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Getting Started


Kikuchi Diffraction Methods in the SEM

EBSD Pattern:

[image: EBSD pattern Si 15kV]

ECP:

[image: ECP pattern GaP110 20kV]

Literature:


	
	Reimer *Scanning Electron Microscopy Physics of Image Formation and Microanalysis* [https://doi.org/10.1007/978-3-540-38967-5], Springer Verlag, 1998














          

      

      

    

  

    
      
          
            
  


Data Acquisition



	Tools for HDF5
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Tools for HDF5



	Accessing CTF files with Python
	Importing and Plotting EBSD Data from CTF





	HDF5: Convert Directory of Images
	Loading the Images

	Test: Load the Pattern Data from the HDF5





	Conversion of Image Zip to HDF5
	Loading the Images

	Example: Loading the Pattern Data from the HDF5





	Filtering Raw Patterns in HDF5
	Save Processed Patterns in HDF5













          

      

      

    

  

    
      
          
            
  


Accessing CTF files with Python


[1]:






%matplotlib inline
import matplotlib.pyplot as plt
import numpy as np
from PIL import Image








Importing and Plotting EBSD Data from CTF

To access EBSD data in CTF files, we use the ebsdtools from Philippe Pinard at https://github.com/ppinard/ebsdtools

To read a CTF file, we need ebsdtools.hkl.tango.ctfFile, which we have updated for Python3 and saved as ctfFile3.py.


[2]:






from aloe.ext.ctfFile3 import Ctf








[3]:






filename="../data/ctf/GaN_polytype_mixing.ctf"
ctf = Ctf(filename)
mapdata = ctf.getPixelArray(key='bc', phase=('=', 1), bc=('>', 10))
print(np.array(mapdata))













[153 154 153 ..., 155 156 157]







[4]:






print(ctf.getPhases())













{1: {'id': 1, 'cell_length_a': 3.189, 'cell_length_b': 3.189, 'cell_length_c': 5.185, 'cell_angle_alpha': 90.0, 'cell_angle_beta': 90.0, 'cell_angle_gamma': 120.0, 'chemical_name_mineral': 'Ga N', 'symmetry_Int_Tables_number': 186, 'publ_author_name': 'Mod. Phys. Lett. B [MPLBET], (1999), vol. 13, pages 285-290'}, 2: {'id': 2, 'cell_length_a': 4.364, 'cell_length_b': 4.364, 'cell_length_c': 4.364, 'cell_angle_alpha': 90.0, 'cell_angle_beta': 90.0, 'cell_angle_gamma': 90.0, 'chemical_name_mineral': 'Ga N', 'symmetry_Int_Tables_number': 216, 'publ_author_name': 'ICSD[67781]'}}







[5]:






ctf_map_width=ctf.getWidth()
ctf_map_height=ctf.getHeight()
print(ctf_map_height, ctf_map_width)













172 196







[6]:






bc=np.array(ctf.getPixelArray(key='bc', phase=('=', 1), bc=('>', 10)))
plt.imshow(bc.reshape(ctf_map_height, ctf_map_width))
plt.show()












[image: ../_images/hdf5_ctf_python_7_0.png]





[7]:






mad=np.array(ctf.getPixelArray(key='mad'))
plt.imshow(mad.reshape(ctf_map_height, ctf_map_width))
plt.show()












[image: ../_images/hdf5_ctf_python_8_0.png]





[8]:






bs=np.array(ctf.getPixelArray(key='bs'))
plt.imshow(bs.reshape(ctf_map_height, ctf_map_width))
plt.show()












[image: ../_images/hdf5_ctf_python_9_0.png]










          

      

      

    

  

    
      
          
            
  


HDF5: Convert Directory of Images

In this notebook, we show how to load and save a set of images into a HDF5 file for subsequent processing.

Initialization Code


[7]:






%matplotlib inline
import sys
from PIL import Image

import matplotlib.pyplot as plt
import numpy as np
import h5py

from aloe.image.downsample import downsample
from aloe.plots import plot_image








Loading the Images

The patterns are assumed to be in a directory as separate files, from which we load them and save them into a HDF5 file.


[13]:






example_dir = "../../../xcdskd_example_data/GaN_Dislocations_1/Map_Patterns/"
image_dir = example_dir +"/Images/"
image_ext = ".tiff"
ctf_filename = example_dir+"Map Data 1.ctf"

#static background image
background_filename=example_dir+"StaticBackground.tiff"

output_dir = example_dir
HDF5FileName = output_dir +"GaN_Dislocations_1.hdf5"







No changes of filenames should be needed from here on.


[14]:






# get the infos directly form the related CTF file
from ctfFile3 import Ctf
ctf = Ctf(ctf_filename)








[15]:






ctf_map_width=ctf.getWidth()
ctf_map_height=ctf.getHeight()

ctf_size = ctf.getSize()
print(ctf_size)
print(ctf_map_height, ctf_map_width, ctf_map_height*ctf_map_width)

ctf_xstep = ctf.getXStep()
ctf_ystep = ctf.getYStep()
print(ctf_xstep, ctf_ystep)


ctf_xcells = ctf.getXCells()
ctf_ycells = ctf.getYCells()
print(ctf_xcells, ctf_ycells) # -> x is width and y is height













2600
50 52 2600
0.05 0.05
52 50







[16]:






# get image dimensions from first image
img_filename=image_dir+'0_0.tiff'
img = Image.open(img_filename)
print('pattern dims, mode, bytes:', img.size, img.mode, len(img.getdata()))
pattern_width, pattern_height = img.size
print("pattern width, pattern height: ", pattern_width, pattern_height)

img_arr=np.array(img)

plot_image(img_arr, cmap='magma')













pattern dims, mode, bytes: (336, 256) I;16 86016
pattern width, pattern height:  336 256











[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_8_1.png]




Enter the map parameters from CTF:


[17]:






# map parameters
img_width  = pattern_width
img_height = pattern_height
map_width  = ctf_xcells
map_height = ctf_ycells
xstepmu=ctf_xstep
ystepmu=ctf_ystep
NImages=ctf_size







Test downsampling of the data to reduce file size if possible:


[18]:






# test downsampling
plt.figure()
plt.imshow(img_arr)
plt.show()
print(img_arr)

# bin by a factor of 2
binning=1

# sum the pixel intensities to retain INTEGER values in binned array (save memory in hdf5)
# we need to be sure not to exceed the 16bit integer range in the WHOLE MAP if using np.sum!
binning_estimator=np.sum
img_arr_binned=downsample(img_arr, binning, estimator=binning_estimator)
plt.figure()
plt.imshow(img_arr_binned)
plt.title('binning: sum')
plt.show()
print(img_arr_binned)

# estimator=np.nanmean will result in float values (32bit)
# to save memory, we can use rounding and conversion to 16bit integers
binning_estimator=np.nanmean
img_arr_binned=np.rint(downsample(img_arr,2, estimator=binning_estimator)).astype(np.uint16)
plt.figure()
plt.imshow(img_arr_binned)
plt.title('binning: mean and round to np.uint16')
plt.show()
print(img_arr_binned)












[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_12_0.png]










[[7520 7976 7928 ..., 8128 8232 8432]
 [7704 7912 8184 ..., 8216 8272 8184]
 [8136 7880 8080 ..., 8216 8240 8104]
 ...,
 [8568 9088 8896 ..., 9680 9480 9552]
 [8768 9016 9000 ..., 9600 9792 9208]
 [8696 8832 8976 ..., 9504 9352 9320]]











[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_12_2.png]










[[7520 7976 7928 ..., 8128 8232 8432]
 [7704 7912 8184 ..., 8216 8272 8184]
 [8136 7880 8080 ..., 8216 8240 8104]
 ...,
 [8568 9088 8896 ..., 9680 9480 9552]
 [8768 9016 9000 ..., 9600 9792 9208]
 [8696 8832 8976 ..., 9504 9352 9320]]











[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_12_4.png]










[[ 7778  8048  8108 ...,  8486  8240  8280]
 [ 8064  8184  8380 ...,  8608  8376  8166]
 [ 8156  8320  8828 ...,  8858  8796  8438]
 ...,
 [ 9080  9234  9536 ..., 10136  9726  9762]
 [ 8870  9050  9298 ...,  9818  9704  9514]
 [ 8828  9064  9362 ..., 10028  9668  9418]]







[20]:






# flatfielding background extra file
print('Loading background from file: ', background_filename)
img = Image.open(background_filename) #.convert('LA')
print(img.size, img.mode, len(img.getdata()))
bg_binning=1

bg_img_arr =np.rint(downsample(np.array(img), bg_binning,
                                    estimator=np.nanmean)).astype(np.uint16)

print(bg_img_arr)
print(bg_img_arr.shape)
plot_image(bg_img_arr)













Loading background from file:  ../../../xcdskd_example_data/GaN_Dislocations_1/Map_Patterns/StaticBackground.tiff
(336, 256) I;16 86016
[[2884 2920 2920 ..., 2994 2995 2992]
 [2910 2944 2954 ..., 3005 3009 2992]
 [2931 2955 2954 ..., 3050 3024 3036]
 ...,
 [3725 3774 3783 ..., 4260 4243 4211]
 [3714 3761 3722 ..., 4297 4266 4221]
 [3704 3707 3737 ..., 4279 4220 4204]]
(256, 336)











