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ABSTRACT
In this paper we present the concept and associated methodological framework for a novel locally adaptive scale
notion called local morphological scale (LMS). Broadly speaking, the LMS at every spatial location is deﬁned
as the set of spatial locations, with associated morphological descriptors, which characterize the local structure
or heterogeneity for the location under consideration. More speciﬁcally, the LMS is obtained as the union of
all pixels in the polygon obtained by linking the ﬁnal location of trajectories of particles emanating from the
location under consideration, where the path traveled by originating particles is a function of the local gradients
and heterogeneity that they encounter along the way. As these particles proceed on their trajectory away from
the location under consideration, the velocity of each particle (i.e. do the particles stop, slow down, or simply
continue around the object) is modeled using a physics based system. At some time point the particle velocity
goes to zero (potentially on account of encountering (a) repeated obstructions, (b) an insurmountable image
gradient, or (c) timing out) and comes to a halt. By using a Monte-Carlo sampling technique, LMS is eﬃciently
determined through parallelized computations. LMS is diﬀerent from previous local scale related formulations
in that it is (a) not a locally connected sets of pixels satisfying some pre-deﬁned intensity homogeneity criterion
(generalized-scale), nor is it (b) constrained by any prior shape criterion (ball-scale, tensor-scale). Shape descriptors quantifying the morphology of the particle paths are used to deﬁne a tensor LMS signature associated with
every spatial image location. These features include the number of object collisions per particle, average velocity
of a particle, and the length of the individual particle paths. These features can be used in conjunction with
a supervised classiﬁer to correctly diﬀerentiate between two diﬀerent object classes based on local structural
properties. In this paper, we apply LMS to the speciﬁc problem of classifying regions of interest in Ovarian
Cancer (OCa) histology images as either tumor or stroma. This approach is used to classify lymphocytes as
either tumor inﬁltrating lymphocytes (TILs) or non-TILs; the presence of TILs having been identiﬁed as an
important prognostic indicator for disease outcome in patients with OCa. We present preliminary results on the
tumor/stroma classiﬁcation of 11,000 randomly selected locations of interest, across 11 images obtained from
6 patient studies. Using a Probabilistic Boosting Tree (PBT), our supervised classiﬁer yielded an area under
the receiver operation characteristic curve (AUC) of 0.8341 ±0.0059 over 5 runs of randomized cross validation.
The average LMS computation time at every spatial location for an image patch comprising 2000 pixels with 24
particles at every location was only 18s.
Keywords: Local Morphologic Scale, Tumor Inﬁltrating Lymphocytes (TIL), Locally Adaptive Scale, Digital
Pathology, Segmentation, Classiﬁcation

1. INTRODUCTION
The notion of scale in the context of image processing has been routinely employed over the last few decades
to facilitate multi-resolution feature analysis; the assumption being that certain pertinent image features are
only discernible at certain image scales and hence a spectrum of image resolutions needs to be considered for
object recognition. Multi-scale approaches (scale-space1 and hierarchical pyramids2 ) envisioned image processing
operations being applied on a single image at varying levels of resolution; homogeneous regions being operated
on at a lower resolution, with more heterogeneous regions being examined at higher resolutions. A limitation of
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Figure 1. The associated b-scale ((a)-(d)), g-scale ((e)-(h)), and LMS signatures ((i)-(l)) shown for a candidate image
location on an OCa biopsy image in red. For a lymphocyte in stromal regions (Figures 1 (a), (b))) the associated b-scale
((a), (b)) and g-scale ((e), (f)) regions are large, reﬂecting the relative image homogeneity in that location of the image.
Note however that the corresponding g-scale set is aﬀected by the presence of local heterogeneity (g-scale has multiple
cavities). The LMS ((i), (j)) for stromal regions has particles radiating far out in certain directions, but is also locally
constrained (to the right) on account of neighboring nuclei. For the TILs ((c), (d)), the corresponding b-scale is small,
with g-scale resulting in an amorphous shape with multiple cavities. Additionally the g-scale sets for the TIL regions in
((g), (h)) appears dramatically diﬀerent. The corresponding LMS ((k), (l)) while not constrained by a prior shape model,
yields a local structural signature that is consistent across both ((k), (l)) and distinctly diﬀerent from the corresponding
non-TIL LMS signatures ((i), (j)).

