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1. Background

Two-dimensional (2D) image measurements are an integral part of quantitative micros-
copy imaging and image informatics. Such measurements are computed over a set of
connected image pixels (region of interest, or ROI) using a wide variety of mathematical
operations applied to pixel location and intensity values. Numerical results of these
computations are frequently denoted as image or object features. To compute a 2D
object feature, one needs the following:

(1) An input digital image

(2) A mask image defining each ROI by a unique label assigned to a set of connected

pixels
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(3) Mathematical operations applied to the pixels forming a ROI

(4) Parameters for the mathematical operations (model).

Every image can yield very many extracted features, as the combinatorial number of
R OIs, mathematical operations, and their parameters can be extremely large. As the
imaging field advances, the object feature extraction faces challenges not only in the
number of measurements per image, but also in the number of images that must be pro-
cessed for each experiment. To address the issue of an extremely large number of feature
extractions in quantitative imaging, object measurements from 2D microscopy images
have been automated by using software. As a consequence, automation has led to the
creation of many software libraries for feature extraction.

For example, the microscopy community has been using several open-source librar-
ies, including the Python scikit-image [1], CellProfiler [2], MaZda [3], Image]/Fiji [4],
and WND-CHARM [5], and feature extractors built in house using open-source librar-
ies (e.g., OpenCV [6], Java ImagelO [7]) and commercial libraries (e.g., MATLAB, Wol-
fram Mathematica). The use of some of these libraries in scholarly publications is
illustrated in Table 7.1. The table was created based on Google Scholar queries and doc-
uments the usage of intensity, shape, and textural image features extracted by using one of
the four libraries. The large counts in Table 7.1 motivate us to study the feature variability
across feature extraction libraries, as the scientific conclusions derived here might be
biased by the choice of library.

Given this motivation, the goal of this chapter is to characterize object feature var-
1ability across software libraries and to demonstrate the impact of such a numerical var-
1ability on feature-based classification. By analyzing feature variability across software
libraries, one can answer the following questions for scientists:

(1) What image features do not vary with software implementations in open-source
software libraries?

Table 7.1 Total counts of scholarly publications published since 2013 and since 2017 until 2018

Google scholar query key phrases Since 2017 Since 2013
“CellProfiler image intensity features” 482 1860
“MaZda software image intensity features” 233 912
“Python scikit-image intensity features” 764 1800
“MATLAB image intensity features” 12,200 19,900
“CellProfiler shape features” 406 1590
“MaZda software shape features” 312 1600
“Python scikit-image shape features” 1760 4110
“MATLAB shape features” 17,800 29,300
“CellProfiler texture features” 104 484
“MaZda software texture features” 129 489
“Python scikit-image texture features” 385 942
“MATLAB texture features” 5900 19,400
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(2) What is the ranking of features based on the magnitude of their numerical variability?

(3) What are the sources of numerical feature variability?

(4) How much does feature variability affect feature-based classification outcomes?

We are not answering these questions related to the absolute accuracy of feature values

because we are not creating any evaluation ground truths. Our goal is to quantify the

relative feature difterences and investigate the sources of those differences in order to

emphasize the importance of gathering computational provenance information and not-

ing possible biases in scholarly publications based on the selection of a particular feature

extraction library.
This chapter tackles the following goals:

* Introduce 2D image feature extraction and classification.

* Describe an overall approach to numerical evaluation of feature variability and
classification.

* Outline the integration of open-source software implementations of 2D image feature
extractors.

* Present representative microscopy images collected to extract features determining the
heterogeneity of stem cell colonies from terabyte (TB)-sized videos [8, 9].

* Quantify and explain sources of numerical variability of image features across image
feature extraction libraries.

* [llustrate the impact of the feature variability on classification outcomes in the context
of a biological imaging experiment.

In addition to the insights provided in this chapter, we have prepared an open-source

client-server software system called a web image processing pipeline (WIPP) [10], which inte-

grates multiple feature extraction libraries. It is available for download at https://isg.nist.

gov. By reading this chapter and using WIPP, scientists can evaluate feature variability

across software libraries on their own. Scientists can also use WIPP for gathering prov-

enance information about their feature extractions to make their work reproducible.

2. Introduction to 2D image measurements

Many image feature extractors have been implemented in academic environments
[5, 11, 12], commercial platforms [13], and publicly available image libraries [1, 4, 6].
These extractors generate image features that are used primarily for (1) classification,
(2) discovery in scientific pursuits, or both. In the context of feature-based classification,
one 1is searching for the most discriminative or predictive features considering a certain
number of classes. In the context of discovery, one is trying to understand statistical and
semantic object characteristics based on image features.
In general, feature extractors can provide:

(1) Low-level image descriptors, such as scale-invariant feature transform (SIFT) [14],

speeded-up robust features (SURFs) [15], histograms of oriented gradients
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(HOGsS) [16], local phase quantization (LPQ), binarized statistical image features

(BSIFs) [17], local binary patterns (LBPs) [18], and local ternary patterns (LTPs) [19].
(2) High-level object descriptors (e.g., average intensity, location, size, perimeter,

change of location).
We are interested in high-level object descriptors because they correspond to image-
based measurements of semantically meaningful objects. Nonetheless, a computation
of low-level features might be part of the computation to derive a high-level descriptor.
Computations of high-level descriptors might also include image transformations. For
example, Fourier transform (FT) changes the semantic meaning of the underlying Car-
tesian coordinate space of raster images to represent periodic structures for direct object
measurements.

