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Abstract |We examine the technical challenges
relating to the application of computer assisted
diagnosis (CAD) techniques to the quanti�cation
of body fat content and distribution in whole body
mri (WB-MRI), addressing in particular the ques-
tions of fat as a percentage of total body mass and
the medial/lateral fat deposition ratio. Initially
the overall body fat content is calculated using a
fully automatic four stage adaptive segmentation
procedure. We illustrate the use of interactive
visualisation and analysis tools to examine in closer
detail the fat distribution in any given area of the
body, and look at the task of further classifying
the segmented fat volume into the four primary
subclasses of body fat: subcutaneous, visceral,
intermuscular, and bone marrow. Quantifying
these subdivisions can be of particular importance
as an indicator in certain medical conditions. We
discuss the signi�cance of the presented results in
terms of general �tness metrics, in particular for
the assessment of obesity, and as an important
diagnostic indicator in other conditions, and we
highlight the potential for the application of these
techniques in routine medical screening and assess-
ment procedures.

I. Introduction

The ability to quickly and accurately measure and localise
body fat content presents signi�cant opportunities in med-
ical diagnostics and screening. The assessment and mon-
itoring of obesity is increasingly recognised as a pressing
concern as it's incidence and impact grows. It's causes and
it's e�ects have been extensively studied and reported in
the medical literature where it has been linked to a wide
range of conditions including hypertension and coronary
heart disease [1], diabetes [2], and various types of can-
cer [3], as well as to psychological disorders such as depres-
sion [4{6]. As such, a fast and accurate route to routine
and comprehensive body fat analysis is an important goal
for the medical community, and medical imaging, through
a combination of CAD techniques and WB-MRI examina-
tions, o�ers the potential to achieve this objective.

Many alternative approaches to total body fat estimation
exist [7{9] ranging from the use of calipers [10, 11], through
water or air displacement methods [12], to x-ray [13, 14]
and electrical impedance [15] based techniques. In addi-
tion results are often inferred from indirect metrics such
as body mass index (BMI) [16] and waist-hip ratio [17].
However all of these su�er from one or more of a number of
major shortcomings. Many lack accuracy, are time consum-
ing and di�cult to perform, require expensive specialised
equipment, or involve exposure to ionising radiation. In ad-
dition most fail to o�er the ability to localise fat deposition,
which is increasingly recognised as an important diagnos-

tic measure, as the ratio of intra-abdominal fat to total fat
is an indicator in many conditions [10]. MRI based tech-
niques [18, 19] also have their drawbacks, the most obvious
being cost, as the expense of commissioning, operating, and
maintaining an MRI facility remains high. On the other
hand the WB-MRI based approach presented here achieves
excellent accuracy and localisation, involves short scanning
and processing times, and has the potential for use in rou-
tine screening as it does not involve exposure to ionising
radiation and is contraindicated in only a very few indi-
viduals, subjects with heart pacemakers for example. As
the availability and use of MRI for medical screening ap-
plications continues to grow procedures such as MR based
whole body fat assessment will become increasingly com-
monplace, and we believe that the potential bene�ts to be
gained in the widespread use of such a system will only help
to accelerate this trend.

In the rest of this paper we present a technical review
of our CAD system for whole body MRI based body fat
assessment [20], and discuss the results achieved so far in
the analysis of a database of forty two subjects (twenty
one male and twenty one female). We examine the rela-
tionship between percentage body fat and the widely used
body mass index (BMI), and discuss the shortcomings of
the latter as a metric for the quanti�cation of total body
fat. We close with a brief outline of the next phase planned
for this project, to address the automation of the �nal fat
subclassi�cation task, re�ning the initial segmentation so
as to di�erentiate between the various types of fat deposits
which have been identi�ed. We mention the di�culties
which must be overcome in achieving this goal in the frame-
work of a fully automatic CAD system, and suggest a route
to tackling these challenges.

Fig 1: Five coronal slices from a thirty two slice whole body
dataset. Greyvalues have been inverted for clarity, so that fat
tissues appear dark and air light, while lean tissues occupy in-
termediate grey level intensities.