[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_13_1.png]





[23]:






from skimage.io import imread
def load_row_col_tiff(row, col, prefix=''):
    """
    reads an image file row_col.tiff (e.g. saved by the AZTEC EBSD software)
    """
    img_filename = prefix + str(row) + '_' + str(col) + '.tiff'
    img_arr  = imread(img_filename)
    return img_arr








[25]:






# make total bse map
bse_map = np.zeros((map_height, map_width))
for iw in range(map_width):
    for ih in range(map_height):
        bse_map[ih, iw] = np.nanmean(load_row_col_tiff(ih, iw, prefix=image_dir))

plot_image(bse_map)












[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_15_0.png]





[26]:






# export to hdf5
binning=1
img_height = pattern_height // binning
img_width = pattern_width  // binning

binning_estimator=np.nanmean

iStart=0
iEnd=NImages

DataGroup='Scan/EBSD/Data/'
HeaderGroup='Scan/EBSD/Header/'

# create new HDF5 File
f5=h5py.File(HDF5FileName,"w") # overwrite if exists
f5["Manufacturer"]="xcdskd"
f5["Version"]="0.01"

# h5ebsd HEADER INFO Data

# create empty datasets for h5ebsd format
# (empty datasets take no space)
f5.create_dataset(DataGroup+"X BEAM", (NImages,) ,dtype=np.int32,compression='gzip')
f5.create_dataset(DataGroup+"Y BEAM", (NImages,) ,dtype=np.int32,compression='gzip')
f5.create_dataset(DataGroup+"PCX" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"PCY" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"DD" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"phi1", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"PHI" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"phi2", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"X Position", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"Y Position", (NImages,) ,dtype=np.float32,compression='gzip')

f5[DataGroup+"bse_map"] = bse_map

f5[HeaderGroup+"NCOLS"] = map_width
f5[HeaderGroup+"NROWS"] = map_height
f5[HeaderGroup+"PatternHeight"] = img_height
f5[HeaderGroup+"PatternWidth"] = img_width
f5[HeaderGroup+"X Resolution"] = xstepmu  # microns
f5[HeaderGroup+"Y Resolution"] = ystepmu  # microns

# StaticBackground
#f5.create_dataset(DataGroup+"StaticBackground", (img_height,img_width), dtype=np.uint16)
f5[DataGroup+"StaticBackground"]=np.rint(downsample(bg_img_arr, binning,
                                    estimator=binning_estimator)).astype(np.uint16)

print(f5[DataGroup+"StaticBackground"].shape)

# create empty data set for Patterns, recompress (max=9) using hdf5-gzip filter
dset_patterns=f5.create_dataset(DataGroup+'RawPatterns',
                                (NImages,img_height,img_width),
                                dtype=np.uint16,
                                chunks=(1,img_height,img_width),
                                compression='gzip',compression_opts=9)

print(dset_patterns.shape)
print(map_width, map_height)
i=0
try:
    for iw in range(map_width):
        for ih in range(map_height):
            img_filename = str(ih)+'_'+str(iw)+'.tiff'
            img = Image.open(image_dir+img_filename)

            img_arr = np.rint(downsample(np.array(img), binning,
                                estimator=binning_estimator)).astype(np.uint16)
            dset_patterns[i]=img_arr
            # save scan indices = map position index of image i
            f5[DataGroup+"X BEAM"][i]=iw
            f5[DataGroup+"Y BEAM"][i]=ih

            # some dummy defaults for the projection center
            f5[DataGroup+"DD"][i]  = 1.0
            f5[DataGroup+"PCX"][i] = 0.5
            f5[DataGroup+"PCY"][i] = 0.5
            i+=1

            # live update progress info
            if (i % 25 == 0):
                progress=100.0*(i+1)/NImages
                sys.stdout.write("\rtotal patterns: %5i current:%5i progress: %4.2f%%"
                                 %(NImages,i,progress) )
                sys.stdout.flush()


    # find map indices and save index maps
    npatterns=dset_patterns.shape[0]
    XIndex = f5[DataGroup+"X BEAM"]
    YIndex = f5[DataGroup+"Y BEAM"]
    print('creating index map: ', npatterns)
    map_index=[]
    index_lookup = -1*np.ones((map_height,map_width), dtype=np.int)
    for index in range(npatterns):
        bx=XIndex[index]
        by=YIndex[index]
        map_index.append([index, bx, by])
        index_lookup[by, bx]=index
    map_index=np.array(map_index)
    print(map_index)
    #np.savetxt('./index_lookup.dat', index_lookup, fmt=' %9i ')
    f5[HeaderGroup+"maplist"] = map_index
    f5[HeaderGroup+"indexmap"] = index_lookup

finally:
    f5.close()













(256, 336)
(2600, 256, 336)
52 50
total patterns:  2600 current: 2600 progress: 100.04%creating index map:  2600
[[   0    0    0]
 [   1    0    1]
 [   2    0    2]
 ...,
 [2597   51   47]
 [2598   51   48]
 [2599   51   49]]







[13]:






f5.close()










Test: Load the Pattern Data from the HDF5


[27]:






# which pattern to load
pattern_number = 1000

# open file for reading
f5=h5py.File(HDF5FileName, 'r')

img=f5[DataGroup+'RawPatterns'][pattern_number]
print(np.max(img))
print(img.shape)

bg=f5[DataGroup+'StaticBackground']
print(bg.shape)

ff=img/bg

plt.figure()
plt.imshow(img, cmap='gray')
plt.title('Raw Pattern')
plt.show()

plt.figure()
plt.imshow(bg, cmap='gray')
plt.title('Static Background')
plt.show()


plt.figure()
plt.imshow(img/bg, cmap='plasma')
plt.title('Raw Pattern / Static Background ')
plt.show()

f5.close()













32152
(256, 336)
(256, 336)











[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_19_1.png]









[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_19_2.png]









[image: ../_images/hdf5_pattern_dir_to_hdf5_GaN_Dislocations_1_19_3.png]
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Conversion of Image Zip to HDF5

Initialization Code


[2]:






%matplotlib inline
import sys
from zipfile import ZipFile
from PIL import Image # if not present:  pip install pillow

import matplotlib.pyplot as plt
import numpy as np
import h5py








[3]:






def downsample(myarr,factor,estimator=np.nanmean):
    """
    Downsample a 2D array by averaging over *factor* pixels in each axis.
    Crops upper edge if the shape is not a multiple of factor.

    This code is pure np and should be fast.

    keywords:
        estimator - default to mean.  You can downsample by summing or
            something else if you want a different estimator
            (e.g., downsampling error: you want to sum & divide by sqrt(n))
    """
    ys,xs = myarr.shape
    crarr = myarr[:ys-(ys % int(factor)),:xs-(xs % int(factor))]
    dsarr = estimator( np.concatenate([[crarr[i::factor,j::factor]
        for i in range(factor)]
        for j in range(factor)]), axis=0)
    return dsarr








Loading the Images

The patterns are assumed to be in a zip file, from which we extract them and save them into a HDF5 file.


[4]:






# filename of the zip file, relative to current directory
zip_filename = './GaN_Polytypes/polytypeImages.zip'

zip_image_dir = '' # in this zip, the images were saved at the root level
zip_image_ext = '.tiff'

zip_background_name = None # none if background is extra file outside of zip
background_filename='./GaN_Polytypes/StaticBackground.tiff'








[ ]:






# test to see how importing works...
with ZipFile(zip_filename) as archive:
    for idx, entry in enumerate(archive.namelist()):
        if idx<5:
            if (zip_image_dir in entry) and (zip_image_ext in entry):
                # now we have an image filename in entry...
                img_name=entry.replace(zip_image_dir,'')
                img_name=img_name.replace(zip_image_ext,'')
                numbers=img_name.split('_')
                img_row=numbers[0]
                img_col=numbers[1]

                print('pattern name in zip:', entry)
                print('extracted row, column numbers in map: ', img_row, img_col)
                with archive.open(entry) as file:
                    img = Image.open(file) #.convert('LA')
                    print('pattern dims, mode, bytes:', img.size, img.mode, len(img.getdata()))
                    img_arr =np.array(img)
                    print(img_arr)
                    print()
                    plt.figure()
                    plt.imshow(img_arr)







Enter the map parameters from CTF etc, change manually for now:


[10]:






# map parameters
img_width  = img.size[0] # last img that is loaded in above cell
img_height = img.size[1]
map_width  = 196 # CTF: XCells 196
map_height = 172 # CTF: YCells 172
xstepmu=0.15 # CTF: XStep 0.1500
ystepmu=0.15 # CTF: YStep 0.1500
NImages=map_width*map_height







Test downsampling of the data to reduce file size if possible:


[6]:






