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Abstract. We introduce a novel biologically inspired feature descriptor,
Co-occurrence of Local Anisotropic Gradient Orientations (CoLlAGe),
that captures higher order co-occurrence patterns of local gradient ten-
sors at a pixel level to distinguish disease phenotypes that have sim-
ilar morphologic appearances. A number of pathologies (e.g. subtypes
of breast cancer) have different histologic phenotypes but similar radio-
graphic appearances. While texture features have been previously em-
ployed for distinguishing subtly different pathologies, they attempt to
capture differences in global intensity patterns. In this paper we attempt
to model CoLlAGe to identify higher order co-occurrence patterns of gra-
dient tensors at a pixel level. The assumption behind this new feature
is that different pathologies, even though they may have very similar
overall texture and appearance on imaging, at a local scale, will have
different co-occurring patterns with respect to gradient orientations. We
demonstrate the utility of CoLlAGe in distinguishing two subtly different
types of pathologies on MRI in the context of brain tumors and breast
cancer. In the first problem, we look at CoLlAGe for distinguishing ra-
diation effects from recurrent brain tumors over a cohort of 40 studies,
and in the second, discriminating different molecular subtypes of breast
cancer over a cohort of 73 studies. For both these challenging cohorts,
CoLlAGe was found to have significantly improved classification perfor-
mance, as compared to the traditional texture features such as Haralick,
Gabor, local binary patterns, and histogram of gradients.

1 Introduction

A number of pathologies have different histologic phenotypes but similar
radiographic appearances. One such instance is the problem of discriminating
fibroadenoma (FA), a benign breast tumor from triple negative (TN), an aggres-
sive breast cancer [1]. Both FA and TN have distinct cellular and architectural
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Fig. 1. Overview of CoLlAGe and overall workflow. The 1st module involves com-
puting localized gradient orientations, while in the 2nd module entropy of localized
gradient orientations is computed for every pixel. A histogram of entropy values is
then aggregated for every pixel and is subsequently used for classification.

arrangements when examined on a pathology slide under a microscope. How-
ever they have very similar morphologic appearances on MRI. In this paper,
we present a new biologically inspired feature descriptor, Co-occurrence of Lo-
cal Anisotropic Gradient Orientations (CoLlAGe), that captures higher order
co-occurrence patterns of local gradient tensors at a pixel level to distinguish
disease phenotypes that have similar morphologic appearances. While texture
features have emerged as a popular way of characterizing and distinguishing
subtly differing pathologies, these operators typically tend to capture global
textural patterns. One such class of texture features are grey-level co-occurrence
matrix (GLCM) [2] and Gabor steerable filters. These texture descriptors in-
volve computing global relationships between pixels by averaging responses to
various filter operators within the neighborhood of a single global descriptor.
While some texture features can provide pixel-level responses (e.g. local binary
patterns (LBP)) [3], these filters are often employed to provide pixel level or
patch based classification. LBP, unlike GLCM, provides a signature for every
pixel by capturing localized intensity variations across the pixel. However, LBP,
is highly dependent on the radius parameter, which is critical in extracting lo-
cal patterns. Additionally, both global and per-pixel texture representations are
based on intensity variations and are domain agnostic. When examined on a
histopathology slide under a microscope at a high magnification, the differences
between subtly different classes may be manifested in differently oriented nuclei,
lymphocytes, and/or glands. The differences in histologic architecture, which are
no doubt reflected on the imaging, hence need a new class of features to capture
subtle differences in image patterns on a local scale.

The rationale behind our approach, CoLlAGe, is that even though overall
the global textural patterns or even the filter responses at a majority of pixel
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locations might be similar between two differing pathologies (e.g. FA versus TN),
the organization of local gradients may differ across classes and will be relatively
consistent within a class.

2 Previous Work and Novel Contributions

A popular texture descriptor that captures orientation variations is histogram of
gradient orientations (HoG) [4]. HoG computes a global patch based signature by
computing histogram distribution of orientations computed on a per pixel basis.
However HoG, similar to the other texture descriptors, is domain agnostic and
is not designed to capture localized per voxel texture characteristics depicted
on imaging. A variant of HoG, called co-occurrence of histogram of gradient
orientations (Co-HoG) was recently presented by Watanabe et al. [5] where a
high-dimensional feature vector was computed for every pixel by accumulating
values from co-occurrence matrix computed on gradient orientations for pedes-
trian detection on a per-pixel basis. However, the approach in [5], (a) did not
capture localized variations across neighboring orientations, (b) is susceptible
to “curse of dimensionality” (due to a high dimensional feature space), and (c)
similar to its counterpart HoG, is domain agnostic.