High-level object features can describe the spectral, spatial, textural, or temporal
properties of an object. Spectral intensity features are typically statistical measurements
of a probability distribution computed from pixel intensity (i.e., central moments). Sim-
ilarly, spatial shape features are spatial moments derived from coordinates of pixels
included in one ROI. Intensity and shape features have relatively well defined mapping
between visual perception and their mathematical formula. On the other hand, percep-
tion of image texture is only coarsely mapped to the mathematical formulas of textural
teatures. Computations of textural features typically include some transformation to a
space where periodically repeating patterns and scale-dependent primitives can be quan-
tified (e.g., Texton theory [20]). Temporal motion features capture dynamic changes of
object appearance and location properties, such as biological cell states (e.g., mitosis, dif-
ferentiation, apoptosis, migration). While computations of all feature types require 2D
ROIs, motion features also require tracking information between two time-adjacent
images. The tracking information defines the correspondence between object identifiers
in labeled masks at time f and at time (t+1).

In addition to the feature types, there are many other ways to establish ROIs that
represent semantically meaningful objects. ROIs can be defined as rectangular fields
of view (FOVs), arbitrarily shaped R Ols resulting from image segmentation, grid squares
or grid hexagons subdividing R OIs obtained from image segmentation, and many other
space filling 2D shapes subdividing an image. Fig. 7.1 illustrates the options for extracting
image features from a cell colony with or without a mask, as well as other suboptions. In
our work, we assume that users create ROIs according to their application needs and
provide them as input masks (labeled images).

The process of designing, extracting, and selecting features is called feature engineering.
Feature engineering is a scientific problem on its own, which faces challenges in terms of’
the following:

(a) Segmenting an image into semantically meaningful ROls
(b) Devising mathematical models for operating on pixels in each ROI
(c) Selecting the most application-relevant features and computational parameters
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Fig. 7.1 Possible options to creating ROIs for computing 2D image features.

(d) Selecting the feature-based classification model and model parameters
(e) Optimizing all selections with respect to some reference data with known classifica-
tion outcomes

If the end goal is to obtain the most accurate classification, then the feature engineering
problem might be replaced by the problem of designing a convolutional neural network
(CNN) architecture and the associated problem of creating a sufficiently large reference
data set [21-24]. However, if the end goal is to gain insights into the characteristics of a
phenomenon, then feature engineering remains a challenge [25, 26]. In our work, we
consider the latter end goal and assume that a scientist has identified semantically mean-
ingful ROIs and selected image measurements over ROIs. Our main concern is only the
feature variability and its classification impact in the context of a feature engineering
problem.

The feature variability across software libraries is of concern not only to the micros-
copy imaging community, but also to the medical imaging community. For example,
Bhadriraju et al. [8] studied the reproducibility of quantitative imaging features used
for classifying lung tumors in computed tomography (CT) images. The variability of fea-
tures was determined independent of segmentation over repeated acquisitions of lung CT
data sets. The study used commercial features implemented in C/C++ and MATLAB,
which makes it hard to understand the sources of numerical variability. Thus, we limited
our study to open-source feature extraction libraries.

The feature variability study can be related to a sensitivity study from a statistical per-
spective. Given all software implementation variables (factors), full factorial experimental
designs would establish the sensitivity of the numerical features to the factors.
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Such studies are frequently conducted with medical imaging devices (ultrasound, com-
puter tomography, or magnetic resonance imaging) [10, 11]. Our feature variability study
cannot be executed using a full factorial experimental design because many software
libraries have hidden factors that cannot vary. However, our analysis can demonstrate
the impact of feature variability on the classification of cell colonies that are heteroge-
neous from already-published stem cell microscopy images [5].

3. Approach to numerical evaluations of feature variability and
feature-based classification

We approach numerical evaluations of image feature variability and its classification

impact by executing the following steps:

(1) Identity overlapping image features in multiple feature extraction libraries.

(2) Integrate all feature extraction libraries into a unified software framework.

(3) Select and upload data sets that yield a wide range of feature values.

(4) Set all exposed algorithmic inputs to the same values.

(5) Establish metrics of feature and classification variabilities.

(6) Quantify numerical variability of intensity, shape, and textural features and classifi-
cation outcomes.