II. Method

Images are acquired in either six or seven slightly
overlapping coronal sections depending on the height of
the subject. For each section thirty two coronal slices are
generated covering the full thickness of the body from
front to back with a slice thickness of 8 mm . The voxel
dimensions are thus 2:02 � 8:00 � 2:02mm 3 in x, y, and
z respectively. The standard coordinate system is used,
with x running from the subjects right to left, y running
from the chest towards the back, and z increasing from
feet to head, with the subject lying head �rst supine (face
up) on the scanner table. The slices shown in Fig. 1 are
from a typical study, illustrating the case of a twenty eight
year old normal weight female subject. In this case a voxel
matrix of 256 � 32 � 937 has resulted, achieving complete
coverage of the body (the volume covered is approximately
517� 256� 1893mm 3).

A. Histogram Matching & Data Smoothing

Before the individual coronal sections are recomposed
into a single dataset the greyscale intensity maps for each
of the sections must be matched [21]. Greyscale matching
is necessary due to the fact that there can be signi�cant
intensity o�sets between successive coronal sections due to
the nature of the MRI acquisition process, see Fig. 2. It
is necessary to minimise these e�ects in order to optimise
the performance of the automated analysis procedures to
follow. We achieve this using histogram matching. An in-
tensity histogram is constructed for each coronal section
(Fig. 3), the characteristic peak representing soft tissue is
algorithmically identi�ed in each case, and the peaks are
aligned so as to achieve a matched greyscale distribution
across all sections. Identifying the appropriate histogram
peaks is a relatively simple matter. More complex is the
question of how to scale the individual grey maps so as to
preserve a smooth histogram for the overall dataset with-
out stray peaks or voids. This is an important topic, fully
addressed in [22], which insures that subsequent histogram
based calculations, for instance in the automatic selection
of threshold bands, can be performed robustly.

Fig 2: Initial greyscale matching is needed as a preprocess-
ing step in order to facilitate the subsequent segmentation pro-
cess. Here adjacent coronal sections exhibit a signi�cant g rey
mismatch on the left, which has been largely eliminated in th e
normalised right hand image.

We follow the histogram matching phase with the ap-
plication of an adaptive smoothing procedure to improve
local homogeneity in the data. The aim is to remove image
noise while preserving the semantically important bound-
ary information. An anisotropic gaussian �ltering is ap-
plied, modi�ed by the magnitude and direction of the local
greyscale gradient vector. This can be formulated for each
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Fig 3: Unnormalised and normalised histograms for the seven
coronal subsections in a whole body dataset. In the lower set
of seven histograms the soft tissue peaks have been aligned t o
achieve the desired normalisation.

voxel as the weighted mean of that voxel and its neighbours.
The adaptive weighting selection function (Eq. 1) governs
how much each neighbour contributes to the weighted mean
as the current voxel is smoothed. The weight at each
neighbour is calculated as a function of the dot product
(a � b = ax � bx + ay � by + az� bz ) of the o�set vector to
that neighbour ( ~pq) and the local greyscale gradient vector
(r u) calculated at the current location. The parameter �
controls the overall strength of the smoothing.

wt( ~pq;r u) = e� ( ~pq �r u
� ) 2

(1)

This leads to an updated value for the current voxel as
being the normalised mean of the weighted neighbours as
in Eq. 2, where i indexes each neighbour (including the
current point) from 1 to n and vi and wt i are the voxel
value and weight respectively, at each location.

v =

P n
i =1 (vi � wt i )P n

i =1 wt i
(2)

This formulation results in an anisotropic smoothing of
the data where the local gradient vector controls both the
strength of the smoothing applied at each voxel and the
degree to which that smoothing is constrained to operate
perpendicular to the gradient vector (along the local
isosurface or boundary). In this way we achieve the desired
edge preserving e�ect in conjunction with good regional
smoothing, in preparation for the e�ective operation of the
segmentation phase to follow.

