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Department of Neurosurgery

Paris, FRANCE

ABSTRACT

Detection of millimetric brain tumor growth patterns on longi-

tudinal MRI acquisitions remains challenging in clinical prac-

tice. A simple difference map of two longitudinal co-registered

MRI volumes fails to detect specific tumor evolution, due to

non-linear contrast change between the two data sets. This pa-

per presents a novel method for detection and quantification

of tumor evolution in longitudinal single-protocol MRI stud-

ies. A computational framework was designed to enable com-

parison of co-registered MRI volumes based on gray-scale

”normalization” via midway histogram equalization and com-

putation of difference maps. Midway-based difference maps

provided very selective representations of structural modifica-

tions within pathological areas and on the surrounding struc-

tures. Quantitative tumor growth parameters between times t1
and t2 were computed on the difference maps, provided that a

manual segmentation of the tumor is available at time t1. The

method was evaluated on longitudinal SPGR (T1-weighted)

and FLAIR (T2-weighted) MRI volumes for two patients har-

boring a WHO grade II glioma. Results for quantification of

tumor growth from midway difference maps are presented,

showing sub-millimetric precision of clinical growth indices,

when compared to manual tracing estimations.

keywords: Biomedical imaging, magnetic resonance imag-

ing, brain tumor, longitudinal studies.

1. INTRODUCTION

It has been recently shown that quantitative measurements of

glioma dynamics is crucial for the therapeutic management of

these tumors [1]. Detection of a small increase (or decrease)

in brain tumor volume on longitudinal MRI exams remains

challenging and current standard methods compare manually

segmented tumors at follow up times. However, manual seg-

mentation is a time consuming task, rarely performed in clin-

ical practice. Moreover, inter-observer variability for manual

tracing of brain tumor can range up to 15% [2]. Automated

algorithms for brain tumor segmentation may be helpful, but

lack reliability for infiltrative grade II glioma [2]. In addition,

long-term post-operative images exhibits regions of abnormal

signals hard to classify by segmentation algorithm. A differ-
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ence map of two successive co-registered MRI would consti-

tute the simplest approach to detect small changes in tumor

size, but is not applicable due to very different gray-level and

contrast ranges between two MRI volumes. In this paper, we

propose to perform a non-linear gray-level normalization of

the two successive MRI scans, enabling difference map com-

putation and voxel-based quantification of the tumor evolu-

tion.

2. METHOD

2.1. MRI Studies

Clinical monitoring of a patient’s tumor evolution is routinely

performed via MRI scanning of the patient’s brain at regu-

lar time intervals (t1,t2,...), with SPGR (T1-weighted) and

FLAIR (T2-weighted) protocols. Typical spatial resolutions

for the MRI volumes used in this study were (0.9×0.9×1.5)

mm3 for SPGR protocol and (0.9×0.9×6.5) mm3 for the FLAIR

protocol. FLAIR and SPGR data sets from time tn, n > 1
were independently registered to time t1, as detailed in Sec-

tion 3.

Gray-level dynamic range of SPGR and FLAIR data sets

can vary greatly between two scanning sessions, partly due to

specific parameter settings for MRI data reconstruction from

the acquired K-space. Longitudinal comparison methods need

to be insensitive to typical scanning differences, including head

position, scanner noise, dynamic range and voxel size, while

being able to detect biological evolutions of the tumor (and

eventually modification of other cerebral brain structures) de-

picted as morphological or signal changes.

To illustrate the challenges raised by longitudinal scan com-

parison, we computed in Figure 1 difference maps from di-

rect subtraction of two SPGR MRI volumes. Linear intensity

range mapping was performed via rescaling voxel values to

an 8-bits range or to an intermediate range between the half

minimum and half maximum values from the two scans. We

observed here that direct difference maps did not provide spe-

cific information related to the tumor evolution, and included

anatomical information due to global differences in tissue gray

levels. This suggests that linear gray-scale mapping is not suf-

ficient to bring longitudinal MRI scans into a common gray-

scale range of values permitting direct comparison and mo-

tivated our work to derive non-linear mapping of MRI scans

based on midway histogram equalization as detailed in the fol-
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Fig. 1. Illustration of difference maps between two SPGR MRI volumes

lowing sub-Section.

2.2. Midway Image Equalization

Midway image equalization consists of the derivation of a fit-

ting function to map a pair of images by bringing their his-

togram to a similar shape. Such image transform, is part of

a more global family of histogram specification transforms.

Several of these transforms exist, with varying performance

in terms of preservation of the original dynamic range. In the

general framework, transformation of an image I , with cu-

mulative histogram H , via a mapping function ϕ : [0, 1] →
[0, 1] creates an image with cumulative histogram Ht = H ◦
ϕ−1. Classical applications of image histogram specification

include histogram equalization where the target cumulative

histogram Ht is the identity function, and histogram mapping

where Ht is the cumulative histogram of a target image It.