(7) Analyze sources of variability.

These steps are illustrated in Fig. 7.2 (feature variability) and Fig. 7.3 (classification

variability), with an emphasis on the analysis flow while the feature extraction libraries

are the only element in the flow varying during the numerical evaluations. As shown
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in Fig. 7.2, hardware, segmentation, and feature extraction parameters are kept constant.
In Fig. 7.3, we indicated that hardware, cross-validation split, and classifier models are
constant. Note that we evaluated the results from multiple nonstochastic classifiers.

We manually identified overlapping image features in multiple feature extraction
libraries (step 1) by considering image features extracted using Image]/Fiji [4], Python
scikit-image [1], CellProfiler [2, 12], MaZda [27-29], and feature extractors developed
in-house using Java ImagelO [30]. Integration of all the feature extraction libraries to
a WIPP framework [10] (step 2) allowed us to establish an identical computational
environment, gather provenance information, and rerun feature extractors as many
times as needed after test images were uploaded to the WIPP client-server system (step
3). These eftorts are described in Section 4 (step 2) and in Section 5 (step 3). To set
feature extraction algorithmic inputs, we identified exposed and hidden parameters,
kept the default value of hidden parameters, and modified exposed parameters to
comparable values with other feature extractors (step 4). The comparison metrics
for feature and classification variabilities (step 5), together with the numerical results
(step 6) and our insights about sources of numerical variability (step 7), are provided
in Sections 6 and 7.

4. Integration of open-source libraries for 2D image measurements

We first integrated image feature extraction algorithms from open-source libraries into
WIPP [10]. We unified the application programming interface (API) to feature extrac-
tion algorithms via a common Extensible Markup Language (XML) file with input and
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output specifications (see Section 4.1). Next, we summarized all the features for each type

and counted the number of common features per pairs of software libraries (see
Section 4.2).

4.1 Integration of feature extraction libraries

Although integration of feature libraries was the main goal, we also had to consider the
computational scalability and traceability of image feature executions. For this purpose,
we leveraged past work on scientific workflow management systems because image fea-
tures are computed as a sequence of computational steps. One of these steps is the exe-
cution of software found in a third-party feature extraction library with the specified
inputs. To enable execution (i.e., integration of heterogeneous software), we predefine
a common file interface for inputs, design a parser for input parameters in the program-
ming language of each image library, and automate launching third-party software via a
command-line interface. The execution of feature extractions is then scheduled, mon-
itored, and managed by a scientific workflow system.

In an eftort to provide access to traceable image features, we designed the WIPP
architecture shown in Fig. 7.4. The main capabilities of this web-based framework for
traceable image feature extraction are (1) extensibility to include image feature extraction
libraries written in any programming language via a file interface, (2) data management to
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Fig. 7.4 Architecture of a client-server system for traceable image feature extraction.
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upload collections and download feature values, (3) configuration and execution inter-
face to feature extractors registered in the system, (4) collaborative access to traceable
image feature values that are hyperlinked to their provenance information, and (5) access
to all downloadable computational artifacts that are needed for reexecution.

In this client-server application, the server side has a representational state transfer
(REST) or RESTful API, built using the Java Spring framework. It is coupled with
the MongoDB database and a scientific workflow management system (WMS) called
Pegasus [31] to manage the feature extraction jobs. The client side is a light web appli-
cation written in JavaScript using the Angular]S framework. The client side communi-
cates via the REST API with the server side.

4.2 Summary of features in all integrated libraries

We evaluated five open-source libraries of feature extractors that have been integrated in
WIPP. Table 7.2 summarizes the number of overlapping features per software library and
the total number of features per feature type. These five libraries ofter extractions of 472
unique intensity, shape, and textural features. The split of 472 unique features across the
five libraries is the Python scikit-image (45), CellProfiler (125), MaZda (192), Java (77),
and ImageJ/Fiji (33). Of the total number of 472 features, there are 301 textural features
that are split across the four libraries as follows: Python (24 out of 45), CellProfiler (53 out
of 125), MaZda (172 out of 192), and in-house Java (52 out of 77). Features in Python
were calculated on top of an existing image-processing library (scikit-image). The fea-
tures in Image]/Fiji were computed as a plug-in using the Image] API [4], and Java fea-
tures were implemented from scratch at the National Institute of Standards and
Technology (NIST) [30]. MaZda and CellProfiler are stand-alone software libraries that
have a defined API to access a variety of features.

Table 7.2 Integrated software libraries and their counts of the common intensity, shape, and textural
features with other software libraries (#common) and of the total number of features (#total)

Feature type Library count Python CellProfiler MaZda Java ImagelJ/Fiji
Intensity feature | #common 3 5 4 6 8

Htotal 3 23 13 9 10
Shape feature #common 18 11 3 12 14

Htotal 18 49 7 16 23
Textural feature #common 16 44 44 0 X

#Htotal 24 53 172 52 X

X—stands for not included in the analyses.