these multi-scale techniques is that an ”optimal” image resolution needs to be selected from within the image
pyramid.2 Additionally, some approaches3 might require selection of multiple image scales for classiﬁcation of a
single image region.
To overcome these diﬃculties, the idea of locally adaptive scale emerged.4 The concept of local scale was
introduced to characterize varying levels of image detail so that localized image processing tasks could be performed, yielding an optimal result globally. Pizer et al.5 suggested that having a locally adaptive deﬁnition of
scale was necessary even for moderately complex detailed images. By quantifying these images details, an adaptive local scale image could encode implicit information present in the image intensity values. Saha and Udupa
introduced the notion of ball-scale6 which at every spatial location was deﬁned as the value corresponding to the
radius of the largest ball encompassing all locations neighboring the location under consideration and satisfying
some pre-deﬁned homogeneity criterion. In,7 Saha extended the ball-scale idea to a tensor-scale (t-scale), where
the t-scale was deﬁned as the largest ellipse at every spatial location where the pixels within the ellipse satisﬁed
some pre-deﬁned homogeneity criterion. The shape constraints of both (b-scale) and (t-scale) were overcome by
Madabushi and Udupa with the introduction of Generalized scale (g-scale).8 G-scale was deﬁned as the largest
connected set associated with every spatial location, such that all spatial locations in this set satisﬁed a pre-
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Figure 2. Flow chart showing the LMS signature creation algorithm. Particles emanate at each image location and proceed
in radially divergent directions with the same initial conditions. As the particles traverse along their initial path they
might encounter 3 diﬀerent situations: (a) a high velocity may allow them to overcome obstacles, (b) a low velocity
and a relatively minor obstacle in which case the particle can navigate around the obstacle, and (c) low velocity and an
insurmountable obstacle (e.g. a large image gradient) in which case the particle grinds to a halt. The lower right panel
shows the ﬁnal LMS, reﬂecting the ﬁnal resting location of the particles. The set of pixels in the polygon obtained by
linking the ﬁnal locations of the particles is the ﬁnal LMS corresponding to the spatial location under consideration.