Recently, deep learning (DL) has emerged as a powerful tool for learning al-
ternative representations of data for improved classification [6]. DL approaches
train multiple convolution layers on a large annotated dataset to learn abstract
but useful patterns between classes. Although DL has shown tremendous promise
in identifying complex differentiating patterns across diseases, the identified fea-
tures are not intuitive and cannot be used to understand the underlying dis-
ease characteristics. Additionally, DL strategies require large annotated training
dataset to obtain meaningful results.

CoLlAGe, on the other hand, is designed to be “biologically intuitive”. Firstly,
CoLlAGe captures neighborhood orientation variation via a localized gradient
tensor field that may reflect the underlying cellular arrangement of the pheno-
type on imaging. Secondly, CoLlAGe computes co-occurrence matrix on local-
ized gradient tensors to capture co-occurring patterns of orientation disorder
in a localized fashion. While co-occurrence matrices are commonly used to de-
scribe image texture, to our knowledge, this is the first attempt at employing
co-occurrences on localized gradient orientations to capture underlying orienta-
tion variations on imaging.

We demonstrate the utility of CoLlAGe in the context of two problems in-
volving brain tumors and breast cancer. The first application involves evaluating
radiation therapy response for distinguishing radiation necrosis (RN), a radiation
induced effect, from recurrent brain tumors (rBT) for primary and metastatic
(MET) brain tumors [7]. The second application involves identifying phenotypic
imaging signatures of molecular sub-types of breast cancer: triple negative (TN),
estrogen receptor positive (ER+), human epidermal growth factor receptor pos-
itive (HER2+), and benign fibroadenoma (FA) on dynamic contrast enhanced
(DCE)-MRI [1].
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3 Co-occurrence of Localized Gradient Orientations

A region of interest (ROI) on an MRI volume is defined as, C = (C, f), where
f(c) is the associated intensity at every pixel c on a 3D grid C. Computation of
CoLlAGe for every c ∈ C involves following steps,

1. Calculation of gradient orientations for every pixel: For every c ∈ C,

gradients along the X and Y directions are computed as, ∇f(c) = ∂f(c)
∂X î+

∂f(c)
∂Y ĵ . Here, ∂f(c)

∂X and ∂f(c)
∂Y are the gradient magnitudes along the X

and the Y axes respectively denoted by ∂fX(c) and ∂fY (c). The gradient

orientation θ of every c ∈ C is then calculated as θ(c) = tan−1 ∂fY (c)
∂fX (c) .

2. Computing local dominant orientations via principal component
analysis (PCA): A N×N window centered around every c ∈ C is selected.
We then compute ∂fX(ck) and ∂fY (ck), k ∈ {1, 2, . . . ,N 2}. The vector gra-

dient matrix
−→
F associated with every c is given by

−→
F = [

−→
∂fX(ck)

−→
∂fY (ck)],

where [
−→
∂fX(ck)

−→
∂fY (ck)], k ∈ {1, 2, . . . ,N 2} is the matrix of gradient vec-

tors in the X and Y directions for every ck. The most significant orientation
for each pixel ck within N × N is obtained by performing principal com-

ponent analysis on
−→
F . The dominant principal components in X and Y

directions are obtained as rkX and rkY for every k ∈ {1, 2, . . . ,N 2}. The most

significant orientation for every ck is then calculated as φ(c) = tan−1 rkY
rkX

.