Note: Due to the manual work involved in integrating features, we have not included all features in all libraries. For
example, the Python scikit-image and MaZda libraries contain more features than those integrated in WIPP for
quantitative comparison.
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5. Image features in scientific use cases

To illustrate numerical variations of intensity, shape, and textural features, as well as the
classification impact, we chose data from a published imaging experiment [8]. The ulti-
mate goal of this experiment was to measure the presence and classify the distribution of
Oct4 pluripotency markers in living cell colonies over a large field of view. The image
processing in this experiment is based on extracting colony features and then classifying
them based on those features. The use of object features in this experiment is common to
many other published microscopy experiments (e.g., cancer diagnosis from immunohis-
tochemistry images [32]).

As documented in Bhadriraju et al. [8], the images of cell colonies were taken every
45 min for 5 days (161 time points) in both phase-contrast and fluorescent-imaging
modalities. At every time point, one grid of 16 X 22 individual fields of view (FOVy)
was taken with a 10% overlap between FOVs in both the x- and y-directions.
A subset of all cell colonies was manually classified into three categories (homogeneous,
heterogeneous, and dark), based on the distribution of the Oct4 marker in each colony.
The class labels correspond to the visual assessment of Oct4 intensities within each cell
colony. The homogeneous label refers to the case when the majority of pixel intensities
have a high value (white). The dark label refers to the majority of low pixel intensities
(black) and the heterogeneous label refers to a mixture of pixel intensities.

To automate the processing of terabyte-sized images, the colony features were
extracted from the fluorescent channel and the colony masks were obtained from the
coregistered phase contrast channel. A gigapixel image at each time point was created
by using published background correction [33], stitching [34], segmentation [35],
tracking [36], and feature-extraction methods [37]. To predict classification labels, a
supervised logistic regression model was developed using colony features extracted from
140 stem cell colonies that were manually categorized as homogeneous, heterogeneous,
or dark. Fig. 7.5 illustrates colony examples for each classification category in both
acquired imaging modalities [i.e., phase contrast and green fluorescent protein (GFP)
channels].

The inputs into our study were as follows:

(1) 140 manually annotated cell colonies from 161 stitched and background corrected
fluorescent Oct4 images

(2) The corresponding colony masks computed by segmenting the stitched phase con-
trast images

(3) The classification labels assigned manually by experts

We opted to conduct the study with measured images rather than synthetic images

because we had no mathematical models for generating synthetic images that span a wide

range of image features, and we found the measured images to be a good initial approx-

imation of the range for most of the image features. Figs. 7.6 and 7.7 illustrate the ranges



Object measurements from 2D microscopy images

Phase contrast modalijty

GFP modality

Fig. 7.5 Cell colony classification into three classes: homogeneous (bright intensities), heterogeneous
(mixed bright and dark intensities), and dark intensity (indistinguishable dark intensities from
background). The classification is based on gray-level image intensities of fluorescently stained
cells with Oct4 pluripotency marker.
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Fig. 7.6 Histograms of mean intensity (left) and area (right) features from the objects defined by test
images and their masks.

of image features extracted from the selected measured images (140 colonies). Fig. 7.6
shows the histograms of intensity (mean) and shape (area) features. Fig. 7.7 displays
two textural gray-level cooccurrence matrix (GLCM)-based features. According to
the figure, the textural feature values cover (max(Data) — min(Data))/max(Theory) =
(3.8 —2.1)/7=24.3% (texture contrast) and (0.067 —0.025)/1=4.2% (second angular

moment) of the possible feature value range.
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Fig. 7.7 Histograms of GLCM-based texture contrast (left) and texture second angular moment (right)
features. Both were computed by using a Python library with parameters set to offset=3, angle=0
degrees, and the number of GLCM bins=8.

6. Variability of image features

We define the evaluation metrics for feature variability in Section 6.1, present analyses of
intensity, shape, and textural feature variability across five libraries in Section 6.2, and
discuss the sources of differences in Sections 6.3 and 6.4.

6.1 Feature variability metric

For any two feature extractors containing the implementations of the same feature, we

compute two numerical values per ROI. When the computation is applied to a set of’
=

ROIs, then it results in two vectors of numerical feature values, 17y =(17;) and

iy

V5 = (V5;), where i is the index of the ROI. To compare the two vectors, we first cal-
culate a vector of relative errors, ﬁ 12 = (Ell ’2) , that correspond to difterences normalized
by the average of 17}, and I5;. Next, we count the elements of the relative error vector for
which the error values exceed a specified threshold T'in order to define the dissimilarity

metric SF:

Ej? = Vi — Vail /(0.5% (Vi + Vay)) (7.1)