deﬁned homogeneity criterion. Locally adaptive scale has seen application in a variety of image processing tasks
including MRI bias ﬁeld correction,9 image segmentation,8 image registration,10 and image coding.11 The common thread between these local scale concepts was that they were deﬁned based on some homogeneity criterion
linking the pixels neighboring the spatial location under consideration. Figure 1 reveals that both the b-scale
((a)-(d)) and g-scale ((e)-(h)) representations for a speciﬁc spatial location (located in the center of the image)
attempts to identify the largest ball and set of pixels, respectively, that is homogeneous with respect to the
pixel under consideration. Note that the initial motivation of both b-scale, and g-scale was from the perspective
of noise ﬁltering and bias ﬁeld correction,9 image processing operations that warranted identiﬁcation of locally
connected homogeneous regions. Consequently the scale deﬁnitions are not necessarily optimized to capture local
heterogeneity, except as a very small ball (in the case of b-scale) or set (in the case of g-scale) of homogeneous
pixels in image regions with signiﬁcant complexity. In the context of biological images12 (such as in microscopy
applications or histopathology imagery), the objective is often to identify local regions of heterogeneity (e.g.
cancer nuclei, lymphocytes), whereas larger homogeneous regions (e.g. benign stroma) may be less interesting
or informative from a diagnostic or prognostic perspective.13, 14 Additionally, the shape or architecture of this
local heterogeneity may be highly predictive of a pathologic process (e.g. architectural arrangement of nuclei
and glands in prostate cancer reﬂects the Gleason grade and hence aggressiveness of the disease15 ).
It is important here to note that the b-, t-, and g-scale formulations were not devised with the purpose of
object classiﬁcation in mind. While both the b- and t- scale deﬁnitions assign a feature vector (ball radius
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and parameters of ellipse respectively) to each image location, which could then potentially be used to perform
pixel-level classiﬁcation, it is not clear whether these b-, t- scale related parameters are discriminatory enough.
For instance, for an ovarian cancer (OCa) biopsy image (Figure 1), the b-scale at two diﬀerent locations in the
image (Figures 1 (c), (d)), are identical in spite of signiﬁcantly diﬀerent local structural attributes. Similarly
the g-scale representations at 4 diﬀerent image locations from within the OCa biopsy image does not appear
to yield a signature that is amenable to object or pixel level classiﬁcation. Hence for images where the most
interesting information is encoded in the local heterogeneity, and where the objective is to spatially assign
distinctive quantitative scale signatures to characterize and classify these regions, it would appear that a new
local scale deﬁnition is warranted.
In this paper we present the concept of Local Morphologic Scale (LMS) which attempts to model local
heterogeneity and associate a quantitative local morphometric signature with every spatial image location. Local
structure is characterized by the presence, strength, and orientation of local image gradients. These local
gradients are a function of the precise location of neighborhood objects (pixel intensities in the case of images).
The LMS deﬁnition aims to capture and quantify the magnitude and orientation of the local gradients, computed
on a per pixel basis. Our deﬁnition of LMS assumes that every pixel is associated, initially, with identical potential
energy. Each spatial location under consideration emanates multiple particles (in diﬀerent radial directions) and
moves them with an initial velocity in diﬀerent trajectories (see Figure 2 for ﬂowchart). If the particle moves
along an unimpeded trajectory (i.e. it does not encounter an obstruction in the form of a location with a very
diﬀerent intensity compared to that at the current location) the particle gains velocity. Obstructions, in the form
of high local gradients, reduce the particle’s velocity and cause changes in the particle’s trajectory. When the
particle’s velocity goes to zero (on account of colliding with an insurmountable gradient or running out of time)
it stops moving. The connection of the ﬁnal particle trajectories yields a closed polygon which is the LMS for
the pixel under consideration. The LMS diﬀers from prior local scale deﬁnitions in two fundamental ways:
1. LMS is not constrained by a pre-deﬁned shape criterion (unlike b-scale and t-scale). While g-scale is also not
shaped constrained, the LMS, unlike g-scale, is determined by particle trajectories and a physics based system
to characterize local structural heterogeneity and not using a pre-deﬁned homogeneity criterion.
2. Unlike the b-, t-, and g-scales, the LMS yields a rich set of discriminatory features at every spatial location,
which can then be used in conjunction with a supervised classiﬁer to perform pixel or object level classiﬁcation.
In this work we demonstrate an application of LMS for the problem of classiﬁcation of regions as either
stromal or endothelial in Ovarian Cancer (OCa) histology slides. It has been suggested that16–18 lymphocytes
which are tumor inﬁltrating (TILs) serve as a prognostic image marker of disease outcome in OCa. Since
lymphocytes in both the stromal and tumor regions appear identical, identifying TIL’s requires identifying the
kind of tissue that the lymphocyte is embedded in. In other words discriminating TILs from non-TILs has
to do with quantifying the appearance of the local neighborhood within which a lymphocyte is present. A
lymphocyte present within a largely homogeneous region is strongly suggestive of one embedded in stroma
(a non-TIL), whereas a lymphocyte surrounded by tumor cells is one where the local neighborhood would be
very heterogeneous. As may be appreciated from Figures 1 (i), (j) the LMS extends radially outwards for
lymphocytes in the stroma region (on account of lack of impediments), while for TILs (Figures 1 (k), (l)) the
particle trajectories are constrained on account of the local heterogeneity.
The diﬀerence in the LMS shape for the lymphocytes in Figures 1 (i), (j) and Figures 1 (k), (l), respectively
could be exploited to distinguish all TILs and non-TILs in the image, a laborious task for a human to perform
manually. In this work we show that a Probabilistic Boosting Tree (PBT)19 classiﬁer can be used in conjunction
with the LMS features to accurately discriminate between stroma and non-stroma regions in OCa histology
images.
We also demonstrate that LMS exhibits invariance to changes in object illumination and to image intensity
diﬀerences across multiple imaging protocols for the same patient study. We qualitatively demonstrate that the
LMS scenes (obtained by replacing the image pixel intensities with corresponding LMS derived features) are
nearly identical for the same image in diﬀerent color spaces and across diﬀerent imaging protocols. These results
suggest that LMS may have applications in other image processing domains such (apart from pixel-level or object
classiﬁcation) as image registration.
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Figure 3. The spatial location under consideration across all images is shown via the green ’x’. The particle paths
emanating from ’x’ are shown in red. In (a), the particle heading out at 15◦ hits an obstruction and comes to a halt
(yellow circle shows the ﬁnal resting location). In (b), the particle heading out at 285◦ goes around the obstruction. In
(c) the particle has amassed enough velocity that it is able to proceed over the obstructions. The yellow circle in each of
((a)-(c)) represents the ﬁnal resting place for the particle pi .