3. Calculation of second-order statistics for most significant orien-
tations: The objects of interest for calculating CoLlAGe features are the
co-occurring directions given by discretization of the dominant orientation

φ̄(ck) for every pixel c, such that φ(ck) = ω × ceil( φ̄(ck)ω ), where ω is a dis-
cretization factor.
An N ×N co-occurrence matrix M subsequently captures orientation pairs
between pixels which co-occur in the neighborhood Wi, such that,

MWi(p, q) =

Wi∑

cj ,ck

N∑

p,q=1

{
1, if φ(cj)=p and φ(ck)=q

0, otherwise
(1)

where N = 360
ω is the number of discrete angular bins. Entropy measure,

E(c) is then computed from every co-occurrence matrix on every c as,

E(c) =
∑

p,q

−M(p, q)log(M(p, q)). (2)

4. A histogram of E is computed by aggregating E(ck), k ∈ {1, . . . , |C|},
where |.| is the cardinality of set C. The entropy histogram is divided into
bin size v, optimized on the training set via grid search optimization.
A CoLlAGe feature vector, F is then obtained for every C which consists of
the binned histogram values in the form of v×1 vectors. F is then employed
within a classifier for classification purposes.
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Data: ROI volume C
Result: CoLlAGe features, F
begin

for each pixel c ∈ C, do
Obtain gradients ∂fX(c) and ∂fY (c) along X- and Y - axes ;

Obtain gradient orientation θ(c) = tan−1 ∂fY (c)
∂fX(c)

;

end
for each pixel c ∈ C, do

Compute gradient vectors
−−→
∂fX(ck) and

−−→
∂fY (ck) in N ×N neighborhood;

Obtain localized gradient vector matrix
−→F = [

−−→
∂fX (ck)

−−→
∂fY (ck)];

Compute dominant orientation, φ(ck), k ∈ {1, . . . ,N 2} via PCA;
end
Compute Co-occurrence matrix M from φ(c);
Compute E(c) from M;
Obtain v×1 dimensional feature vector F from distribution of E ;

end

Algorithm 1. Computation of CoLlAGe features

4 Experimental Results and Description

4.1 Data Description

Dataset 1 comprised two cohorts of 20 primary (10 RN, and 10 rBT) and 20
MET (12 RN and 8 rBT) patient studies respectively. All the studies were ret-
rospectively acquired with 3 Tesla Gadolinium-constrast (Gd-C) T1-w MRI),
and were histologically confirmed on biopsy samples by an expert pathologist.
Dataset 2 comprised DCE-MRI studies from 65 women with 73 breast lesions
for whom pathology results and ER, PR, and HER2 results were available. Ref-
erence standard diagnosis was made by histopathologic examination of tissue
obtained by either core biopsy sampling or lumpectomy. Of the 73 lesions, 9
were benign FA, 21 were TN, 18 were HER2+, and 25 were ER+.

4.2 Implementation Details

Figure 1 shows the work-flow of CoLlAGe, and its implementation in the context
of clinical problems in brain tumors and breast cancer. We compared CoLlAGe
against GLCM, Gabor, HoG, and LBP features, and evaluated their performance
using a support vector machine (SVM) classifier [8] with a radial basis function
(RBF) kernel. A 3-fold cross-validation strategy was employed and the perfor-
mance of each of the texture descriptors was compared over different window,
N ∈ {3, 5, 7, 9}, and bin sizes, v ∈ {10, 20, 30, 40, 50} . v = 30, and N = 7 were
found to be optimal parameters across different descriptors and was employed
for further evaluation. The average accuracy values were reported over 100 runs
of 3-fold cross validation for both the cohorts. Wilcoxon’s rank sum test [9] was
performed to report statistical significance and corrected for multiple compar-
isons for the experiments performed for the two use-cases.
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Table 1. Summary of features and feature parameters used in this work

Descriptor # Feature setting Description

Haralick 26 N ∈ {3, 5, 7, 9} gray-level co-occurrence such as angular sec-
ond moment, contrast and entropy

LBP 59 radius R = 8 Histogram of intensity variations within R

HoG 20 bin-size=18◦ Histogram of gradient orientations

CoLlAGe 30 ω = 20; N ∈ {3, 5, 7, 9};
v ∈ {10, 20, 30, 40}

Entropy of localized gradients for N ×N

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

(k) (l) (m) (n) (o)

(p) (q) (r) (s) (t)

Fig. 2. Original DCE-MRI for ER+ (a), TN (f), HER2+ (k), and FA (p) with the
lesion outlined in red. 2(b), (g), (l), (q) correspond to Haralick, while 2(c), (h), (m),
(r) correspond to LBP representations of the lesion on ER+, TN, HER2+, and FA
images. 2(d), (i), (n), (s) represent localized gradient orientations, while 2(e), (j), (o),
(t) represent entropy heatmaps for the corresponding lesion on (a), (f), (k) and (p),
where red represents higher while blue represents low entropy values.