0 otherwise

SF = Zf fi= { 1> 1) (7.2)
i=1

where n is the number of ROIs, T is the user-defined error threshold, and the F in SF
stands for “feature.” In our work, T is set to 0.01, which can be interpreted as a 1%
deviation from the average. The purpose of T'is to include only significant feature value
differences. The error is normalized by the minimum value, which represents the worst-
case error scenario. In this example, the dissimilarity metric (SF) is the number of colonies
where the relative error was larger than 1%.
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Table 7.3 Summary of a pair-wise comparison of feature extraction libraries (rows) in terms of the
number of common (overlapping) features (CF) and the number of features with relative error larger
than 1% (SF)

Intensity Shape Texture
Feature extraction library pair SF CF SF CF SF CF
Python versus CellProfiler 2 3 6 11 12 12
Python versus MaZda 0 1 0 3 12 12
Python versus Image]/Fiji 0 3 9 12 0 0
Python versus Java 0 1 0 11 0 0
CellProfiler versus MaZda 0 2 2 3 36 44
CellProfiler versus Image]/Fiji 0 5 8 8 0 0
CellProfiler versus Java 0 3 4 7 0 0
MaZda versus Image]/Fiji 2 4 3 3 0 0
MaZda versus Java 0 4 0 3 0 0
Image]/Fiji versus Java 1 6 2 10 0 0
Sum 5 32 34 71 60 68

6.2 Image feature variability analysis

Table 7.3 shows the results of image feature variability evaluation using the metric
defined in Section 6.1. The rows report pairwise comparisons of feature extraction librar-
ies. The columns are organized based on the three types of features (i.e., intensity, shape,
and texture). The tabular entries document the values from the metric SF (T= 1%,
n=140 cell colonies per feature) and the total number of common features in a pair
of feature extraction libraries based on their definition.

For instance, out of 44 common textural features between MaZda and CellProfiler,
36 show a significant difterence in values. Python and CellProfiler have 12 common tex-
tural features whose values show significant difterences for all the features, which is similar
to the evaluation results for Python and MaZda. For the five open-source feature extrac-
tion libraries (Python, CellProfiler, MaZda, Image]/Fiji, and Java), we found 5 out of
32 intensity features, 34 out of 71 shape features, and 60 out of 68 textural features to
differ in their pairwise comparisons. These findings correspond to 15.6%, 47.9%, and
88.2% of intensity, shape, and textural features that difter in values, respectively.

6.3 Sources of image feature variations

To illustrate feature variability, we plotted the difference values between the feature value
Vi (j, feature extractor library index; i, ROI index) and the average of all feature values
over all feature extractors containing the implementation of that feature. Figs. 7.8-7.10
provide such visualizations for one of the intensity, shape, and textural features, respec-
tively. In Fig. 7.8, CellProfiler deviates from most feature extractors for mean intensity.
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Fig. 7.8 Mean intensity feature (ID =24) differences over multiple regions of interest (ROIs) from cell
colony images [20].
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Fig. 7.9 Perimeter feature (ID = 8) differences over multiple regions of interest (ROIs) from cell colony
images [20]. The unit is image pixels.

In Fig. 7.9, Image]/Fiji reports difterent values from the rest of feature extractors for the
perimeter (shape feature). Fig. 7.10 shows gray-level cooccurrence matrix (GLCM)-
based texture contrast difference values for the MaZda, Python, and CellProfiler libraries.
In this illustration, CellProfiler and MaZda agree in values but disagree with the values
from Python.
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GLCM-based texture contrast feature
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Fig. 7.10 Texture contrast difference feature (ID=28) over 140 ROIs. The values are plotted as the
difference between the computed feature and the average of all three values from MaZda,
CellProfiler, and Python.

Next, we have analyzed some of the sources of variation for the features referred to in
the Appendix. The sources of feature variations included theoretical formulas for the
same image feature, the physical units used to represent pixel-based measurements,
the definitions of objects in images (called regions of interest or ROIs), algorithmic
implementations, and the number of exposed parameters to a user in multiple feature
extractors. Our analysis also includes features requiring special attention because they
are prone to variation.

6.3.1 Intensity features

Kurtosis and Skewness: The kurtosis disagreement in values between software packages
depends on whether the excess kurtosis or kurtosis is implemented (fixed, offset by 3).
Similarly, one has to be aware of multiple definitions of skewness (e.g., sample versus
population skewness).

Histogram bins for intensities represented by more than 8 bits per pixel (special attention): Ima-
ge]/Fiji uses the max value +1 as the upper value of the last bin. It assumes that the lower
value of the first bin is always zero.

Python and its numpy library provide two definitions: B =histogram(X, N) uses
N equally spaced bins within the appropriate range for the given image data type. The
returned image B has no more than N discrete levels. B =histogram(X, edges) sorts
X into bins with the bin edges specified by the vector, edges. Each bin includes the left
edge but does not include the right one. The last bin is an exception because it includes

both edges.
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6.3.2 Shape features

Perimeter and Circularity: The perimeter variability comes from the fact that algorith-
mic implementations differ in counting interior or exterior pixels, use 4 or 8 connectivity
of pixels, and might interpolate between the boundary points. Circularity is inversely
proportional to the perimeter squared.