The rest of this paper is organized as follows. In Section 2, we describe the theory and properties of LMS. In
Section 3 we describe an algorithm, and associated implementation details, for the creation of an LMS signature
and the features which can be derived from the LMS. Qualitative and quantitative results showcasing the use of
these LMS features to discriminate stromal and non-stromal regions in OCa biopsy specimens are presented in
Section 4. Concluding remarks and future directions are presented in Section 5.

2. THEORY AND PROPERTIES OF LOCAL MORPHOMETRIC SCALE
2.1 Deﬁnitions
An image is deﬁned as C = (C, f ), where C is a nD grid representing N spatial locations c ∈ C, f (c) ∈ Rs where
s represents the dimensionality of f (s = 1 for a gray scale image and s = 3 for an RGB color image). For a 2D
image scene, C ∈ R2 and c = (x, y) represent the cartesian coordinates of pixel c and f a color intensity function
associated with c.
For each c ∈ C, there are associated particles pi , i ∈ {1, . . . , m}, where m = 2π/θ and θ is a predeﬁned
parameter. Each particle pi originates from c and travels along diﬀerent radial directions (speciﬁed by 2π − θi)
away from c. For each particle, initial particle energy (ui,0 ) is the potential energy given to each particle which
causes it to start moving. Over the course of the particle’s travel the particle energy ui,t , where t ∈ {0, . . . , T },
will change.
Deﬁnition 1 The catchment region, R(c, pi ) ∈ C, for a pixel c and particle pi , i ∈ {1, . . . , m}, is the image
location where ui,t = 0.
pi thus comes to a halt when either ui,t = 0 or when the particle has reached t = T . Figure 3 shows
three diﬀerent scenarios for a particle with diﬀerent initial velocities and encountering impediments of varying
magnitude.
Deﬁnition 2 The trajectory T(c, pi ) associated with particle pi , i ∈ {1, . . . , m}, originating at c ∈ C is given as
T(c, pi ) = {d(0) , d(2) , . . . , d(k) }, where d(t) ∈ C and t, k ∈ {1, . . . , T }.
Note that d(k) is the position of the particle pi after its velocity ui,k = 0 or a certain length of time T has
elapsed since pi began moving.
The system of physics based equations that dictate the trajectory T(c, pi ) are given as follows. At the time
step t + 1, pi ’s velocity is updated as,
ut+1 = ut − |f (d(t) ) − f (d(t+1) )|.
Since d(0) = c, the subsequent location d(1) is identiﬁed as
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Figure 4. Illustration of the relative invariance of the LMS to the choice of color space. For some pixel c ∈ C, the
corresponding L(c) (in red) is shown in the original RGB color space. Note that the corresponding L(c) obtained
following transformation of the image in (a) to alternative color spaces (b) HSV and (c) an arbitrary color transformation
of RGB, are surprisingly consistent. This particular property of LMS will have important implications in CAD application
in histopathology where staining and illumination diﬀerence can signiﬁcantly alter visual appearance of the image scene.

d(t+1) = argmin|f (d(t) ) − f (e)|,

(2)

e∈N(dt )

where N(dt ) represents the 8-connected neighborhood of d(t) in R2 . T(c, pi ) is terminated when for any given
iteration t, ut ≤ 0 or when t = T . Particle trajectories for pixel c ∈ C for the OCa image are shown (in red) for
Figure 3.
Deﬁnition 3 The LMS L(c) for any c ∈ C is obtained as the set of all pixels d ∈ C contained in the polygon P,
constructed by linearly connecting R(c, pβ ) and R(c, pβ+1 ) where β ∈ {1, ..., m − 1}.

