_OLR_model.nc'))








[6]:





#Load Data from downloaded file:
OLR=iris.load_cube(str(data_file[0]),'OLR')








[7]:





#Set up directory to save output and plots:
savedir=Path("Save")
if not savedir.is_dir():
    savedir.mkdir()
plot_dir=Path("Plot")
if not plot_dir.is_dir():
    plot_dir.mkdir()








Feature detection:

Feature detection is performed based on OLR field and a set of thresholds.




[8]:





# Determine temporal and spatial sampling:
dxy,dt=tobac.get_spacings(OLR)








[9]:





# Dictionary containing keyword arguments for feature detection step (Keywords could also be given directly in the function call).
parameters_features={}
parameters_features['position_threshold']='weighted_diff'
parameters_features['sigma_threshold']=0.5
parameters_features['n_min_threshold']=4
parameters_features['target']='minimum'
parameters_features['threshold']=[250,225,200,175,150]








[10]:





# Perform feature detection:
print('starting feature detection')
Features=tobac.feature_detection_multithreshold(OLR,dxy, **parameters_features)
Features.to_hdf(savedir / 'Features.h5', 'table')
print('feature detection performed and saved')













starting feature detection












feature detection performed and saved







Segmentation:

Segmentation is performed with watershedding based on the detected features and a single threshold value.




[11]:





# Dictionary containing keyword options for the segmentation step:
parameters_segmentation={}
parameters_segmentation['target']='minimum'
parameters_segmentation['method']='watershed'
parameters_segmentation['threshold']=250








[12]:





# Perform segmentation and save results:
print('Starting segmentation based on OLR.')
Mask_OLR,Features_OLR=tobac.segmentation_2D(Features,OLR,dxy,**parameters_segmentation)
print('segmentation OLR performed, start saving results to files')
iris.save([Mask_OLR], savedir / 'Mask_Segmentation_OLR.nc', zlib=True, complevel=4)
Features_OLR.to_hdf(savedir / 'Features_OLR.h5', 'table')
print('segmentation OLR performed and saved')













Starting segmentation based on OLR.












segmentation OLR performed, start saving results to files
segmentation OLR performed and saved







Trajectory linking:

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.**




[13]:





# Arguments for trajectory linking:
parameters_linking={}
parameters_linking['v_max']=20
parameters_linking['stubs']=2
parameters_linking['order']=1
parameters_linking['extrapolate']=0
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'








[14]:





# Perform linking and save results to file:
Track=tobac.linking_trackpy(Features, OLR, dt=dt, dxy=dxy, **parameters_linking)
Track.to_hdf(savedir / 'Track.h5', 'table')













Frame 95: 12 trajectories present.






Visualisation:


[15]:





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








[16]:





# 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.map_tracks(Track, axis_extent=axis_extent,  axes=ax_map)












[image: ../../_images/examples4doc_Example_OLR_Tracking_model_Example_OLR_Tracking_model_22_0.png]





[17]:





# Create animation of tracked clouds and outlines with OLR as a background field
animation_test_tobac=tobac.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,
                                          plot_outline=True,plot_marker=True,marker_track='x',plot_number=True,plot_features=True)








[18]:





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








[18]:
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tobac example: Tracking of precipitation features

This example notebook demonstrates the use of tobac to track precipitation features from isolated deep convective clouds.

The simulation results used in this example were performed as part of the ACPC deep convection intercomparison case study (http://acpcinitiative.org/Docs/ACPC_DCC_Roadmap_171019.pdf) with WRF using the Morrison microphysics scheme.

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).

Import necessary python libraries:


[1]:





# Import libraries
import iris
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import iris.plot as iplt
import iris.quickplot as qplt
import datetime
import shutil
from six.moves import urllib
from pathlib import Path
%matplotlib inline








[2]:





# Import tobac itself
import tobac
print('using tobac version', str(tobac.__version__))













using tobac version 1.5.3







[3]:





# 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:

Actual download has to be performed only once for all example notebooks!


[4]:





data_out=Path('../')








[5]:





# Download the data: This only has to be done once for all tobac examples and can take a while
data_file = list(data_out.rglob('data/Example_input_Precip.nc'))
if len(data_file) == 0:
    file_path='https://zenodo.org/records/3195910/files/climate-processes/tobac