Solidity: The same definition of solidity is used by Python and Image]/Fiji (area/con-
vex area). The difference between these values comes from the convex area differences
because the implementations vary.

Centroid (and Bounding Box): The centroid and the bounding box are both subject to
the choice of the reference coordinate system (+col ~ x; +row ~ y or +row ~ —y). In
addition, the bounding box of a ROI is defined by its upper-left-corner coordinate and
its width and height. However, the bounding coordinates might vary depending on the
choice of values as integers or floats in a raster image.

Euler number (special attention): The Euler number definition is the number of objects
(ROIs) minus the number of holes. The value might difter depending on the assumptions
about the number of ROIs (Python assumes #ROIs=1).

Orientation (special attention): The orientation is the angle between the major axis of a

given ROI and the x-axis. It can be computed using two mathematical formulas: (1)
v, . .
0 = atan (7’>, where atan is the arctangent function and I, and V/, are the x- and

21,
Lie—1y

y-decompositions of the major axis of the ROI; and (2) 9=%atan2< ), where I,

and I, are the second moment of area along the x- and y-axes and I, is the product
moment of area. These two formulas are equivalent if the first one is computed in the
range of [— /2, /2] using atan, and the second one in the range of [— 7z, 7] using atan2.
The variations are observed if different value ranges or angular units would be reported by
selected software packages. The range can be either [— /2, /2] or [z, x], and the unit
can be expressed either in radians or degrees. In addition, the sign of the output angle
depends on the coordinate system (image coordinate or graph coordinate system with
clockwise or counterclockwise axes).

6.3.3 Textural Features

In comparison to intensity and shape feature variability evaluations, the evaluation of tex-
tural features is more challenging due to a large space of possible multistep computations.
The reason for this lies in the difficulty of describing image texture. According to Ref.
[38], textures are complex visual patterns composed of entities that have characteristic
brightness, color, slope, size, and other traits. To capture the textural complexity, we
decomposed the process of extracting textural features into four algorithmic steps:

(1) Pixel selection based on regions of interest (R Ols)

(2) Normalization of intensities
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Table 7.4 Parameters associated with each textural feature extraction step

Algorithmic steps Parameters

Selection of pixels ROI image mask

Normalization Type (none, min-max, mean % standard deviation)
Transformation Spatial scale, spectral bins

Computation of statistics Mathematical formula

(3) Spatiospectral transformation of pixels

(4) Computation of statistics from transformed pixels

Table 7.4 provides a high-level summary of all parameters associated with each textural
teature extraction step.

Because objects of interest can take arbitrary shapes, selection of pixels viaa ROI mask
allows us to extract textural features over only the ROI area. The purpose of normali-
zation 1is to adjust for various image-acquisition settings (e.g., dynamic ranges of images)
to enable the comparison of extracted textural features. The goal of spatiospectral image
transformations is to capture the structure of texture in a new coordinate space, such as by
applying Fourier, Gabor, wavelet, run length coding (RLC), or gray-level cooccurrence
matrix (GLCM) transforms. Finally, the objective of computations of statistics is to
reduce the dimensionality of the resulting textural feature.

To narrow down the number of textural features and their parameters, we chose
GLCM [39] as the transformation of interest because it has been implemented in many
software libraries and is used frequently in biological publications [8, 40]. For the GLCM
transform, spatial scale is defined by offset and angle parameters. Spectral bins map the
acquired dynamic range in bits per pixels (BPP) to a smaller range and define the GLCM
size, denoted by N (i.e., N corresponds to the number of distinct gray levels). In addition
to defining the spectral bins, the cooccurrence in GLCM can be computed by consid-
ering black-white and white-black transitions as the same (both transition counts are
added and the GLCM matrix is symmetric) or difterent (each transition is unique and
the GLCM matrix is asymmetric). Finally, when computing statistics from GLCMs,
the indexing of bins can vary between 0 and (IN— 1) or between 1 and N, which affects
numerical values derived using GLCM indices. This can be seen from the equations for
the texture difterence average:

N—-1, .
FO=3"" "ipey(i) (7.3)

N . .
F® = Zi:] ipy—y(i), (7.4)
where i is the index of the GLCM matrix, p(i, j) are the entries in the GLCM, and

Py =) p(in)). (7.5)
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The challenge of setting up the algorithmic parameters of multiple libraries lies in the
lack of access to some of these parameters (and their supported ranges). Thus, a user is left
with the option of only approximating parameter settings. We summarized the key
parameter differences among the Python, CellProfiler, and MaZda libraries in
Table 7.5. With the limited access to parameters listed in this table, we approximated
the selection of pixels by zeroing pixels outside of ROIs and left others intact. All other
parameters were set to the same values.