# test downsampling
plt.figure()
plt.imshow(img_arr)
plt.show()
print(img_arr)

# bin by a factor of 2
binning=2

# sum the pixel intensities to retain INTEGER values in binned array (save memory in hdf5)
# we need to be sure not to exceed the 16bit integer range in the WHOLE MAP if using np.sum!
binning_estimator=np.sum
img_arr_binned=downsample(img_arr,2, estimator=binning_estimator)
plt.figure()
plt.imshow(img_arr_binned)
plt.title('binning: sum')
plt.show()
print(img_arr_binned)

# estimator=np.nanmean will result in float values (32bit)
# to save memory, we can use rounding and conversion to 16bit integers
binning_estimator=np.nanmean
img_arr_binned=np.rint(downsample(img_arr,2, estimator=binning_estimator)).astype(np.uint16)
plt.figure()
plt.imshow(img_arr_binned)
plt.title('binning: mean and round to np.uint16')
plt.show()
print(img_arr_binned)












[image: ../_images/hdf5_pattern_zip_to_hdf5_10_0.png]










[[4336 4264 4128 ..., 4200 4064 4312]
 [4328 4296 4112 ..., 4120 4296 4320]
 [4280 4248 4296 ..., 4064 4224 4112]
 ...,
 [2824 2976 3000 ..., 2584 2584 2512]
 [2880 2904 2928 ..., 2592 2544 2608]
 [2800 2840 2936 ..., 2584 2488 2528]]











[image: ../_images/hdf5_pattern_zip_to_hdf5_10_2.png]










[[17224 16664 17240 ..., 16384 16600 16992]
 [17040 17008 17104 ..., 16576 16536 16688]
 [17152 16808 17064 ..., 16840 16760 16936]
 ...,
 [11624 11632 11552 ..., 10336 10248 10184]
 [11680 11624 11704 ..., 10248 10240 10224]
 [11424 11600 11680 ..., 10120 10272 10168]]







[7]:






# if flatfielding background in zip
if not (zip_background_name is None):
    with ZipFile(zip_filename) as archive:
        with archive.open(zip_background_name) as file:
            img = Image.open(file) #.convert('LA')
            print(img.size, img.mode, len(img.getdata()))
            bg_img_arr =np.array(img)
            print(bg_img_arr)
            plt.figure()
            plt.imshow(bg_img_arr)








[8]:






# flatfielding background extra file
print('Loading background from file: ', background_filename)
img = Image.open(background_filename) #.convert('LA')
print(img.size, img.mode, len(img.getdata()))
bg_img_arr =np.array(img)
print(bg_img_arr)
plt.figure()
plt.imshow(bg_img_arr)














Loading background from file:  ./GaN_Polytypes/StaticBackground.tiff
(1344, 1024) I;16 1376256
[[1870 1873 1872 ..., 1887 1882 1898]
 [1861 1875 1876 ..., 1899 1902 1886]
 [1881 1880 1876 ..., 1906 1891 1895]
 ...,
 [1654 1665 1671 ..., 1647 1654 1642]
 [1658 1673 1675 ..., 1650 1647 1651]
 [1652 1668 1676 ..., 1653 1660 1632]]







[8]:







<matplotlib.image.AxesImage at 0xb58d208>











[image: ../_images/hdf5_pattern_zip_to_hdf5_12_2.png]





[9]:






# export to hdf5
binning=2
img_height = img_height // binning
img_width = img_width  // binning
binning_estimator=np.nanmean

iStart=0
iEnd=NImages

HDF5FileName='GaN_poly2.hdf5'

DataGroup='Scan 0/EBSD/Data/'
HeaderGroup='Scan 0/EBSD/Header/'

# create new HDF5 File
f5=h5py.File(HDF5FileName,"w") # overwrite if exists
f5["Manufacturer"]="pattern_zip_to_hdf5"
f5["Version"]="0.1"



# h5ebsd HEADER INFO Data

# create empty datasets for h5ebsd format
# (empty datasets take no space)
f5.create_dataset(DataGroup+"BEAM X", (NImages,) ,dtype=np.int32,compression='gzip')
f5.create_dataset(DataGroup+"BEAM Y", (NImages,) ,dtype=np.int32,compression='gzip')
f5.create_dataset(DataGroup+"PCX" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"PCY" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"DD" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"phi1", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"PHI" , (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"phi2", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"X Position", (NImages,) ,dtype=np.float32,compression='gzip')
f5.create_dataset(DataGroup+"Y Position", (NImages,) ,dtype=np.float32,compression='gzip')

f5[HeaderGroup+"NCOLS"]=map_width
f5[HeaderGroup+"NROWS"]=map_height
f5[HeaderGroup+"PatternHeight"]=img_height
f5[HeaderGroup+"PatternWidth"]=img_width
f5[HeaderGroup+"X Resolution"]=xstepmu  # microns
f5[HeaderGroup+"Y Resolution"]=ystepmu  # microns

# staticBackround
#f5.create_dataset(DataGroup+"StaticBackground", (img_height,img_width), dtype=np.uint16)
f5[DataGroup+"StaticBackground"]=np.rint(downsample(bg_img_arr, binning,
                                    estimator=binning_estimator)).astype(np.uint16)

# create empty data set for Patterns, recompress (max=9) using hdf5-gzip filter
dset_patterns=f5.create_dataset(DataGroup+'RawPatterns',
                                (NImages,img_height,img_width),
                                dtype=np.uint16,
                                chunks=(1,img_height,img_width),
                                compression='gzip',compression_opts=9)

i=0
with ZipFile(zip_filename) as archive:
    for idx, entry in enumerate(archive.namelist()):
        if (zip_image_dir in entry) and (zip_image_ext in entry):
            #if i>100:
            #    break
            # now we have an image filename in entry...
            img_name=entry.replace(zip_image_dir,'')
            img_name=img_name.replace(zip_image_ext,'')
            numbers=img_name.split('_')
            img_row=int(numbers[0])
            img_col=int(numbers[1])
            with archive.open(entry) as file:
                img = Image.open(file)
                img_arr = np.rint(downsample(np.array(img), binning,
                            estimator=binning_estimator)).astype(np.uint16)
                dset_patterns[i]=img_arr
            # save scan indices = map position index of image i
            f5[DataGroup+"BEAM X"][i]=img_col    #i % MapWidth
            f5[DataGroup+"BEAM Y"][i]=img_row    #i // MapWidth

            # some dummy defaults for the projection center
            f5[DataGroup+"DD"][i]  = 1.0
            f5[DataGroup+"PCX"][i] = 0.5
            f5[DataGroup+"PCY"][i] = 0.5
            i+=1

        # live update progress info
        progress=100.0*(i+1)/NImages
        sys.stdout.write("\rtotal patterns: %5i current:%5i progress: %4.2f%%"
                         %(NImages,i,progress) )
        sys.stdout.flush()

f5.close()













total patterns: 33712 current:33712 progress: 100.00%









Example: Loading the Pattern Data from the HDF5


[11]:






# which pattern to load
pattern_number = 1000

# open file for reading
f5=h5py.File(HDF5FileName, 'r')

img=f5[DataGroup+'RawPatterns'][pattern_number]
bg=f5[DataGroup+'StaticBackground']

ff=img/bg

plt.figure()
plt.imshow(img, cmap='gray')
plt.title('Raw Pattern')
plt.show()

plt.figure()
plt.imshow(img/bg, cmap='gray')
plt.title('Raw Pattern / Static Background ')
plt.show()

f5.close()












[image: ../_images/hdf5_pattern_zip_to_hdf5_15_0.png]
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Filtering Raw Patterns in HDF5

Process raw EBSD images in HDF5 file and save the Kikuchi signal.


[22]:






import os
data_dir = "../../../xcdskd_example_data/GaN_Dislocations_1"
h5FileNameFull=os.path.abspath(data_dir+"/hdf5/GaN_Dislocations_1.hdf5")
#print(h5FileNameFull)
nbin=1   # binning factor for pattern processing








[23]:






%load_ext autoreload
%autoreload 2
%matplotlib inline













The autoreload extension is already loaded. To reload it, use:
  %reload_ext autoreload







[24]:






import numpy as np
import skimage.io
import time
import sys
import h5py
from shutil import copyfile

from aloe.image import kikufilter

from aloe.plots import plot_image








[25]:






# close HDF5 file if still open
if 'f' in locals():
    f.close()

# split off the extension
h5FileName, h5FileExt = os.path.splitext(h5FileNameFull)
h5FilePath, h5File =os.path.split(h5FileNameFull)


# copy to new file
src = h5FileName+h5FileExt
dst = h5FileName+'_processed'+h5FileExt
copyfile(src, dst)
# use new filename from here to work on
h5FileName = h5FileName+'_processed'



f=h5py.File(h5FileName+h5FileExt, "a") # append mode
#f=h5py.File(h5FileName+h5FileExt, "r")
#print('HDF5 full file name: '+h5FileNameFull)
#print('HDF5 File: '+h5FileName+h5FileExt)
#print('HDF5 Path: '+h5FilePath)








[26]:






