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ABSTRACT

Fourier transform infrared (FT-IR) spectroscopic imaging

provides spatially resolved chemical information. Recent

developments have shown that this chemical information can

be used to determine tissue cell types. Our goal is then to

use the spatial distribution of tissue cell types to perform

accurate diagnosis of cancer. However, this step is limited by

the spatial resolution provided by current imaging systems.

In this paper, we demonstrate that these instruments can be

designed to provide better spatial resolution for tissue chem-

istry. We present an optical model for the propagation of light

through an FT-IR spectroscopic imaging system. Using this

model, we minimally modify an existing FT-IR spectroscopic

imaging system to obtain significantly higher resolution and

image quality. We demonstrate that it is possible to identify

previously obscured tissue types by performing histologi-

cal classification based on bio-chemically derived spectral

features (metrics).

1. INTRODUCTION

Mid-infrared spectroscopy has been used extensively for the

identification and quantification of chemical composition of

specimens.[1] When mid-infrared light is incident on a speci-

men, the vibrational modes of constituent molecules resonate

with light of certain frequencies. A pattern of absorption

can be created in the entire mid-infrared frequency range by

analyzing the response of the specimen. This pattern, called

the absorbance spectrum, is characteristic of the chemical

composition and contains information that helps distinguish

chemically different specimens. It has been hypothesized that

in human tissues, this information will allow us to determine

the cell type and disease state of the tissue.

Combining mid-infrared spectroscopy with infrared mi-

croscopy has been a relatively recent development [2] and

has led to the emergence of FT-IR spectroscopic imaging.

However, commercially available imaging systems for the

past decade do not fully utilize the optical capabilities of the

instrument. We demonstrate this using an optical model for

light propagation through an FT-IR spectroscopic imaging

system. Moreover, we modify a current commercial instru-

ment to implement the optimized design.

Finally, we demonstrate that it is possible to identify pre-

viously obscured chemical information using classification on

these higher-resolution images. We perform cell-type classi-

fication using a two-class Bayesian model based on spectral

features selected by experts and refined using a greedy ap-

proach. We then show that the improvement in resolution

allows the identification of structural features important for

cancer diagnosis in breast tumor biopsies.

2. THEORETICAL MODEL

A general model for FT-IR spectroscopic imaging is pre-

sented here. Different modeling paradigms of varying com-

plexity are available for the analysis of optical instruments.

Simple models based on ray (geometric) optics have been

especially popular [3] for IR microscopy. Full-scale electro-

magnetic models are rigorous, but involve high computational

load and complexity. It is prudent to choose the simplest

model that incorporates all the phenomena of interest. We

sought to understand the process of light propagation and im-

age formation in an FT-IR spectroscopic imaging instrument.

Hence, we forgo the full electromagnetic treatment [4] in

favor of using the simpler scalar wave theory [5] framework.

2.1. System Equations

The system shown in Figure 1 can be analyzed using a modu-

lar approach by defining an operator for each component [6].

This approach provides a convenient means of modifying the

analysis to accommodate any changes in the instrument. The

relation between the field at the infrared source, |US〉, and the

field just after the sample, |Uj〉, and the field at the detector ,
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Fig. 1. Model for a FT-IR imaging system. The system con-

sists of an interferometer coupled to a microscope system.

Cassegrain C1 focus light on to the sample Sa, C2 and C3

carry light from the sample to the detector D. The fields in

different planes are also indicated.

|UD〉, is given by the following equations.

|Uj〉 = TSHC1
K|dI−C1|IΔr

K|dS−I ||US〉 (1)

|UD〉 = HC3
K|d2−3|HC2

|Uj〉 (2)

= HC3
K|d2−3|HC2

TSHC1
K|dI−C1|

IΔr
K|dS−I ||US〉 (3)

where, K|dS−I | is the operator that propagates the field from

the source to the beam-splitter, IΔr describes the propagation

to and from the interferometer mirrors where Δr represents

the difference in path-length caused by movement of M2,

K|dI−C1| corresponds to propagation from the beam-splitter to

the cassegrain C1, HC1
describes the action of the cassegrain

C1 and TS describes the interaction of the sample and inci-

dent light. HC2 and HC3 are the operator corresponding to

the cassegrains C2 and C3 respectively. K|d2−3| corresponds

to the propagation of the field between the two cassegrains.

The kernels of these operators are described below.

〈f2|K|z||f1〉 = δ(f2 − f1)e
i2πν̄

(
1− |f1|2

2ν̄2

)
|z|

(4)

〈f2|IΔr
|f1〉 =

1

2
δ(f2 − f1)

(
1 + ei4πν̄Δr

)
(5)

〈f2|TS |f1〉 = t̃(f2 − f1) (6)

〈f2|HCi |f1〉 = δ(f1 +Mif2)P (f1)Q
ν̄MiNACiout

ν̄MiNACiin
(f1)(7)

Here, fi = (fxi, fyi) are the x, y spatial frequencies and ν̄
is the wavenumber. The function t̃ is the Fourier transform

of the transmission function [5], which defines the properties

of light propagation through the material. Mi is the mag-

nification corresponding to the cassegrain Ci. NACiin and

NACiout correspond to the outer and inner numerical apper-

tures of cassegrain Ci Functions P and Q are defined in eqs.

8 and 9. The function P captures the effect of far field prop-

agation, expressing the physical fact that all spatial frequency

components whose magnitude is larger than ν̄ result in ex-

ponentially decaying evanescent waves and do not propagate

to the far field. The only propagating waves correspond to

spatial frequencies retained by P .