2.2 Property 1: Invariance of LMS to Color Spaces
One of the key challenges in developing computer assisted diagnostic (CAD) methods for the automated detection
and classiﬁcation of objects in histopathology imagery, is the ability to deal with changes in illumination and
stain variations.13, 14, 20 LMS has the unique advantage of being invariant to the absolute color values associated
with the image pixels. Since L is computed from the image gradient (see Equation 1), a derivative of local
structure in this case, L encodes images of similar structure in a manner independent of their absolute intensity
value characteristics.
Qualitatively, we can examine this property in Figure 4; we see (a) the original image along side (b) the
corresponding HSV representation and lastly (c) an arbitrary color transformation of the original space. When
we consider a spatial location c and compute the associated L(c) across the 3 scenes, it can be observed that
although the color spaces are signiﬁcantly diﬀerent, the LMS signature is surprisingly consistent.

2.3 Property 2: Invariance of LMS to diﬀerent imaging protocols
To illustrate the invariance of LMS to diﬀerent imaging protocols we considered a synthetic multimodal data set
from BrainWeb,21 comprising corresponding multiprotocol (T1, T2, and PD) MRI slices. A single 2D slice (gray
scale) from within this 3D volume was selected. Figure 5 shows three diﬀerent MRI protocols (T1 (a), T2 (b),
PD (c)) for a corresponding slice along with their corresponding LMS scenes ((d), (e), (f) respectively). At each
c ∈ C the LMS derived features (e.g. area, perimeter, orientation, major and minor axis length, eccentricity,
equivalent diameter, and solidity) were extracted; then features were rescaled in order to lie in the range [0,1].
Principal component analysis (PCA) was then performed on the LMS matrix in order to obtain the top 3
eigenvectors for each pixel. The ﬁrst principal component is then mapped to the Red channel, the second to the
Green channel, and the third to Blue channel. Each image channel is then independently rescaled to the [0,255]
range. Although the input images are all of diﬀerent intensity values and contrast patterns, the LMS scenes are
surprisingly similar.
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Figure 5. (a) T1, (b) T2 and (c) PD MRI images of a representative 2D planar section from a synthetic 3D brain study
obtained from the Brainweb21 repository. A visual representation of the corresponding PCA scenes derived from the LMS
signatures at every spatial location ((d), (e), and (f), respectively). Using the 9 LMS features presented in Table 1, the
RGB values were set to the three largest principal components. Note the similarity in visual appearance of the PCA
representations of the LMS scenes derived from the 3 diﬀerent MRI protocols ((a)-(c)). In each of the Figures 5(d)-(f),
every pixel is represented by the 3 principal eigenvectors, scaled to the RGB color space.

3. ALGORITHM, IMPLEMENTATION, AND LMS FEATURES
3.1 Algorithm
We present the algorithm (Algorithm 1) for computing the LMS, L(c) for every c ∈ C.
After initializing particle pi in direction δ, where δ = 2π − θi, i ∈ {1, . . . , m} and with an initial velocity of
ui,0 , the particle pi continues to propagate until either the simulation has ended or ui,t = 0. Step 6 sets the
tentative next particle location, d(t+1) , to the adjacent pixel in the direction of δ. Step 7 determines if pi has
suﬃcient velocity at d(t) for it to be able to move to d(t+1) . In the case where the particle is obstructed, we
examine N(d(t) ) to determine which of the locations e ∈ N(d(t) ), pi should move to next. For each e ∈ N(d(t) ),
the gradient with respect to d(t) is determined, and pi moves to the location determined by Equation 2. This
intuitively coincides with a particle going around an obstruction which results in the curved paths as seen in
Figure 3(b).
Figure 3 illustrates the three typical situations encountered by a particle. A particle is placed at c, which in
this case is marked with a green ”x”. The particle moves in a direction determined via Equation 1. In Figure
3(a) we can see a particle heading out at an angle 15◦ , and continuing unobstructed until its velocity goes to 0
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Algorithm 1 LMS
Input: c ∈ C, intensity function f, interval θ, initial energy u0 , maximum time T
Output: L(c)
1: for δ = 0 : θ : 2π do
2:
t=1
3:
d(t) = c
4:
while t < T and ut > 0 do
5:
Set d(t+1) to location adjacent to d(t)
6:
if |f (d(t+1) ) − f (d(t) )| > ut then
7:
d(t+1) = argmin|f (d(t) ) − f (e)|
e∈N(dt )