Co-occurrence of Local Anisotropic Gradient Orientations (CoLlAGe) 79

4.3 Distinguishing RN from rBT for Primary and MET Patients

Figure 1 shows a representative RN, and rBT patient for primary brain tumor
cohort. The orientations shown in magenta correspond to rBT, while the ones
in green correspond to RN. The heatmaps represent entropy values obtained
from the localized orientations on a per-pixel basis, where higher values of en-
tropy are shown in red while lower values are shown in blue. It is interesting
to note that the entropy values for rBT on a per pixel basis are substantially
higher than those of RN suggesting orientation disorder in recurrent tumor. The
histogram plots shown in red (RN), and blue (rBT) seem to suggest a clear sep-
aration between entropy distributions across the two morphologies. Figure 3 (a)
demonstrates the quantitative results obtained for both primary as well as MET
patients in distinguishing RN from rBT. For both the cohorts, CoLlAGe (80.25
± 7.89% for primary cases, 77.55% ± 3.35 for MET) was found to significantly
outperform Haralick (62.19% ± 0.99% for primary, 63.83% ± 2.42% for MET),
Gabor (59.68% ± 5.8% for primary, 59.45% ± 1.73% for MET), LBP (63.63 ±
3.21% for primary, 65.75% ± 6.76% for MET), and HoG features (60.62 ± 3.21%
for primary, 72.99% ± 1.35 for MET).

4.4 Distinguishing TN from Other Breast Cancer Subtypes

Figure 2 illustrates the qualitative comparison of CoLlAGe with the other tex-
ture descriptors, Haralick, LBP, and HoG in differentiating molecular subtypes,
ER+ (2(a)), TN (2(f)), HER2+ (2(k)), and FA (2(p)) on DCE-MRI. Note the
apparent differences in entropy heatmaps across 2(e), (j), (o), and (t) correspond-
ing to ER+, TN, HER2+, and FA respectively. The most prominent difference is
reported between FA, a benign condition, from ER+, a subtype of breast cancer.
The results suggest that the orientations of cancer subtypes are more disordered
than the benign condition. Similarly, ER+ reported overall higher entropy val-
ues than TN, and HER2+ cancer subtypes. The accuracy values averaged over
100 runs of 3 fold cross-validation for different feature descriptors are shown in
Figure 3(b). It is interesting to note that although CoLlAGe significantly out-
performs the other texture descriptors (Haralick, Gabor, LBP, and HoG) for
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Fig. 3. Mean accuracy values obtained for different feature descriptors (Haralick, LBP,
HoG, Gabor, CoLlAGe) for (a) brain tumor, and (b) breast tumor datasets respectively.
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distinguishing the more difficult disease subtypes (TN vs. HER2+, TN vs. ER+
and TN vs. ER+/HER2+), the results of CoLlAGe were comparable to Haralick
descriptors for distinguishing TN vs. FA.

5 Concluding Remarks

In this work, we presented a new feature descriptor, Co-occurrence of Local
Anisotropic Gradient Orientations (CoLlAGe), that captures higher order co-
occurrence patterns of local gradient tensors at a pixel level to distinguish dis-
ease phenotypes that have similar morphologic appearances. We demonstrated
the utility of CoLlAGe in identifying MRI phenotypes for clinically challenging
problems in the context of breast and brain tumors for (a) distinguishing radia-
tion necrosis, a treatment related effect from recurrent brain tumors over a cohort
of 40 MRI studies, and (b) distinguishing breast cancer subtypes (ER+, HER2+,
TN, and FA) over a cohort of 73 DCE-MRI studies. CoLlAGe was found to sig-
nificantly outperform traditional texture descriptors such as Haralick, Gabor,
local binary patterns, and histogram of gradients for the two use-cases, except
for distinguishing FA from TN, where the results were found to be comparable
to Haralick texture descriptors. In future work, we will seek to understand the
correlation of CoLlAGE with pathologic correlates and evaluate its applicability
across other disease sites such as prostate cancer.
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