DataGroup="/Scan/EBSD/Data/"
HeaderGroup="/Scan/EBSD/Header/"
Patterns = f[DataGroup+"RawPatterns"]
XIndex =   f[DataGroup+"X BEAM"]
YIndex =   f[DataGroup+"Y BEAM"]
MapWidth = f[HeaderGroup+"NCOLS"].value
MapHeight= f[HeaderGroup+"NROWS"].value
PatternHeight=f[HeaderGroup+"PatternHeight"].value
PatternWidth =f[HeaderGroup+"PatternWidth"].value
print('Pattern Height: ', PatternHeight)
print('Pattern Width : ', PatternWidth)
PatternAspect=float(PatternWidth)/float(PatternHeight)
print('Pattern Aspect: '+str(PatternAspect))
print('Map Height: ', MapHeight)
print('Map Width : ', MapWidth)













Pattern Height:  256
Pattern Width :  336
Pattern Aspect: 1.3125
Map Height:  50
Map Width :  52







[27]:






RawPattern=Patterns[1000,:,:]
plot_image(RawPattern)
#skimage.io.imsave('raw_pattern.tiff', RawPattern, plugin='tifffile')












[image: ../_images/hdf5_filter_hdf5_6_0.png]





[28]:






# TRY OPTIONAL: make static background from average of all patterns in map
#StaticBackground=np.mean(Patterns[:], axis=0)
#f[HeaderGroup+"StaticBackground"] = StaticBackground








[29]:






StaticBackground=f[DataGroup+"StaticBackground"]
plot_image(StaticBackground)
#np.savetxt('StaticBackground.txt',StaticBackground )












[image: ../_images/hdf5_filter_hdf5_8_0.png]





[30]:






PatternFlat=RawPattern/StaticBackground
plot_image(PatternFlat)
#from scipy import misc
#misc.imsave('Pattern_Flatfielded.png',RawPattern)
#scipy.misc.toimage(image_array, cmin=0.0, cmax=...).save('outfile.jpg')












[image: ../_images/hdf5_filter_hdf5_9_0.png]




We test the parameters for the processing of the raw patterns in the HDF5 file:


[31]:






kpattern=kikufilter.process_ebsp(raw_pattern=RawPattern,
                 static_background=StaticBackground, sigma=20,
                 clow=1.0, chigh=99.0, dtype=np.uint8, binning=nbin)
plot_image(kpattern)
print(kpattern.dtype)












[image: ../_images/hdf5_filter_hdf5_11_0.png]
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We also check the static background:


[32]:






bgpattern=kikufilter.process_ebsp(raw_pattern=StaticBackground,
                 static_background=None, sigma=15,
                 clow=0.5, chigh=99.5, dtype=np.uint16, binning=nbin)
plot_image(StaticBackground)
plot_image(bgpattern)
print(bgpattern.dtype)












[image: ../_images/hdf5_filter_hdf5_13_0.png]









[image: ../_images/hdf5_filter_hdf5_13_1.png]
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Save Processed Patterns in HDF5


[33]:






nPatterns=MapWidth*MapHeight
print('Number of patterns: ',nPatterns)

# store *processed* patterns in HDF5
# create empty data set, compress (max=9) using hdf5-gzip filter
dataset_name=DataGroup+'Patterns'
if not (dataset_name in f):
    print('create: ', dataset_name)
    dset_processed=f.create_dataset(dataset_name,
                           (nPatterns,PatternHeight//nbin,PatternWidth//nbin),
                           dtype=np.uint8,
                           chunks=(1,PatternHeight//nbin,PatternWidth//nbin))
                           #compression='gzip',compression_opts=9)
else:
    # overwrite existing data
    print('data set already existing: overwriting ', dataset_name)
    dset_processed=f[dataset_name]

#nPatterns=5
# this is very slow...
for p in range(nPatterns):
    img_raw = np.copy(Patterns[p])
    img = kikufilter.process_ebsp(raw_pattern=img_raw,
             static_background=StaticBackground, sigma=15,
             clow=1, chigh=99, dtype=np.uint8, binning=nbin)

    # update HDF5 data set
    dset_processed[p]=img

    # live update progress info
    if ( p % 10 == 0 ):
        progress=100.0*(p+1)/nPatterns
        sys.stdout.write("\rtotal patterns: %5i current:%5i progress: %4.2f%%"
                         % (nPatterns, p, progress) )
        sys.stdout.flush()

f.close()













Number of patterns:  2600
create:  /Scan/EBSD/Data/Patterns
total patterns:  2600 current: 2590 progress: 99.65%







[34]:






f.close()








Test: Plotting the processed patterns


[35]:






f=h5py.File(h5FileName+h5FileExt, "r")








[36]:






kPatterns = f[DataGroup+"Patterns"]
plot_image(kPatterns[2500])












[image: ../_images/hdf5_filter_hdf5_19_0.png]





[37]:






indexmap = f[HeaderGroup+"indexmap"]


def get_npa(x, y, patterns, indexmap, nn=0):
    """ get neighbor pattern average

    use -nn..+nn neighbors,
    i.e. at nn=1, there will be 8 neighbors = 9 pattern average

    patterns in assumed to be 1D array of 2D patterns
    index of pattern as function of x,y is in indexmap
    """
    ref_pattern = np.copy(patterns[indexmap[x,y]]).astype(np.int64)
    npa = np.zeros_like(ref_pattern, dtype=np.int64)
    for ix in range(x-nn,x+nn+1):
        for iy in range(y-nn, y+nn+1):
            print(ix, iy)
            if ((ix<0) or (ix>=patterns.shape[1]) or (iy<0) or (iy>=patterns.shape[0])):
                npa = npa + ref_pattern
            else:
                npa = npa + patterns[indexmap[ix,iy]]
    return npa








[38]:






img_npa = get_npa(24, 24, kPatterns, indexmap, nn=1)
plot_image(img_npa)
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Experimental Details

ACQUIRE - PARSE - FILTER - MINE - REPRESENT - REFINE - INTERACT

Initialization code


[2]:






%matplotlib inline
import matplotlib.pyplot as plt
import numpy as np
from IPython.core.display import Image, display








Effects Gallery


Shadowing by Topography

Batman returns:


[3]:






display(Image(filename='./effects_gallery/batman_img000129.png', width=320))












[image: ../_images/experimental_exp_details_6_0.png]







Transmission Kikuchi Diffraction via Topography

Si electrons transmitted by GaN nanowire:


[4]:






display(Image(filename='./effects_gallery/transmit_Si_GaN_img001341.png', width=320))












[image: ../_images/experimental_exp_details_8_0.png]







Magnetic Field Distortions

SEMs with immersion lenses have significant magnetic fields in the region near the pole piece, including between sample and phosphor screen. These fields distort the trajectories of the electrons scattered from the sample. Kikuchi patterns measured under these conditions need to be “unwarped” to provide correct crystallographic information in the sample coordinate system.


[5]:






display(Image(filename='./effects_gallery/mf.png', width=320))
display(Image(filename='./effects_gallery/mf_unwarped.png', width=320))
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Image Processing



	Kikuchi Pattern Processing
	Basics of Kikuchi Pattern Processing

	Kikuchi Band Detection using the Hough Transform

	Map Explorer





	BSE Imaging
	SEM 2D BSE Imaging: Fe AstroEBSD example

	SEM 2D BSE Imaging: Fe fcc Precipitates in bcc Matrix

	SEM 2D BSE Imaging: GaN Stripes

	SEM 2D BSE Imaging: GaN Dislocations













          

      

      

    

  

    
      
          
            
  


Kikuchi Pattern Processing



	Basics of Kikuchi Pattern Processing
	Motivation

	Image Processing

	Summary





	Kikuchi Band Detection using the Hough Transform
	Motivation

	Loading the Filtered Data

	Hough Transform Band Detection





	Map Explorer
	Connect the Data Sources

	The Base Map

	EBSD Data

	Interactive Map Explorer

	Using the Values which where selected in the Map Explorer













          

      

      

    

  

    
      
          
            
  


Basics of Kikuchi Pattern Processing

Initialization code


[1]:






%load_ext autoreload
%autoreload 2
%matplotlib inline
import matplotlib.pyplot as plt
import numpy as np
from IPython.core.display import Image, display

import skimage
import skimage.io

# aloe routines
from aloe.jutils import show_source
from aloe.plots import plot_image
from aloe.image.kikufilter import make_signal_bg_fft, remove_bg_fft
from aloe.image.kikufilter import img_to_uint
from aloe.image.downsample import downsample
from aloe.image.kikufilter import process_ebsp








Motivation


	data acquisition


	data preparation / filtering / cleaning




Electrons scattered from the sample in an SEM carry crystallographic and other information which is conveyed in the intensity distribution measured on a two-dimensional electron detector, the electron backscatter pattern (EBSP). Useful information is distributed in the EBSP on different spatial and intensity scales, i.e. we often observe a relatively low-intensity signal varying over a few pixels (the Kikuchi diffraction signal) superimposed on a relatively large, dominating “background” signal
that varies slowly on the scale of the detector dimensions (large spatial dimension).