8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

end if
ut+1 = ut − |f (d(t) ) − f (d(t+1) )|
t=t+1
end while
i = δ/θ
T(c, pi ) = {d(0) , d(2) , . . . , d(t) }
R(c, pi ) = d(t)
end for
P(c) = polygon delineated by sequentially connecting R(c, pi ), i ∈ {1, . . . , m}
L(c) = ∀z ∈ C encompassed by P(c)
return L(c)

(a)

(b)

(c)

Figure 6. The eﬀect of changing the number of radial particles emanating from each c ∈ C. In the case of θ = 180 (a) a
particle is introduced at 2◦ intervals, and the computation time is higher, but the resulting LMS L(c) is able to capture
local heterogeneity with greater resolution. (c) When θ = 12 the corresponding L(c) has poorer resolution. (b) θ = 36 in
this instance represents a good compromise between resolution and computational complexity for L(c).

and it comes to a halt. On the other hand, in Figure 3(c) we can see a particle heading with an orientation of
224◦ , and continues unobstructed until it arrives at a stained endothelial cell. In spite of the high image gradient
at this spatial location, the particle’s velocity allows it to circumvent the endothelial cell and carry on, on its
path. Finally, in Figure 3(b) we can see a particle heading out at an initial orientation of 270◦ , and continues
unobstructed until it reaches a large tumor cell. The particle’s current velocity is insuﬃcient for it to overcome
the obstacle; it is however able to ﬁnd a less resistant path and thus circumvents the obstruction, albeit at a
reduced new velocity. The ﬁnal location (catchment) where the particle comes to a halt (in each case) is indicated
by a yellow circle (Figures 3(a), (b), (c)).

3.2 Implementation
The preprocessing consists of creating a quantized color scene (to reduce the color resolution on account of
computational considerations) by using a standard k-means algorithm.22 Hence the total number of unique
color/gray scale intensities in the image is reduced to q.
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We can see from Step 1 of the LMS algorithm, the Monte-Carlo (the use of repeated random sampling to
compute increasingly accurate results) aspect of the algorithm allows for the selection of a distribution of θ values
which coincide with the resolution of L(c). By increasing the number of radial particles emanating from c (a
direct result of setting θ to a higher value) the computation time is increased, but the resulting LMS L(c) is able
to capture local heterogeneity with greater resolution (see Figure 6(a)). On the other hand, with a smaller θ
value, we can see L(c) losing its distinctiveness (Figure 6(c)). This allows the overall computation time of L(c)
to be modulated as a function of the desired resolution.
The overall scene L is identical regardless of order of computation of both c and p. Evidence of this comes
from L(cj ) being computed independently from ck (j = k), where k ∈ {1, . . . , N }, and T(c, pi ), ∀i ∈ {1, . . . , m},
being computed deterministically. Additionally, due to the decoupling of both points and particle paths, LMS
is a prime candidate for massive parallel computation.

3.3 LMS Features

(a)

(b)

(c)

(d)

(e)

(f)

Figure 7. Two images corresponding to diﬀerent regions within the same OCa histology image-(a) non-stroma and (d)
stroma regions; the corresponding particle trajectories are illustrated in red ((b) and (e)). We can see that the shape of
the LMS signatures in the two diﬀerent tissue regions are drastically diﬀerent. The polygon (in green) containing the
various particle signatures at an individual spatial location ((c), (f)) is created and a number of mophometric features
extracted from it. Every spatial location in the image can then be associated with a multi-dimensional morphometric
LMS feature vector.

We present the output of the algorithm in Figure 7 for two diﬀerent tissue classes. The LMS associated with
the pixel under consideration in each of Figures 1(c), (f) could be mined for several quantiﬁable image features
that can help to distinguish between the two tissue classes. While not explicitly addressed in this work, these
features could be selectively picked via an optimal feature selection strategy based on the speciﬁc domain.
A representative feature list derivable from L is presented in Table 1 which can be used to characterize every
c ∈ C. The ﬁrst 3 attributes in Table 1 can be calculated without considering particle-particle interaction. The
remaining features are morphological features characterizing the closed polygon P(c) (see Deﬁnition 3).