B. Whole Body Height, Volume, & Mass Estimation

Once the matched dataset has been recomposed the �rst
step in processing is to segment the entire body volume
from the background. This is achieved by thresholding the
data at a level chosen based on the location of the his-
togram local minimum between the background and lean
tissue peaks, and then applying a two dimensional hole �ll-
ing procedure along the axial direction in order to arrive
at a solid whole body object in the data. This gives us
a starting point for the fat segmentation procedure to fol-
low and since we know the voxel dimensions also allows
us to estimate the subjects height and volume. Once we
have completed the fat segmentation step which follows we
can additionally estimate the subjects weight, based on the
standard known densities for fat and lean tissue.



C. Body Fat Segmentation

The most important part of the process is the four phase
body fat segmentation procedure. We can immediately see
that the fat tissues in which we are interested are located
primarily in the smaller third peak and high intensity tail of
the data histogram. However closer examination of the data
reveals a considerable degree of variation in the greylevels
which correspond to fat. Even after the histogram match-
ing process described earlier the greyscale values for fat still
overlap those associated with other nominally lower inten-
sity tissue types such as those representing liver and brain.
Therefore accurate segmentation can not be achieved by
applying simple methods based on thresholding alone. In
order to cope with these issues we have devised a four step
segmentation algorithm.

1. An initial threshold level is calculated based on an
analysis of the data histogram. The peak representing
soft tissue is located and voxels whose values fall above
the end of this peak are marked as potential fat voxels
in the initial fat estimate.

2. We then apply a boundary enhancement procedure to
compensate for signal drop-o� in some peripheral re-
gions of the data. This is based on a chamfer distance
measure and applies positive weighting values in areas
around the boundaries of the region of interest. This
process helps to alleviate the undesirable consequences
of partial volume e�ects at the fat boundaries and in
areas where the fat layer is very thin.

3. Next we apply a three dimensional region growing
operator based on hysteresis thresholding, which is
applied using a form of conditional dilation. Back-
ground voxels in the vicinity of fat voxels are condi-
tionally added to the de�ned body fat region based
on a banded comparison of their greylevels to the ex-
pected greylevels for fat voxels, derived from a statis-
tical analysis of the fat estimate so far.

4. Finally we apply a region re�ning process whereby the
candidate voxels are grouped into connected regions
which are then processed based on their regional mean
greyvalues. Regions with a higher mean value, indi-
cating a stronger fat signal are retained, while those
with a lower value are subdivided into accepted and
rejected subregions.

Through this process we arrive at a robust segmenta-
tion of the signal due to fat tissue within the data volume.
See Fig. 4 which shows a graphical display produced from
a segmented dataset. The de�ned fat region as shown in
this coronal slice includes components from all of the four
major fat subdivisions, and demonstrates an accurate rep-
resentation of the fat deposits which have been imaged in
this subject.

For comparison Fig. 5 illustrates the results achieved us-
ing a simplistic thresholding approach. Even with the op-
timal threshold level manually selected in this case much
of the lighter tissue in the liver region has been included in
the segmentation in 5a while our approach, shown in 5b,
demonstrates accurate di�erentiation between fat and non-
fat tissues. It is especially noticeable in the subcutaneous
fat low down on the subjects left, at the far side of the
abdomen from the liver, that the voxel intensities repre-
senting fat are drifting down towards the intensities seen
in the liver. This slow variation throughout the dataset is
one of the undesirable characteristics of the data which our
approach speci�cally aims to overcome.

Fig 4: Coronal section through the dataset of an overweight
thirty two year old male subject illustrating results for th e adap-
tive fat segmentation procedure.

(a) (b)

Fig 5: A straightforward thresholding approach fails to correctl y
classify some brighter regions of non-fat tissue as with the liver
in (a). Our multistage adaptive classi�er (b) correctly han dles
the liver tissue, eliminating it from the fat classi�cation .

III. Results & Discussion

The analysis procedure which we have described was
applied to a database of forty two whole body datasets.
Initially numerical results were complied and the body fat
percentages were analysed. The segmentations achieved
were reviewed visually by assessing the axial, coronal and
sagittal slices in order to con�rm that the voxels speci�ed
as being body fat matched the true fat regions in the data.
Three dimensional renderings were also used to provide
the best possible assessment of the data.