A detailed list of GLCM-based features is provided in the Appendix. It is important to
note that in order to extract statistically robust GLCM-based feature values, hundreds of
pixels in ROI are needed.

These complex sequences of computations and their algorithmic parameters needed
for extracting GLCM-based textural features become the sources of textural feature var-
1ability. The variability originates not only from the inconsistent settings of many param-
eters, but also from the fact that they are inaccessible. After a careful inspection of the
software, we identified additional sources of variabilities, such as naming discrepancies
(e.g., GLCM angular second moment versus GLCM energy), limited support of image
data types (e.g., larger than 8 BPP), and limited ranges of input parameters (e.g., GLCM
angles constrained to 0, 45, 90, and 135 degrees).

6.4 Discussion

The evaluation of feature variability across image feature extraction libraries depends on
the chosen metric and its parameters. The metric used in our analysis is based on a relative
error and depends on a user-specified threshold that was set empirically to 1% of the rel-
ative error. Feature variation evaluations also depend on a unit of feature measurement.
Our analysis uses pixel units. Note that Image]/Fiji reports all measurements in physical
units (i.e., pm), and therefore, the ImageJ/Fiji settings must be modified. In our study, we
set the units in ImageJ/Fiji to be in pixels.

To compare the magnitude of feature variability across intensity, shape, and textural
feature types, we plotted the evaluation results in Fig. 7.11 for 8 intensity features,

Table 7.5 Key parameter differences in GLCM-based features extracted by Python, CellProfiler,
and MaZda

Transformation

ROI Norm. Statistics
Library Support Type GLCM size N Sym. GLCM indexing
Python No Min-max 256 X 256 A 0-(N-1)
CellProfiler Yes Min-max 8x8 A 0-(N-1)
MaZda Yes None 8% 8 S 1-N

Sym. is for symmetry, A is asymmetric, and S is symmetric. Norm. stands for normalization.
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Fig. 7.11 Image feature variability based on the metric SF, evaluated over three pairs of feature
extraction libraries. Feature categories are indicated on the x-axis and index-to-feature name
mapping is provided in the Appendix.

19 shape features, and 48 textural features that are unique and common between pairs of
feature extraction libraries. The image shows a total of 75 unique features on the x-axis
(the mapping of a feature index to its feature name is in the Appendix) and the metric SF
on the y-axis [the count of ROIs (cell colonies) for which a given feature value varies
more than 1% between two feature extraction libraries (see the inset in Fig. 7.11)].

7. Feature-based classification

In order to evaluate the effect of image feature variability on feature-based classification,
we used the manually assigned labels (homogeneous, heterogeneous, and dark) in 140
colonies. The labels are assigned based on the distribution of the Oct4 marker in each
colony. From images of the Oct4 marker, we extracted 170 textural features per cell col-
ony using Python, CellProfiler, and MaZda libraries. Out of 170 features, we identified
68 common features between pairs of feature extractors. For these 68 features and the
colony labels, we built a classification model to assign each colony to one of the categories
based on its feature values. The classification outcomes were evaluated based on the clas-
sification variability metric, presented in the next section.
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7.1 Classification variability metric

Given the ith ROI (cell colony) in the set of ROls and two classification labels, L} and L7,
obtained from feature-based classifications of the ith ROI with the same input features
provided by two feature extraction libraries, the metric reports the number of ROlIs for
which L,-1 #* L,'Z. The metric does not measure the actual classification accuracy, but rather
the difference in classification outcomes across pairs of feature extraction libraries. The
SC metric definition is presented here (C in SC stands for classification):

sc:ifi ﬁ:{l if (L} #L7) (7.6)
i=1

0 otherwise

7.2 Classification variability analysis

To build a classification model, we randomly selected half of the 140 manually labeled cell
colonies for training and the remainder for testing. The training and testing steps are per-
formed for one feature at a time. The random split of 140 cell colonies is performed
10 times, and the majority label is selected as the final prediction for each colony.

Table 7.6 summarizes the number of features leading to feature-based classification
variability and the total number of common textural features for each pair of feature
extractors (rows). For this analysis, we chose the binary classification tree because it does
not include any randomness during its execution. Note that the classifier choice is not
important because we are not analyzing the accuracy of the results, but rather the difter-
ence in the classification outcomes. If all classification labels were the same regardless of
feature extraction libraries, then SC would be zero and nonzero SF would have zero
impact on SC.