4. EXPERIMENTAL RESULTS AND DISCUSSION
4.1 Data Description
We evaluate the ability of the LMS features to discriminate between stromal and tumor regions in ovarian
cancer (OCa) biopsy images. We quantitatively evaluate the LMS features on 11 diﬀerent OCa histology images.
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Name
Neighbors Distance
Path Length
Completion
Area, Perimeter
Elliptical Parameters
Eccentricity
Equivalent Diameter
Solidity
Extent
LMS Intensity

Description
Distance between adjacent particles’ ﬁnal location
The length of pi ’s trajectory from c to R(c, pi )
Number of particles which satisfy uT > 0
Area, perimeter of L(c)
Length of major, minor axis, orientation of largest ellipse centered at c and
contained in L(c)
The ratio of the distance between the foci of the ellipse and its major axis
length.
|B(c)|
|L(c)| where B(c) is the largest circle centered at c and B(c) ⊆ L(c)
|H(c)|
|L(c)|
|Ω(c)|
|L(c)|

where H(c) is the convex hull of L(c)

where Ω(c) is the minimum sized rectangle that completely contains L(c)

1
min [f (d)], |L(c)|
d∈L(c) f (d), max [f (d)]

d∈L(c)

d∈L(c)

Table 1. A representative set of features derivable from L. It is important to remember that in the case of a completely
homogeneous region, without any gradient diﬀerences, L(c) is a circle as all the particles come to a halt at a distance T
from c.

These images were stained with an immunohistochemical stain for CD3 positive T cells, with a hematoxylin
counterstain across 6 diﬀerent patient studies. Ground truth for stromal and tumor regions on these OCa images
was obtained via manual annotation. Each image was 1400 × 1400 pixels, and scanned at 40x optical resolution.

4.2 Experimental Design
The goal of this experiment was to determine how well LMS features can be used to diﬀerentiate between stroma
and tumor regions. The classiﬁcation of these regions allows for the identiﬁcation of a lymphocyte as either
a TIL or non-TIL. The presence of TILs has been suggested16–18 to be an important prognostic marker in
OCa outcome. The following LMS features were employed for this task: Area, Major Axis Length, Minor Axis
Length, Eccentricity, Orientation, Convex Area, Unique Locations, Equiv Diameter, Solidity, Extent, Perimeter
(see Table 1).
We brieﬂy present in Figure 1 an example of the stroma ((a) and (b)) versus the tumor classes ((c) and (d)).
The stroma region is smoother and less dense as compared to the more complex tumor region (see Figures 7 (a),
(d)). With the point of interest located in the center of the image, particle paths are determined by obstructions
caused by cells (blue), and particles either stop or move around based on their current velocity. Since the two
classes have diﬀerent particle path trajectories (the stroma class has longer particle paths while the tumor class
has more restricted particle trajectories and as such is more dense and constrained), quantifying these patterns
allows a supervised classiﬁer to successfully distinguish unseen test cases.
We randomly selected 1000 tissue locations from each of the images, creating 11,000 individual image patches.
The training set consisted of 80% of the image patches, and the test set the remaining 20%. This process was
repeated 5 times, with a new training and testing set being chosen at every iteration. The LMS variables
employed were q = 2, θ = 36 and T = 100. The chosen supervised classiﬁer was Probabilistic Boosting Trees
(PBT),19 a popular approach that has the attractive property that the posterior probability can be used as a
threshold to balance between sensitivity and speciﬁcity. Additionally the classiﬁer is eﬃcient and does not take
very long to train.

4.3 Results
Figure 8 shows two panels ((a), (e)) of tumor regions on OCa biopsy samples, while panels ((i), (m)) represent
candidate stromal regions.
For each pixel in each of Figures 8 (a), (e), (i), (m), the polygon obtained by connecting corresponding particle
trajectories is constructed and multiple LMS features are extracted. Figures 8 (b), (f), (j), and (n) represent the
LMS parametric scenes corresponding to (a), (e), (i), and (m), where to every spatial location the corresponding
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

Figure 8. Representative tumor ((a), (e)) and stromal patches ((i), (m)) from an OCa biopsy image. Figures 8 (b), (f),
(j), (n) and (c), (g), (k), (o) respectively represent the LMS parametric images obtained by assigning each spatial image
location with the area and extent of the polygon obtained by connecting the particle trajectories. Figures 8(d), (h), (l),
(p) represent the 3 principal eigenvectors scaled to RGB space obtained via application of PCA to a 24 dimensional LMS
feature vector at each c ∈ C. In the case of the endothelial cells in the stroma class ((i), (m)), the LMS calculation was
limited to the region inside of the cell, as opposed to outside.