For pure image processing purposes, we can artificially partition the as measured EBSP as the sum of a Kikuchi signal and the background signal, acted on by a DETECTOR_RESPONSE function:

EBSP = DETECTOR_RESPONSE @ (KIKUCHI + BACKGROUND)

The camera electronics has to be able to capture the large intensity variation from the edges to the middle of the image. At the same time, the camera also has to sufficiently resolve the remaining small signal variations in the small, a-few-pixel-sized regions where the Kikuchi bands and lines are observed, which we aim to extract in for the subsequent crystallographic analysis.

EBSP pattern processing serves the purpose to process the measured raw pattern data in such a way that the crystallographic information stored in the Kikuchi diffraction pattern can be extracted in the fastest way by the subsequent “indexing” steps.

Beyond the mere extraction of the crystallographic orientation from the Kikuchi pattern, it would also be desirable to define a specific data processing pipeline which helps to extract meaningful data on the physical processes that govern the signal formation and thus extract additional information about the sample scattering the electrons. This aim can be reached only partially, i.e. the clear separation of image processing and extraction of physical process data is not always possible. This
concerns questions such as the details of the energy and momentum distribution and trajectories of electrons scattered inside the sample. These can be assumed to be different for those electrons that form the Kikuchi diffraction patterns vs. the “background” electrons.

The aim of the image processing of the raw EBSD patterns is to extract the information which is necessary as input for the next data analysis steps. Mainly, this concerns the extraction of the diffraction information, but we can also be interested in the angle-dependent backscattered intensity independent of any diffraction effects.

In dependence on the requirements of the subsequent processing steps, the image processing needs to conserve detail to different extents.

80x60: For example, the line detection via the Hough/Radon transforms will benefit from a different image processing compared to quantitative pattern matching using simulated patterns based on electron diffraction physics. The most important aspect for the HT approach is to be able to detect any possible Kikuchi bands which are present, even in rather noisy raw data, and to do this with the highest speed possible in oder to make high indexing rates possible. As long as the band detection works
reliably, we can live with noisy data, which would be otherwise of insufficient quality for a quantitative analyis. This is also true for pattern matching approaches for low-resolution orientation determination, which can be stable against even noisier data than the Hough transform approach.

800x600: In comparison, the image processing pipeline for a pattern matching approach for phase identification or high-resolution orientation measurements has to ensure that the quantitive physical information, which we describe by the theoretical simulation model, will not result in distorted or biased data after the image processing procedure. We have to be able to describe the effects of the image data processing relative to the image model based on scattering physics of electrons in the
sample.

The quantitative image matching relies on fine details for which the Hough transformation is at best insensitive or in the worst case even negatively influenced (e.g. if beyond an optimum value, pattern resolutions can actually be too high for the Hough transform, because highly resolved patterns can produce additional peaks in the Hough transform which can confuse a peak detection algorithm.)


Example 1: Pattern matching for advanced phase analysis and high-precision orientation determination

Below, we compare a processed, low-noise experimental Kikuchi pattern form a silicon sample (800x600, top) with a simulation using the dynamical theory of electron diffraction (middle) and their difference (bottom). The experimental pattern was measured at 15kV acceleration voltage, the simulated pattern fits best if we assume a mean energy of about 14keV for the backscattered electrons which contribute specifically to the Kikuchi pattern. The value of the normalized cross correlation coeffcient
\(r=0.768\) indicates a very good fit between experiment and simulation. The patterns have been normalized to a mean value of \(\mu=0.0\) and a standard deviation \(\sigma=1.0\) for consistent comparison between experiment and simulation. The difference plot in the bottom panel shows that (compared to the simulation) the bands in the experimental pattern have slightly higher intensity (red) on their top side than on the bottom side (blue). This specific difference between experiment
and simulation is related to the so-called “excess-deficiency effect”, which is not treated in the simplified simulation shown here.


[2]:






display(Image(filename="./data/Si/Si_ROI_0_E_14000_W500_B1.5.png", width=500))












[image: ../_images/pattern_processing_kikuchi_pattern_processing_5_0.png]







Example 2: Line detection for fast indexing

Below we show an example pattern from a conventional EBSD indexing approach. The final indexing lines are displayed on the (noisy) Kikuchi signal in the original measured resolution, which is 320x240. The signal-to-noise ratio is suffcient for fast orientation measurements. Internally, the Hough transform line detection and subsequent indexing algorithms use binned and binarized images, i.e. at 80x60 pixels, which is shown at the bottom.

The use of the binned data in the indexing stage suggests that the resolution of the Hough transform line detection process can limit the resolution of the orientation determination, and not necessarily the resolution of the measured EBSD patterns. In this way, increasing the resolution of your measured EBSD pattern does not always improve the orientation data!


[3]:






display(Image(filename='./data/ocean_116_176_indexed.png'))
display(Image(filename='./data/ocean_116_176_binary.png'))












[image: ../_images/pattern_processing_kikuchi_pattern_processing_7_0.png]
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Image Processing

In an 8bit pattern, we have available a range of 256 grey values from 0 to 255 which can be adjusted by setting the gain and offset of the camera: the offset determines the pixel values with 0 intensity, and the gain allows to scale the intensity so that the highest intensity values are at 255.

The full dynamic range is often not filled in each pattern of a map, because the total BSE signal itself can vary at different places in the map, e.g. different phases can have different backscattering coefficients. In order to capture these variations, some patterns might have too little intensity for the full range in weakly backscattering phases in the map, while others have a range of intensity values that fits the full range of available channels in strongly backscattering regions. Also,
the range of the noise needs to be considered.

We see that the camera parameters have to be set to match the signal variations which are present (a) inside a pattern and (b) inside a map. As this is not perfectly possible at all times, compromises have to be made, underexposing patterns in some regions and overexposing the patterns in others. A 16bit camera providing 2^16 gray levels might help if the dynamic range of the sample (map and patterns) is too high to be efficiently captured in an 8bit setup. Note that many cameras can only 12bit
dynamic range, so although the image format might use 16bit, these might not be actually fully used by the camera.


Low noise patterns for HR work

This is an average pattern of 10 patterns from a single grain, saved as ASCII text floating point numbers. The imported data will have 64bit floating point resolution in memory; note that importing this e.g. as 8bit integers (np.uint8) would reduce the intensity resolution available by the pattern averaging (the same applies escpecially for the static background pattern, see below).


[4]:






raw_pattern = np.loadtxt("./data/Si/Si_15000_10_rot.dat")
raw_pattern = 255 * raw_pattern/np.max(raw_pattern)
print(raw_pattern.dtype)
plot_image(raw_pattern, [0,255], title='raw EBSD pattern, averaged')













float64











[image: ../_images/pattern_processing_kikuchi_pattern_processing_11_1.png]





[5]:






n, bins, patches = plt.hist(np.ravel(raw_pattern), 256, range=[0,256])
plt.title('histogram of raw signal')
plt.show()












[image: ../_images/pattern_processing_kikuchi_pattern_processing_12_0.png]





[6]:






print('pattern height, width: ', raw_pattern.shape)
print('maximum grey value in image: ', np.max(raw_pattern))
print('minimum grey value in image: ', np.min(raw_pattern))
print(raw_pattern)













pattern height, width:  (600, 800)
maximum grey value in image:  255.0
minimum grey value in image:  27.2055352055
[[ 29.45421245  29.57875458  29.44037444 ...,  29.01139601  28.99063899
   29.21204721]
 [ 29.48188848  29.33658934  29.03907204 ...,  29.19129019  28.92144892
   29.3019943 ]
 [ 29.34350834  29.52340252  29.48880749 ...,  29.7032967   29.20512821
   29.24664225]
 ...,
 [ 40.60765161  39.86039886  40.22018722 ...,  39.07855108  38.47659748
   39.12006512]
 [ 40.06796907  40.16483516  40.44851445 ...,  38.93325193  38.72568173
   39.02319902]
 [ 40.89133089  40.53846154  40.4969475  ...,  39.45909646  38.78795279
   38.75335775]]







Deciphering the Pattern Information

The approach of the “dynamic” background correction is to to filter each pattern seperately without any additional data needed. Note that “dynamic” refers to this pattern-individual approach and is not related to the “dynamical simulations” of Kikuchi patterns.

A simple approach to obtain only the large scale variations (i.e. within a scale of many pixels) is to apply a Fourier transform filter that keeps only the low frequency components (low pass filter). The “filterfft” routines in the “BGK” function is accomplishing this low-pass FFT filter:

For pattern processing by fast Fourier transform [https://en.wikipedia.org/wiki/Fast_Fourier_transform] (FFT) filtering, we will use the “filterfft” routines, developed originally by Connelly Barnes http://www.connellybarnes.com/work/, with the code available at http://www.connellybarnes.com/code/python/filterfft :


[7]:






show_source(make_signal_bg_fft)












def make_signal_bg_fft(image, sigma=None, support=None, bgscale=1.0):
    """ 
    Partition the _image_ into a large-scale smooth _background_ 
    and a small-scale _signal_, 
    both add up to original _image_
    
    The spatial low-frequency background is estimated 
    by a gaussian convolution FFT filter
        
    Parameters:

    sigma   : sigma of Gaussian, defaults to 1/25 of image width
    support : extension of Kernel, should be a few sigmas
    bgscale : scale the background, use e.g. to ensure that signal>=0
    
    """

    if sigma is None:
        sigma=image.shape[1]/25

    if support is None:
        support=(3*sigma, 3*sigma)

    background = bgscale*filter(image, gaussian(sigma,support))
    signal=image-background
    return signal, background







[8]:






#raw_pattern=raw_pattern1
print(raw_pattern.shape[0])
raw_pattern_signal, raw_pattern_bg = make_signal_bg_fft(raw_pattern, sigma = 40)

plot_image(raw_pattern, [0,255], title='raw EBSD pattern')
plot_image(raw_pattern_bg, [0,255], title='low pass FFT background')
plot_image(raw_pattern_signal, [-15,15], title='remaining signal after subtraction of FFT background')














600
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Unfortunately, we see that while we empasize the Kikuchi diffraction signal, there are some disturbing features remaining. In this example, we see “hot pixels” that always give a high signal (white pixels).