A more sophisticated problem arises when one is inter-

ested in an ”average” representation of two images I1 and I2

with Ht being a compromise between H1 and H2. In this

context, Delon in [3] recently proposed two methods to de-

rive such ”averaging”, or midway mapping function, based on

an axiomatic analysis of the image equalization process. This

approach enforces robust behavior of the mapping process in

when the two images differ by a constant value or by a con-

trast change. In the second case, it is assumed that there exists

an image I and two increasing contrast functions f and g :
[0, 1] → [0, 1] so that I1 = f(I) and I2 = g(I). In that case, it

can be shown that the only intermediate mapping between the

two images which provides a direct averaging, independent

of the contrast functions is defined by Ht =
(

H−1
1 +H−1

2
2

)−1

,

which is called the inverse average equalization. This result

is the continuous version of the dynamic histogram warping

from Cox et al. [4]

In our case, we were interested in comparing MRI scans

from a single patient and a single MRI protocol but acquired

at different time intervals. For a healthy patient, the two co-

registered scans represent the exact same anatomy but might

differ in terms of contrast, due to different scanning and acqui-

sition set ups. For a patient with a localized evolving pathol-

ogy, such as a tumor, the MRI scans should represent ap-

proximately the same anatomy, except around the patholog-

ical site, where structural changes and image contrast modifi-

cations might occur. If the evolution of the pathology involves

only small modifications, differences between the two scans

can be viewed as a global contrast change with minor local-

ized structural modifications that will not affect the cumula-

tive histogram (i.e. cumulative frequencies of voxel values).

In such case, midway image equalization is well suited to

bring the two MRI scans into a common range of gray values

and allow direct image data comparison via difference maps.

2.3. Implementation of Midway Equalization

Given two longitudinal MRI scans I1 and I2 from a single pro-

tocol, we first computed the cumulative histograms H1 and

H2, accumulating frequency values associated with increas-

ing gray levels found in the data. These histograms need to

be inverted to compute H1
−1 and H2

−1. During the inversion

process, arbitrary assignments have to be made for gray levels

with similar cumulative occurrences (i.e. assign cumulative

frequencies to missing gray values within the dynamic range

of the data). Two strategies have been tested via nearest neigh-

bor or linear interpolation of the gray values assigned to suc-

cessive cumulative frequency bins, leading to similar results.
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After cumulative histograms inversion, an average cumulative

histogram was computed, along with the mapping function

that will bring I1 and I2 to an average gray-level range of val-

ues. Histogram computations and inversions were performed

in less than a minute for two MRI data volumes, on a regular

Linux PC workstation.

2.4. Detection and Quantification of Tumor Growth

A difference map was computed by direct subtraction of the

midway equalized MRI scans, as illustrated in Figure 1. This

difference map provided a sparse representation of the scans

differences with high values corresponding to the evolving

parts of the tumor. Small pieces of tissue edges could also

be recognized on the difference map, corresponding to local

shape modifications of some anatomical structures, such as

the lateral ventricle on the tumor’s side, as well as minor resid-

ual registration errors. This difference map therefore needed

to be cleaned up to enable specific quantification of the patho-

logical evolution.

Post-processing of the midway difference map was per-

formed via clustering of the difference values into two classes.

The smallest cluster was preserved, which corresponded to a

small subset of high difference values. A region of interest

(ROI) was defined via dilation of the tumor’s shape, manually

segmented at time t1. Connected components of the preserved

cluster, overlapping with the ROI were extracted and tested in

terms of homogeneity of their difference values. Any con-

nected component with a bi-modal histogram (for SPGR) or

with low average intensity values (for FLAIR) was removed.

This step was required to avoid the inclusion of high differ-

ence values generated on the skull due to mis-registration er-

rors, and on the CSF lateral ventricles, due to additional mass-

effects from the expanding tumor.

Fig. 2. Tumor growth measured on FLAIR data via midway-

based difference maps or manual tracing: colors correspond

to agreeing (red), manual extra growth (green), and midway-

based extra growth (blue) parts.

3. RESULTS

Midway-based tumor growth quantification was evaluated on

two patients with low-grade gliomas (Patient 1 included pre-

surgical data, Patient 2 included post-surgical data), respec-

tively screened at 5 and 10 months intervals (interval times

between t1 and t2), with SPGR and FLAIR protocols. Manual

tracing of the tumor was performed on both protocols at both

screening times (i.e. 4 manual segmentations per patient) with

the free software package MRICro. Registration of single-

protocol longitudinal MRI scans and their associated man-

ual segmentation was performed with the free software pack-

age FSL, using mutual information, affine transformations and

nearest neighbor interpolation. Manual growth estimation was

performed by simple binary difference between the two man-

ual tracings, for individual protocols. Midway equalization

was run separately on the SPGR and FLAIR protocols and

automated detection of significant changes within an ROI de-

fined from manual tracing at time t1 was performed. Illustra-

tions of the agreement between manual and midway growth

patterns is illustrated in Figure 2 for the two clinical cases.