A. Numerical Results

Once a dataset has been processed a wide range of results
are available to the user in both numerical and graphical
formats. The initial system output display is as in Fig. 6
where a range of numerical results are presented to the user.
The two methods indicated in the results table correspond
to the simple thresholding and multi-phase segmentation
approaches discussed. As such the method one results are
included in this research tool for reference and comparison
only. The method two results represent the �nal system
analysis of the input data. In this example the two meth-
ods show a fair degree of agreement in their calculated re-
sults. Across the complete range of datasets analysed the
simplistic approach often yields wildly inaccurate results,
including much soft tissue in its fat estimate. Our method
on the other hand performs consistently well on all the anal-
ysed datasets.

Series #1:   250 x 32 x 937,   2.022059mm x 8.0mm x 2.022059mm
Name:
Weight: 90.0kg
Sex: M
Date of birth: 20/10/1972

Estimated full body volume = 98,422.84cc
Estimated full body height = 1.89m

Calculated Body Fat Table:-
Method 1 Method 2

Body weight DICOM 90kg 90kg
Body weight calculated 103.14kg 102.91kg
Estimated BMI 28.73 28.67
Fat by volume 31,803.91cc 33,016.37cc
Fat by weight 29.2kg 30.31kg
% by volume 32.31% 33.55%
% by DICOM weight 32.44% 33.68%
% by calculated weight 28.31% 29.45%

Fig 6: System display for an overweight thirty two year old male
subject illustrating results calculated by the simple and a daptive
fat segmentation procedures.

In the results table (Fig. 6) estimates are made of
the subjects height and weight, and measurements are
performed to calculate values for the actual and percentage
body fat detected, measured by volume and by weight. All
of these calculations are performed automatically without
any initialisation or subsequent intervention being required
on the part of the user. The entire analysis process from
raw input data to �nal results takes less than two minutes,
executing on a standard desktop computer.

B. Graphical Results

In addition to these immediately available numerical re-
sults a number of visualisation tools can provide for two
and three dimensional graphical interrogation of the seg-
mented fat volume. Simple orthogonal review allows axial,
coronal, and sagittal sections to be examined as illustrated
in Fig. 7. The images can be marked up in various ways to
enhance the utility of the tool by highlighting the regions
classi�ed as fat tissue.

Three dimensional volume rendered views are provided
by way of a versatile data rendering system, Fig. 8, which
provides an excellent overview of the data. When this tool
is used in conjunction with data space clipping as demon-
strated in Fig. 9 it can be applied to e�ectively visualise
the body fat distribution within a given volume of inter-
est, providing a more complete and detailed view of the
distribution of fatty tissue within the body.

Fig 7: Orthogonal section viewer showing an axial slice. The
raw data is displayed in the left hand pane while the identi�e d fat
regions are highlighted in yellow in the right hand pane. Opt ions
for what is displayed in each pane and how it is marked on the
images are available through the menus.

Fig 8: A rendering tool allowing 
exible manipulation and vi-
sualisation of the dataset using a number of volume renderin g
techniques.

Using these tools it is possible to focus attention onto
any chosen subregion of the body and having thus de�ned
a region of interest, detailed analysis can once again be per-
formed on just this targeted zone, generating an analysis of
the body composition in terms of fat mass and distribution.

C. Body Fat & BMI

One of the most commonly used body fat indicators is an
indirect metric called the body mass index or BMI, which
is calculated as a persons weight in kilograms divided by
the square of their height in metres. Table 1 shows the
standard BMI bands and the weight level categories which
they correspond to.

BMI Category

Less than 18.5 Underweight
18.5 to 24.9 Normal weight
25 to 29.9 Overweight

Greater than 30 Obese

Table 1: Standardised Body Mass Index (BMI) Categories
used in the routine assessment of individual body mass based
on weight and height: BMI = weight

height squared kg=m2

The BMI is a crude measure of a persons level of body
fat, having a number of well recognised failings. It is, none
the less, widely used as a rough indicator as to a subjects
state of health in terms of their body weight. As an indi-
cator of health and �tness it is particularly ill suited in



Body fat subdivisions

Subcutaneous
Visceral
Intermuscular
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Fig 9: Medial cutaway view depicting the left side of the body,
from abdomen to thigh, in an overweight twenty six year old fe -
male subject demonstrating the four major fat subclassi�ca tions.

respect of two groups, athletes and the elderly. In the
case of highly trained athletes their extremely low levels
of body fat are counteracted by an unusually high muscle
mass which results in a misleadingly elevated BMI reading.
On the other hand, in elderly subjects especially, moderate
or high fat levels can be disguised by the e�ects of muscle
wastage bringing the total body mass down and leading to
an arti�cially depressed BMI.