To remove those effects which are constant, we can divide them out by taking a reference image with low noise and without any diffraction features. This is called Static Background correction.




The Static Background


[9]:






static_bg=np.loadtxt('./data/Si/Al_StaticBackground_BAM.dat')
static_bg = 255 * static_bg/np.max(static_bg)
print(static_bg.shape)
plot_image(static_bg, [0,255], title='static background')

# histogram
n, bins, patches = plt.hist(np.ravel(static_bg), 256, range=[0,256])
plt.title('histogram of static background')
plt.show()













(600, 800)
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In order to see the different contributions to the experimental static background, we can deconstruct it into a smooth part by FFT filtering (just like for the dynamic background correction) and a small scale part.

We can discern different contributions to the detector response, which can be attributed to the phosphor screen (dark spots caused by dust), and to the CCD chip used for capturing the image from the phosphor screen. The CCD chip is combined out of two halves, which can have a slightly different response. In addition there are “hot pixels” of high intensity, vertical lines (thermal curtaining). All of these effects are well known properties of CCD cameras which can be corrected for.

If we assume that these detector contributions stay constant over time, i.e. they are contributing to the measured data in the same way, we can divide out the static contributions.

The large scale smooth intensity varaiations which are caused by the angular distribution of the backscattered electrons and the gnomonic projection effects on the detected solid angle per pixel are handled well by the dynamic background correction discussed next.






Properties of the static background

Independent of the method we have used to acquire a static background image, we should check this static background for any residual diffraction features and the remaining noise. As the magnitude of these effects might be hard to see in the static background data, we apply a dynamic background correction to the static background and partition the static background in a large scale and in a small scale varying part.


[10]:






screen_static, static_bg_smooth = make_signal_bg_fft(static_bg, sigma = 5, bgscale=1.0)

plot_image(static_bg_smooth)
plot_image(screen_static,[-6,6])

small_scale_variations=screen_static/static_bg_smooth
n, bins, patches = plt.hist(np.ravel(small_scale_variations), 100, range=[-0.05,0.05])
plt.title('small scale variations in static background')
plt.show()
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The fine details of the static background show the hot pixels seen previously, but we can also reveal black spots and smudges due to contamination on the phosphor screen. We also have electronic hardware effects of the camera (horizontal lines in the top region), we see two halves of the CCD chip, possibly exposed differently and divided by the central vertical line, as well as additional banding noise [https://photo.stackexchange.com/questions/41874/what-causes-banding-noise] of the digital
image sensor (the vertical stripes).

If the black or white spots are very frequent, the histogram of the small scale variations will show asymmetries, with more values on the lower side corresponding to the dark spots formed by the contamination on the screen and the horizontal artefact in the top lines.

We can test that both contributions combined actually result in exactly the original static background saved. In this way, we have a well-defined segmentation of the image data into a background and an additive signal. If we combine both contributions and subtract them form the original data, we should obtain a zero difference image. This can be tested by comparison of two arrays using the function numpy.testing.assert_almost_equal.


[11]:






all_recombined = screen_static + static_bg_smooth
np.testing.assert_almost_equal(static_bg, all_recombined)










Examples of Detector Effects

Detector with severe contamination, a hardware problem for the top lines, different exposure in CCD halves, hot pixels, banding noise, and visible Kikuchi band features due to insufficient averaging when taking the static background:


[12]:






static_ocean = np.loadtxt("./data/static_ocean.dat")
plot_image(static_ocean, [-3,3], title = "contamination + hardware effect in top lines")
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Detector with severely unbalanced exposure in the CCD halves, taken from the AstroEBSD example data set at https://zenodo.org/record/1214829 (due to the limited number of grains in the map, some Kikuchi features are still visible, illustrating the limited possibility to extract a static background afterwards if not enough grains with different orientations can be averaged):


[13]:






astro_map_average = np.loadtxt("./data/static_astro.dat")
static_astro, static_astro_smooth  =  make_signal_bg_fft(astro_map_average, sigma = 100, bgscale=1.0)
plot_image(astro_map_average, title= "CCD imbalanced")
plot_image(static_astro, [-2000,2000], title= "CCD/2 + contamination + hot pixels")
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Phosphor Inhomogeneities:


[14]:






static_soup = np.loadtxt("./data/static_wedding_soup.dat")
static_fine, static_astro_smooth  =  make_signal_bg_fft(static_soup, sigma = 10, bgscale=1.0)
plot_image(static_soup, title= "phosphor screen inhomogeneities")
plot_image(static_fine, [-200,200], title= "phosphor screen inhomogeneities + contamination")
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The Dynamic Background

omit static background, live with detector response

i.e. post processing of raw data for which no static background was measured


[15]:






raw_pattern_signal, raw_pattern_bg=make_signal_bg_fft(raw_pattern, sigma=40, bgscale=1.0)
signal_relative=raw_pattern_signal/raw_pattern_bg

plot_image(raw_pattern, [0,255], title='raw EBSD pattern')
plot_image(raw_pattern_bg, [0,255], title='dynamic background from raw pattern')
plot_image(raw_pattern_signal, [-25,25], title='Kikuchi signal, subtraction of dynamic background only')
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Pattern contamination after dynamic background correction

If only the dynamic background correction is used, the resulting pattern will still contain a contamination by detector features which have been “averaged away” by the filtering process (i.e. the small scale features of the static background image):


[16]:






plot_image(screen_static,[-5,5], title='pattern contamination after dynamic correction')












[image: ../_images/pattern_processing_kikuchi_pattern_processing_36_0.png]




We see that the detector response is present in addition to the actual Kikuchi pattern signal. In many cases, the indexing process can live with such data.


Static Background Correction and Flat Fielding






Static Background Division

Imagine that you take a picture from a white piece of paper. You know that the paper is perfectly and uniformly white in reality. If you see any disturbing features in the final image data (maybe some pixels are darker than others; maybe some pixels show stange colors), you would assign these features to the optical and electronic system of your camera. If these effects are removed from your imperfect image, it should appear perfectly white again and give a correct representation of the physical
reality. In a digital camera, this correction process is largely hidden from the user, but you can easily imagine that different pixels on the image sensor can have slightly different sensitivities, or there could be dust on some pixels which also reduces the pixel signal.

In EBSD, we also need to remove the relative variations of the detector response in the image. We can achieve this by division of each single pattern by the same constant “static background”. This procedure is also known in the contexts of digital imaging as flat field correction [https://en.wikipedia.org/wiki/Flat-field_correction] with the aim to remove artifacts from 2D images due to the pixel-to-pixel sensitivity of the detector and other influences in the imaging system.

After the correction for the detector response, we can handle the remaining large-scale intensity and angular variation from pattern to pattern individually for each pattern by a “dynamic background” correction. Note that, ideally, the detector response could be taken with an almost constant intensity over the whole image by an even illumination of the phosphor.

Experimentally, an average static background over a large sample area is often used for background correction. If the Kikuchi features are averaged out, the static background corrects for two different effects: (a) the detector contamination, dead pixels, hot pixels etc and (b) the average, smooth variation of the background signal. Note the difference between (a) and (b): (a) are the constant effects of the detector, (b) also changes the signal that we measure.

By background division we keep at least a relative size of the signal. Subtraction does not allow to conclude on the size of the background that was subtracted.


[17]:






pattern_div=raw_pattern/static_bg
#pattern_div=screen_static
plot_image(pattern_div, cmap='gray')
plot_image(pattern_div, cmap='seismic')
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Static Background Subtraction

In contrast to the division, the subtraction of the static background is problematic.

We do not know the correct absolue scale of the static signal, so simply subtracting it will not lead to a good signal, because either the background or the raw pattern will dominate the result, depending on which is larger.

We need to scale the static background to vary approximately in the same limits as the raw pattern. The necessary scaling factor will be related to the relative exposure times and signal sizes of the raw data and the background. But note that this factor will in principle change from one pattern to the next, as different phases can produce more or less signal, with, in addition, a different angular distribution.