Illustrations of 3D tumor shapes and growth from SPGR and

FLAIR scans of the left case in Figure 2 are provided in Figure

3 .

Fig. 3. Visualization of 3D tumor growth on SPGR (left) and

FLAIR (right) with manual tracing (green) and midway-based

differences (pink)

Quantitative measurements were performed on the tumor

growth patterns as reported in Table 1. Tumor growth vol-

umes in ml and standard growth error measurements includ-

ing true positive (TP), false negative (FN) and false positive

(FP) volume fractions(VF) were computed. Then growth in-

dices were computed, including volume percentage increase.

Linear growth rate of mean tumor diameters, of prognosis in-

terest in clinical practice [1], was also computed as the radius

increase of the sphere with volume equal to the tumor’s one.

Table 1. Quantitative comparison of tumor growth assessed

on SPGR and FLAIR data.

Even though volume and overlap measures were not very

accurate, differences in sphere-equivalent radius increase, as
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measured by the two methods, remained below 1mm, which

is below voxel resolutions. More over, FLAIR measurements

seemed slightly more accurate in terms of growth volume over-

lap, corroborating the well known fact that it is easier and

more reliable to segment grade II glioma on FLAIR than on

T1-weighted MRI data.

4. DISCUSSION AND CONCLUSIONS

In this study, we presented a novel method for midway-based

comparison and quantification of tumoral evolution on lon-

gitudinal MRI studies that generated very accurate clinical

growth index measurements on two patients. Midway equal-

ization of MRI scans enabled the computation of very selec-

tive difference maps, robust to disparities in the dynamic range

of the MRI data sets being compared.

Some concerns remain regarding the influence of the reg-

istration quality on the overall tumor growth quantification.

Brain tumors can induce significant modifications on the sur-

rounding cerebral structures such as the lateral ventricles, due

to tumor mass-effect. These cerebral structures contribute to

the alignment optimization process performed during registra-

tion of the longitudinal MRI scans. Recent registration works

have focused on developing specific methods for brain MRI

data with tumors [5]. It is very likely that future use of dedi-

cated registration methods could greatly improve the selectiv-

ity of the difference maps computed after midway equaliza-

tion.

Midway brain MRI equalization provided a very efficient

computational framework for gray scale ”standardization”. In

[6], Nyul et al. proposed a piecewise linear histogram trans-

formation, to map a ”model” shape defined with landmark

points corresponding to percentile levels and median values,

whose positions were learned on a training database of MRI

images. In our framework, issues related to the use of average

landmark points and their unknown ”anatomical” significance

was avoided with the global midway equalization transform.

We could investigate the effect of gray-value quantification on

the midway-based difference map selectivity. A recent exact

histogram specification method was proposed by Coltuc et al.
in [7], ordering all image pixels depending on their gray levels

and local averages. In our case, limitations would arise from

the high computational cost of 3D pixel ordering and the use

of an image-dependent pixel ordering that cannot preserve the

overall hierarchy of tissue intensity, in two longitudinal MRI

data sets that need to be compared.

Tumor growth quantification with the proposed method

was directly dependent on the efficiency of the post-processing

in selecting ”meaningful” high values from the difference map.

Different post-processing frameworks could be investigated.

An interesting approach was proposed on a similar problem

by Liu et al. [8] to select only significant changes on SPGR,

T2-weighted and FLAIR longitudinal brain MRI scans. Their

method used simple difference maps. First a noise level map

was created from the registration of repeated scans for a given

subject. Structured difference images were then generated

by thresholding the difference maps and spatially clustering

growth features. Finally, the significance of the detected changes

was assessed by thresholding the difference maps against an

anatomical map of artifacts computed from spatial normaliza-

tion of difference maps from 40 subjects. This final threshold

used a probabilistic experimental level of significance. We

proposed an alternative computational framework to compare

single-protocol repeated scans without the need for integrating

image-based noise level evaluation. Indeed the first thresh-

olding operation was designed to remove, from the difference

maps, random MRI signal variation in repeated scans due to

physiological and scanner related artifacts. In our method,

this correction was directly performed in the midway map-

ping process, eliminating the need for ad-hoc threshold levels

that might eliminate structural differences as well.

In conclusion, this paper provided a ”proof-of-concept”

for a new clinical tool to detect and quantify tumor evolution

on brain MRI data. This tool will be evaluated on a large series

of patients with brain tumors of different grades. It is interest-

ing to note that the method is not specific to the quantification

of brain tumor evolution and could be applied to other review-

ing tasks on follow-up MRI scans.
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