area of the polygon is assigned. It is interesting to note that even this simple scalar representation of LMS yields
signiﬁcantly improved contrast between the foreground and background objects. Similarly, Figures 8 (c), (g),
(k), (o) represent the corresponding parametric LMS images for the ”extent” feature. An additional 24 LMS
features were also extracted from each spatial location in each of (a), (e), (i), and (m). PCA was applied to the
24 dimensional LMS feature vector. For each spatial location, the 3 principal eigenvectors were scaled into RGB
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Figure 9. The ROC curve for the PBT classiﬁer for discriminating between tumor and stromal tissue classes over 11,000
images of OCa biopsy specimens.

θ
Value
72
72
24
24

Degree
Interval
5
5
15
15

Simulation
Time
100
200
100
200

Generation Time Per
2000 Pixels
17s
35s
8s
18s

Area Under
Curve
.830
.821
.811
.822

Figure 10. AUC and corresponding computation time for θ ∈ {72, 72, 24, 24} and T ∈ {100, 200, 100, 200}. Note that the
variance in AUC is small for diﬀerent parameter settings.

space and the corresponding PCA representations are illustrated in Figures 8(d), (h), (l) and (p).
Both the individual scalar and tensor based LMS representations of the OCa images in Figure 8 reveals a
distinct separation between the stromal and tumor image patches, suggesting fundamental diﬀerences in local
heterogeneity and structure between the 2 diﬀerent tissue classes and successfully captured by LMS.
Quantitative evaluation of the LMS features in terms of their ability to discriminate between stromal and
tumor OCa patches was performed via the PBT classiﬁer. Figures 9 and 10 show the corresponding ROC curves
and AUC values for diﬀerent runs of the PBT classiﬁer. For 5 diﬀerent runs of randomized cross-validation, the
variance in AUC was small (see Figure 10).

4.4 Computational Considerations
All calculations and LMS experiments were performed on an 8 core processor at 2.66Ghz with 72 gigabytes
of RAM. Table 10 reveals that the computation time per 2000 samples was proportional to the number of
particles. Increasing the number of particles, increases the AUC but at the cost of additional computation time.
On average, the LMS comptuation for around 2000 spatial locations took 8 seconds. Additionally, due to the
straightforward deﬁnition of a particle life, the computation of LMS can be performed on a GPU.

5. CONCLUDING REMARKS
We have presented a novel framework for the deﬁnition of a new local morphological scale concept called Local
Morphologic Scale (LMS). LMS diﬀers from previous locally adaptive scale deﬁnitions in that it is not shape
constrained as with tensor or ball-scale deﬁnitions. Additionally, LMS is driven by heterogeneity considerations
as opposed to the homogeneity constraints as in the case of ball, tensor, and generalized- scales. While b- and
t-scale deﬁnitions provide a feature space based on scale parameters, they are not discriminatory enough for
pixel level classiﬁcation, especially for biological and histological data which can have signiﬁcant amount of
structural complexity. The rich domain speciﬁc features which can be derived from LMS can successfully be
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used in conjunction with a supervised classiﬁer to discriminate regions with diﬀerent structure and heterogeneity.
When LMS is applied to the problem of distinguishing tumor and stromal regions on OCa biopsy images,
the classiﬁer yielded an AUC of 0.84. This suggests that this classiﬁer can be employed to identify tumor
inﬁltrating lymphocytes and hence could serve as an automated image based prognostic marker for predicting
outcome for OCa. The valuable properties of LMS include its invariance to choice of color space and to diﬀerent
imaging protocols for the same patient study. The ability of LMS to capture similar underlying structure across
diﬀerent MR imaging protocols suggests the LMS could be employed for multi-protocol and multi-modal image
registration. Additionally LMS is amenable to parallel processing. Future work will consist of feature selection
for identifying appropriate features for a speciﬁc domain application and extending the LMS to other domains
with applications including bias ﬁeld ﬁltering and image registration.
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