[18]:






pattern_sub=raw_pattern-static_bg
plot_image(pattern_sub, [-5,5], cmap='seismic')
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Dynamic Background Correction

With the constant detector response corrected by the static background, we will now try to remove the remaining large-area variations which are larger than our Kikuchi band features which we want to emphasize as much as possible. A possible approach is to use a Fourier transformation filter to suppress the image components which correspond to the large spatial extensions, which relate to low spatial frequencies, i.e. we need to do a high pass filter on the image.






Estimating the relative signal size in the raw uncorrected pattern data


[19]:






signal_amp = 0.1
plot_image(raw_pattern/raw_pattern_bg,  [1-signal_amp,1+signal_amp],cmap="viridis", title='RAW/DBG')
plot_image(signal_relative, [-signal_amp,+signal_amp], cmap="viridis", title='(RAW-DBG)/DBG = RAW/DBG - 1')

#plot_image(signal_relative, [-0.1,0.1], title='signal relative to dynamic background')

n, bins, patches = plt.hist(np.ravel(signal_relative), 100, range=[-2*signal_amp,+2*signal_amp])
plt.title('histogram of relative signal')
plt.show()












[image: ../_images/pattern_processing_kikuchi_pattern_processing_44_0.png]









[image: ../_images/pattern_processing_kikuchi_pattern_processing_44_1.png]









[image: ../_images/pattern_processing_kikuchi_pattern_processing_44_2.png]




The histogram above shows the quantitative distribution of the relative signal. We see that the relative signal is within a few percent relative to the smooth background, e.g. the Kikuchi signal we aim to pick up is on the order of 10% of the background signal (this depends on the material an can range from a few percent to a maximum of about 20% as seen here for a single-crystal silicon sample).

The result for the purely dynamical background correction is first subtraction of the background and then divide to get the relative contribution.




Additonal dynamic background correction of the statically corrected pattern


[20]:






pattern_div_sub, pattern_div_bg = make_signal_bg_fft(pattern_div, sigma=50)

plot_image(pattern_div_sub,[-signal_amp,signal_amp])
plot_image(pattern_div_bg)


img_corrected=pattern_div_sub/pattern_div_bg
plot_image(img_corrected,[-signal_amp, signal_amp], cmap='seismic', title='static divided and dynamic divided')
plot_image(img_corrected,[-signal_amp, signal_amp], cmap='Greys_r', title='static divided and dynamic divided')
np.savetxt('./results/img_corrected.dat', img_corrected)
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Contrast stretching

http://scikit-image.org/docs/dev/auto_examples/color_exposure/plot_equalize.html

further image processing by routines optimzed for 8bit or 16bit integers

memory considerations compared to 32bit float values


[21]:






# get values at 3% and 97% frequency
p_low, p_high = np.percentile(img_corrected, (3, 97))

img_contrast_stretch = skimage.exposure.rescale_intensity(img_corrected, in_range=(p_low, p_high))
plot_image(img_contrast_stretch)
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Image Data Type Conversion

Computations on images can lead to arrays of floats with 32bit or even more, which can be memory consuming, slower to compute with and which cannot be directly saved into common image formats that can be viewed without additional tools.

However, in many cases the data analysis is not limited by the floating point precision but by the dynamical range of the resulting signal. Often a range of 256 (8bits) or 65536 (16bits) integer values is sufficient to represent the data. This is why a rescaling and rounding of floating point data to 8 or 16 bit integer values can be useful as the final step of image processing, or even just for saving the image in 8bit formats like PNG or JPEG or 16bit TIFF formats.

The function “img_to_uint” in aloe.image.kikufilter can rescale a floating point array to 0..255 (or 65535), with 0 and 255/65535 at a certain contrast percentile. Setting these percentiles e.g. to 0.5 and 99.5 of all floating point pixel values, the lowest 0.5% and the highest 0.5% of the images will be scaled to “black (0)” and “white (255/65535)” respectively. This can reduce the influence of a few outliers with exceptionally high or low floating point values, because the outliers will
be in the respective lower or higher precentages of floating point array.


[22]:






show_source(img_to_uint)












def img_to_uint(img, clow=0.25, chigh=99.75, dtype=np.uint8):
    """ convert a numpy array to unsigned integer 8/16bit
    stretch contrast to include (clow..chigh)*100 percent of original intensity
    
    Note:
    skimage.img_as_ubyte etc can be sensitive to outliers as scaling is to min/max
    
    saving:
    skimage.io.imsave("name.png", img_to_uint(array))
    
    16bit example:
    skimage.io.imsave('img_corrected_16bit.tif', 
    img_to_uint(array, to16bit=True), plugin='tifffile')
        
    """
    # set maximum integer value
    #if to16bit:
    #    maxint=(2**16 -1)
    #else:
    #    maxint=(2**8  -1)

    # get percentiles    
    p_low, p_high = np.percentile(img, (clow, chigh))
    img_rescale = exposure.rescale_intensity(img, in_range=(p_low, p_high), out_range=dtype)
    img_uint=img_rescale.astype(dtype)

    # image range for 0..maxint of uint data type
    """
    vmin=np.min(img_rescale)
    vmax=np.max(img_rescale)
    
    # scale and clip to uint range
    img_int=maxint * (img_rescale-vmin)/(vmax-vmin)
    img_int=np.clip(img_int, 1, maxint)
    
    # change to unsigned integer data type 
    if to16bit:
        img_uint=img_int.astype(np.uint16)
    else:
        img_uint=img_int.astype(np.uint8)
    """
    return img_uint







[23]:






img8=img_to_uint(img_corrected, clow=0.001, chigh=99.999)
plot_image(img8)
print(img8.dtype)
skimage.io.imsave('./results/img_corrected_8bit.png', img8)
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[24]:






img16=img_to_uint(img_corrected, dtype=np.uint16, clow=0.001, chigh=99.999)
plot_image(img16)
print(img16.dtype)
# note: the eye cannot see 65000 grey levels...
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To save a 16bit image in TIFF format, we can use skimage, which contains the tifffile.py [https://www.lfd.uci.edu/~gohlke/code/tifffile.py.html] module from https://www.lfd.uci.edu/~gohlke/code/tifffile.py.html:


[25]:






# check for available plugins
skimage.io.find_available_plugins()








[25]:







{'fits': ['imread', 'imread_collection'],
 'gdal': ['imread', 'imread_collection'],
 'gtk': ['imshow'],
 'imageio': ['imread', 'imsave', 'imread_collection'],
 'imread': ['imread', 'imsave', 'imread_collection'],
 'matplotlib': ['imshow', 'imread', 'imshow_collection', 'imread_collection'],
 'pil': ['imread', 'imsave', 'imread_collection'],
 'qt': ['imshow', 'imsave', 'imread', 'imread_collection'],
 'simpleitk': ['imread', 'imsave', 'imread_collection'],
 'tifffile': ['imread', 'imsave', 'imread_collection']}







[26]:






skimage.io.imsave('./results/img_corrected_16bit.tif', img16, plugin='tifffile')

#check that saved image gives the same data when loaded back
im_saved = skimage.io.imread('./results/img_corrected_16bit.tif', plugin='tifffile')
print(im_saved.dtype)

np.testing.assert_array_equal(im_saved,img16)
#print(im_saved-img16)













uint16











Contrast Limited Adaptive Histogram Equalization (CLAHE)

http://scikit-image.org/docs/dev/api/skimage.exposure.html#skimage.exposure.equalize_adapthist


	can change the intensity distribution considerably if not used properly


	intensity massage will affect agreement with simulations; use as mild image processing as possible


	might be better used for band detection, binarization




Note this will change the scaling of different regions in the image, so we have to be careful not to distort the relative intensity in the Kikuchi features. The kernel size should be larger than the Kikuchi features, as not to rescale the intensity in the Kikuchi band profile.


[27]:






local_scale = 40 # divide image size by scale to get local kernel size, e.g. 1/10 of image dimensions
ksize=np.copy(img16.shape).astype(np.int) // local_scale
print(ksize)
img_adapteq = skimage.exposure.equalize_adapthist(img16, kernel_size=ksize, clip_limit=0.01, nbins=256)
print(img16.dtype)
print(img_adapteq.dtype)
plot_image(img_adapteq, title='CLAHE (too much!)')


img16_clahe=img_to_uint(img_adapteq, dtype=np.uint16, clow=0.001, chigh=99.999)
skimage.io.imsave('./results/img16_clahe.tif', img16_clahe, plugin='tifffile')

#toimage(img_adapteq).save('img_adapteq.png')
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Binning of Pattern Data


	indexing: speed e.g. 80x60 internal image resolution




We use the downsample [https://github.com/keflavich/image_tools/blob/master/image_tools/downsample.py] function from Adam Ginsburg’s Python Code (agpy) [http://pythonhosted.org/agpy/image_tools.html] to combine the intensity values from several pixels.

With a binning factor of 4, the intensity of groups of 4x4 pixels is combined into a single pixel. This means that an image of dimension (height=1024, width=1344) is reduced to a dimension of (256, 336). While the resolution of the image is reduced, the noise (e.g. Poisson counting noise) will also be improved as more counts are assigned to a pixel.

Note that the binning will mean that the “center” of the 4x4 pixel region is the new center that is assigned to the measured intensity. This changes the angular calibration of the pixels (“pattern center”).