In this study we examined the correlation between per-
centage body fat as measured using our approach and the
equivalent BMI levels for each subject. The graph in Fig. 10
illustrates our �ndings. By separating the data into male
and female subjects we can clearly demonstrate the gender
di�erence, showing that men tend to have a lower percent-
age body fat than women for the same BMI value. This is
the expected result, re
ecting the di�ering body composi-
tions observed in men and women.
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Fig 10: Graph of BMI against percentage body fat illustrating
the distinct gender di�erence and the di�culty in extrapola ting
reliably from BMI to actual body fat percentage. Men in genera l
have a lower percentage body fat than women for the same BMI.
Subjects with very low body fat but considerable muscle mass ,
such as athletes, present deceptively high BMI values, while mus-
cle wastage in older subjects can have the opposite e�ect.

While the graph con�rms that the general trends of
body fat and BMI values match, it indicates the complex
nature of the relationship between these two measures and
highlights the limited degree to which BMI can be used

in order to extrapolate an estimate for percentage body
fat. As previously mentioned it is also the case that BMI
yields no information as to the distribution of fat within
the body and as such its usefulness is limited as compared
to the richer source of data o�ered by a fully volumetric
fat assessment approach such as WB-MRI.

D. Body Fat Subdivisions

This usefulness can be still further enhanced within the
context of a volumetric body fat analysis tool when the
individual fat subclassi�cations of subcutaneous, visceral,
intermuscular, and bone marrow are made available to the
user. The subdivisions as illustrated in Fig. 9 were achieved
using a manual editing procedure. Another example of this
can be seen in Fig. 11 where the axial slices corresponding
to the start and end of the rendered subsection of the thigh
are also shown. In these you can see where the various fat
regions intersect the axial planes. Recall that the data has
been interpolated in the y direction as the original dataset
contains only thirty two coronal slices.

Fig 11: Thigh section rendering and associated �rst and last
raw axial views depicting subcutaneous, intermuscular, an d bone
marrow fat deposits in a normal weight thirty four year old fe -
male subject.

Fig. 12 illustrates a number of coronal and sagittal slices
through the subvolume rendered in Fig. 9. Again interpo-
lation is needed in order to generate the sagittal slices, and
the fat subclassi�cations have been marked manually in all
cases. These views illustrate the detail in which it is pos-
sible to examine the fat distribution in a subject, and once
the subclassi�cations have been de�ned useful calculations
can be performed in order to quantify metrics such as the
visceral to total fat ratio.

Our current focus in this project is towards the develop-
ment of a semiautomated fat subdivision procedure using
a model for the expected fat distribution within the body.
First we aim to automatically partition the dataset into
regions consisting of head, torso, arms, and legs. This will
be followed by clustering and labelling phases in order to
arrive at a �nal classi�cation of the fat regions.

IV. Conclusion

This paper has focused on the issues surrounding the
preparation, segmentation, and analysis of whole body MRI
data for the detailed assessment of body fat level and loca-
tion. It has described an e�ective set of preprocessing and
segmentation operations designed to overcome the di�cul-
ties encountered in the accurate and repeatable isolation
of fat tissues in MR data of limited resolution and quality.
Results achieved on a database of forty two subjects were
presented and discussed, and the future direction for this
investigation was indicated.



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

Fig 12: Two coronal and two sagittal cross sections through the data volume rendered in Fig 9. Dashed lines indicate the points
of intersection between the four planes. (a) Posterior coro nal section. (b) Anterior coronal section. (c) Medial sagit tal section.
(d) Lateral sagittal section. The segmented fat regions hav e again been classi�ed and colour coded as subcutaneous, visceral,
intermuscular, and bone marrow deposits.
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