7.3 Discussion

To compare the magnitude of classification variability across intensity, shape, and textural
feature types, we plotted the evaluation results as illustrated in Fig. 7.12. It shows a total of
75 unique features on the x-axis (the mapping of a feature index to its feature name is in

Table 7.6 Summary of pair-wise comparison of feature extraction libraries (rows) in terms of their
common features (CF) by definition and those common features that yield different classification
labels according to the classification variability metric SC

Intensity Shape Texture
Feature extraction library pair sC CF SC CF e CF
Python versus CellProfiler 0 3 7 11 12 12
Python versus MaZda 0 1 0 12 12
CellProfiler versus MaZda 0 2 2 3 42 44
Sum 0 6 9 17 66 68
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Fig. 7.12 Feature-based classification variability based on the metric SC evaluated over three pairs of
feature extraction libraries. Feature categories are indicated on the x-axis, and index-to-feature name
mapping is provided in the Appendix.

the Appendix) and the metric SC on the y-axis [the count of ROIs (cell colonies) for
which classification labels difter between two feature extraction libraries (see the inset
in Fig. 7.12)].

Based on this analysis, we concluded that the variation of intensity features had no
impact on classification. However, 9 out of 17 shape features (52.9%) and 66 out of
68 textural features (97.1%) had an impact on classification outcomes.

8. Summary

This chapter focused on object measurements or features from 2D microscopy images. In
the presence of many open-source and commercial image feature extraction libraries,
object measurements from images were evaluated in terms of their variability across mul-
tiple open-source libraries. The impact of object feature variability was quantified by ana-
lyzing feature-based classification outcomes. By characterizing these feature variations
across Python scikit-image, CellProfiler, MaZda, Image]/Fiji, and in-house Java libraries,
we concluded 15.6% of 32 intensity features, 47.9% of 71 shape features, and 88.2% of
68 textural features difter in value. These feature variations had no impact on classification
outcomes based on intensity features but had negative impact on classification based on
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shape features in 52.9% and based on textural features in 97.1% of single feature
classifications.

As one part of this work, we are also disseminating the web image processing pipeline
(WIPP) system, which integrates heterogeneous image feature libraries, executes feature
calculations, and shares hyperlinked image feature values with computational provenance
artifacts. Scientists can use WIPP for publishing traceable 2D image measurements. The
WIPP system installation is simplified using a Docker container and is available at https://
isg.nist.gov/deepzoomweb/software/wipp. We plan to upgrade the integrated image
extraction libraries to their latest versions over time.

The study focused exclusively on open-source image feature extraction libraries
because otherwise, the sources of feature variability could not be identified. We did
not include software that uses commercial platforms, as explained in the disclaimer at
the end of this chapter. While feature engineering inside deep-learning models has dem-
onstrated a good deal of promise in recent years, we did not include features from con-
volutional layers of deep-learning models in this study because the mathematical and
semantic meanings of those features are missing. Thus, relating those features would
be almost impossible across feature extraction libraries, deep-learning architectures,
parameters, and selections of training data subsets. Finally, we did not include
hardware-accelerated [central processing unit (CPU)/graphics processing unit (GPU)
or field-programmable gate array (FPGA)] software for image feature extraction because
GPU-accelerated image feature extraction has been missing in the open-source libraries.

The overall study documented the need for standard definitions of widely used image
teatures. In the absence of standards, there is a need for gathering provenance information
to achieve transparency of image measurements and reproducible research. As of now, ifa
laboratory performs a complex experimental design for drug treatment or scientific dis-
coveries, then feature-based classification results of data analyses will depend on the
choice of the image feature extraction library. Thus, scientists must keep provenance
information about the libraries and their parameters used for their analysis. Otherwise,
the results would not be reproducible between laboratories, and the ultimate conclusions
derived from the same experimental data may differ.

Standard definitions of widely used image features would also make object measure-
ments more likely to be optimized for speed of execution and memory consumption.
As reported in Ref. [37], the in-house Java package has the fastest CPU computation
time for a large number of small images (8162 ROIs in 238 images of size 446 kB) with
the speed-up factor of 2.81 (Python) and 36.55 (ImageJ/Fiji). However, against a large
image (200 ROIs in one image with a size of 1.9 GB), Python is the most efficient, with
a factor of 3.92 (Image]/Fiji) and 2.51 (Java), while CellProfiler would not run due to
its memory consumption exceeding our 10-GB limit. In the future, these benchmarks
could motivate the development of memory-efficient and hardware-accelerated
implementations.
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Appendix: Online information about the work

The reader can find detailed information about the work discussed in this chapter and
download the metadata files from https://isg.nist.gov/deepzoomweb/resources/
featureVariability/index.html.

The web pages contain information about the feature list, the feature index to feature
name mapping, and all the numerical data required to plot Figs. 7.8-7.12.

The numerical feature values have been postprocessed to deliver interactive interfaces
to traceable results of this image feature variability study. The set of interactive graphs and
tables is publicly available from the abovementioned web page. The web pages cited in
this chapter allow readers to identify interactively image features that difter across open-
source feature extraction libraries and to trace the numerical feature values to the original
(persistent) images used for quantification.
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