[28]:






binning=10
img_binned=downsample(img_corrected, binning)
plot_image(img_binned)

# save the binned down image:
#scipy.misc.toimage(img_binned, cmin=0.0, cmax=255).save('img_binned.png')
print(img_binned.shape)
#print(img_binned)
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[29]:






img8_binned=img_to_uint(img_binned)
plot_image(img8_binned, title='processed pattern, binned to '+str(img8_binned.shape)+', '+ str(img8_binned.dtype))
skimage.io.imsave('./results/img8_binned.tif', img8_binned, plugin='tifffile')
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Final Pipeline Function

We can combine the image processing steps discussed so far into a function, which can also be accessed in the kikufilter module:


[30]:






show_source(process_ebsp)












def process_ebsp(raw_pattern=None, static_background=None, sigma=None,
                 clow=0.5, chigh=99.5, dtype=np.uint8, binning=1):
    """
    Basic image processing for raw EBSD pattern data.
    
    Notes:

    Extra pattern binning is applied to the raw_pattern and the static_background.
    For more speed in mapping etc, consider having the raw_pattern
    and static_background already binned and set binning=1 here, to avoid
    the repeated binning of the static_background. 
    """
    # optional binning
    if binning>1:
        pattern_binned = downsample(raw_pattern, binning)
        if not (static_background is None):
            static_background_binned = downsample(static_background, binning)
    else:
        pattern_binned = raw_pattern
        static_background_binned = static_background

    # static background correction
    if static_background is None:
        pattern_static=pattern_binned
    else:
        pattern_static=np.true_divide(pattern_binned, static_background_binned)

    # dynamic background correction
    pattern_dyn=remove_bg_fft(pattern_static, sigma=sigma)

    # conversion to 8 or 16 bit integer data
    pattern_int=img_to_uint(pattern_dyn, clow=clow, chigh=chigh, dtype=dtype)

    return pattern_int













Summary

The various steps discussed above have been used to implement a simple image processing pipeline which enables us to extract the Kikuchi diffraction information from the raw measured electron backscattering patterns (EBSP).

The basic steps are:


	divide raw pattern by static background (without any Kikuchi features!) to remove detector contamination and hardware effects


	correct the remaining large-scale intensity variations, e.g. by FFT filtering (= “dynamic background”)


	process pattern further depending on the application




The binned and the unbinned pattern at the end of the filtering pipeline so far are preconditioned to be used for subsequent application in:


	line detection and conventional indexing by the Hough or Radon transforms


	indexing by pattern matching from a pattern dictionary


	phase ID and orientation refinement from high resolution, low noise patterns, possibly starting from initial guess data obtained by the two previous approaches




The extraction of the Kikuchi patterns from the raw data now works by calling a single function (with sensible default parameters):


[31]:






kikuchi_indexing=process_ebsp(raw_pattern, static_bg, dtype=np.uint8,
                              binning=10, sigma=3, clow=10, chigh=90)

img=kikuchi_indexing
plot_image(img, title='processed pattern for indexing '+str(img.shape)+' '+ str(img.dtype))
skimage.io.imsave('./results/img_final_indexing_8bit.png', img)
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[32]:






kikuchi_detailed=process_ebsp(raw_pattern, static_bg, dtype=np.uint16, sigma=40,
                              clow=0.001, chigh=99.999)

img=kikuchi_detailed
plot_image(img, title='HR processed pattern '+str(img.shape)+' '+ str(img.dtype))
skimage.io.imsave('./results/img_final_detailed_16bit.tif', img, plugin='tifffile')
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Kikuchi Band Detection using the Hough Transform


Motivation

The detection of Kikuchi bands is a first step towards the extraction of quantitative crystallographic information form a measured Kikuchi pattern.

Initialization code


[1]:






%matplotlib inline
import matplotlib.pyplot as plt
from mpl_toolkits.axes_grid1 import make_axes_locatable
from matplotlib import cm

import numpy as np

import skimage.io
from skimage import exposure
from skimage.morphology import disk
from skimage.filters import rank
from skimage.filters import threshold_otsu
from skimage.transform import (hough_line, hough_line_peaks,
    probabilistic_hough_line)
from scipy.ndimage.filters import correlate

from aloe.plots import plot_image
from aloe.image.kikufilter import img_to_uint
from aloe.image.downsample import downsample










Loading the Filtered Data

From the previous pattern processing step, we can load a single binned pattern, in 8bit range:


[2]:






pattern=skimage.io.imread('./data/Si/Si_img8_binned.tif',
                          plugin='tifffile')
print(pattern.shape, pattern.dtype)
plot_image(pattern, title='EBSD pattern processed \
           for line detection')













(60, 80) uint8
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[3]:






n, bins, patches = plt.hist(np.ravel(pattern), bins=100)
plt.title('histogram of input pattern for line detection')
plt.show()
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8bit pattern, 255 gray scales, relatively low contrast, large background offset camera: gain + offset settings, cannot be optimized for each pattern in the map, compromise for whole map with possibly strongly varying signal




Hough Transform Band Detection


[4]:






def otsu(img, factor=1.15):
    """ return True/False array
        from thresholding the image
    """
    thresh = factor*threshold_otsu(img)
    binary = img > thresh
    return binary

binary=otsu(pattern).astype(int)
plot_image(binary)

#skimage.io.imsave('./results/img8_binary.png', 255*binary)
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[5]:






# Classic straight-line Hough transform from binary data.
image=np.flipud(binary)
background=np.ones_like(image)

ang=np.deg2rad(np.linspace(-90,90,150))
h, theta, d = hough_line(image, theta=ang)
h_masked = np.ma.masked_equal(h ,0)
h_masked=h_masked/np.max(h_masked)

# butterfly mask convolution
# 9x9 mask Krieger-Lassen
k = np.array([[-10, -15, -22, -22, -22, -22, -22, -15, -10],
              [  1,  -6, -13, -22, -22, -22, -13,  -6,   1],
              [  3,   6,   4,  -3, -22,  -3,   4,   6,   3],
              [  3,  11,  19,  28,  42,  28,  19,  11,   3],
              [  3,  11,  27,  42,  42,  42,  27,  11,   3],
              [  3,  11,  19,  28,  42,  28,  19,  11,   3],
              [  3,   6,   4,  -3, -22,  -3,   4,   6,   3],
              [  1,  -6, -13, -22, -22, -22, -13,  -6,   1],
              [-10, -15, -22, -22, -22, -22, -22, -15, -10] ])

h = correlate(h_masked, k, mode='nearest') #.astype(np.int64)
a=(h-np.min(h))/(np.max(h)-np.min(h))

hpeaks=hough_line_peaks(a, theta, d,
        min_distance=10, min_angle=15,
        threshold=0.5*np.max(a), num_peaks=12)








[6]:






# Generating figure 1.
fig, (ax0, ax1, ax2) = plt.subplots(3, 1, figsize=(6, 13))

ax0.imshow(image, cmap=cm.gray)
ax0.set_title('Processed Input Data')
ax0.set_axis_off()

#ax1.imshow(np.log(1 + h), extent=[np.rad2deg(theta[-1]),
#            np.rad2deg(theta[0]),
#           d[-1], d[0]], cmap=cm.gray, aspect=1)
ax1.imshow(a,cmap=cm.gray)
ax1.set_title('Hough transform')
ax1.set_xlabel('Angles (degrees)')
ax1.set_ylabel('Distance (pixels)')
ax1.axis('image')

ax2.imshow(np.flipud(pattern), cmap=cm.gray)
row1, col1 = pattern.shape
linecount=1
houghkl=[]
houghlines=[]
for _, angle, dist in zip(*hpeaks):
    y0 = (dist - 0 * np.cos(angle)) / np.sin(angle)
    y1 = (dist - col1 * np.cos(angle)) / np.sin(angle)
    ax2.plot((0, col1), (y0, y1), '-r')
    houghlines.append([linecount, dist, np.degrees(angle),
                       0, y0, col1,y1 ])
    #print(linecount, dist, np.rad2deg(angle),gpc)
    linecount=linecount+1
ax2.axis((0, col1, row1, 0))
ax2.set_title('detected lines')
ax2.set_axis_off()
plt.tight_layout()
plt.show()
#plt.savefig('hough_simple.png')
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Map Explorer

Data: GaN_Dislocations_1.hdf5

Basic Interactive EBSD Map Data Viewer Example. In a Jupyter Notebook, we can nicely mix “programming” (typing commands) and “interactivity” (doing things with the mouse etc in a user interface).

Note: The interactive features only work when running Jupyter notebook, not in the HTML documentation.


[17]:






ebsdpatternfile = "../../../../xcdskd_reference_data/GaN_Dislocations_1/hdf5/GaN_Dislocations_1.hdf5"








[18]:






%load_ext autoreload
%autoreload 2
%matplotlib notebook













The autoreload extension is already loaded. To reload it, use:
  %reload_ext autoreload







[19]:






import matplotlib.pyplot as plt
import numpy as np

from pathlib import Path
from skimage.io import imread, imsave

from aloe.plots import plot_image
from 