P (f) =
{

1 |f| < ν̄
0 otherwise

(8)

A more general function Q is also defined that provides the

transmitted frequencies of the cassegrain corresponding to its

NA and central obscuration.

Qb
a(f) =

{
1 a < |f| < b
0 otherwise

(9)

It may be noted that all the above operators are defined

in the spatial frequency domain so as to facilitate analysis of

spatial frequencies at every step.

Using these equations, the field incident on the sample,

Ũa(f), is described in terms of the source and optical compo-

nents as

Ũa(f) = Q
ν̄NAC1out

ν̄NAC1in
(f)ŨS(−MC1f)

(
1 + ei4πν̄Δr

)
(10)

The field, Ũj(f), immediately after the sample is

Ũj(f) =
∫

d2faŨa(fa)t̃(f − fa) (11)

The field incident on the detector, ŨD(f) is

ŨD

(
f

M2M3

)
= Ũj(f)P (f)Qν̄NAC2out

ν̄NACDin
(f)

×Q
ν̄M2M3NACDout

ν̄M2M3NACDin
(f) (12)

If we define the net magnification from the cassegrains C2

and C3 as M = M2M3 then eq. 12 becomes

ŨD (f) = Ũj(M f)P (M f)Qν̄NAC2out/M

ν̄NAC2in/M
(f)

×Q
ν̄NACDout

ν̄NACDin
(f) (13)

The above expression is true for any arbitrary, spatially het-

erogeneous sample which has no restriction on its constituent

spatial frequencies. Note that M is typically larger than 1 (i.e.

the detector elements are bigger than the corresponding areas

on the sample).

2.2. Analysis

An analysis of the equations for the FT-IR imaging system

provides important insights into optical design and image for-

mation. From Eqn.13 we observe that

|f| ≤ min(ν̄NAC2out/M, ν̄NACDout) (14)

due to the Q
ν̄NAC2out/M

ν̄NACDin/M
(f) and Q

ν̄NACDout

ν̄NACDin
(f) terms. When

the pre-optics to the detector are well designed, then

ν̄NAC2out/M < ν̄NACDout (15)

355



Consequently, the limiting field on the detector is a spatial

frequency of ν̄NAC2out/M . The detector measures field in-

tensity rather than the field itself [5]. The intensity I(r) =
E∗(r)E(r) has twice the spatial frequency bound i.e. 2 ×
ν̄NAC2out/M . In order to faithfully record the entire inten-

sity image without any loss of information, the sampling rate

according to Nyquist criterion [5] has to be at least twice

this limiting frequency or 4ν̄NAC2out/M . The pixel size,

which is inversely related to the sampling rate is given by

Lpixel = M/(4ν̄NAC2out). We note that the value of spatial

sampling rate calculated above is not the same as resolution

(i.e. Rayleigh criterion [5]), but is the least sampling rate re-

quired to preserve all the information obtainable from FT-IR

spectroscopic imaging.

The wavenumber, ν̄, in mid-infrared spectroscopic imag-

ing typically varies between 600cm−1 and 4000cm−1. In

measurements involving human tissues, there is typically lit-

tle or no information between 3400cm−1 and 4000cm−1

and therefore, it is sufficient to optimize our design for

ν̄ = 3400cm−1. The equivalent pixel size on the sample,

therefore, has to be 1/(4 × 0.34NAC2out)μm. Thus, for a

NAC2out = 0.45, the effective pixel size on the sample is

1.63μm and for NAC2out = 0.65, the effective pixel size is

1.13μm. In current commercial instruments, the pixel size

is typically 5.5μm or 6.25μm, which is significantly larger

than optimal for the provided objective (NA ∼= 0.45). Our

model has shown that it is possible to obtain higher image

quality from current instruments by reducing the pixel size.

We observe from the model that one avenue for changing

effective pixel size is by increasing the magnification (M )

between the sample and the detector. This is achieved experi-

mentally by replacing Cassegrain C2 (15X magnification) by

one with 74X magnification. This new Cassegrain also has

an NA of 0.65 as opposed to 0.45 on the older Cassegrain.

Such a Cassegrain gives an effective pixel size of 1.1μm
on the sample and meets our design criteria. In the follow-

ing sections, the benefits of improved image quality from

the new design are leveraged in breast tissue classification.

We demonstrate that previously inaccessible chemical and

morphological information have now become available for

improved diagnosis.

3. TISSUE CLASSIFICATION

We perform tissue classification by adapting methods pro-

posed by Fernandez et al. [7] for FT-IR images of prostate

biopsies. We limit our classifier to two tissue types in order

to clearly demonstrate the advantages if our proposed modi-

fications to commercially available imaging systems. We fo-

cus on the identification of epithelium and stroma cell types,

since these are important for the diagnosis of breast cancer in

2D tissue biopsy samples.

A set of spectral features is first manually identified by an

experienced spectroscopist. These features are selected based

on chemical characteristics of the relevant cell types and are

based on average spectra from pixels identified as epithelium

and stroma. The resulting measurements are compiled into

a feature vector of 144 measurements. We then construct

training and test data by labeling pixels in infrared images

of two independent tissue micro-arrays (TMAs). Pixel la-

beling is performed by an experienced pathologist based on

the histology of neighboring tissue sections (Fig. 2), stained

with hematoxylin and eosin (H&E) and various immunostains

specifically designed for the identification of stromal and ep-

ithelial cells.

This provides training data consisting of spectral feature

vectors and corresponding class labels. This data set is used

to train a Naive Bayesian classifier to determine the posterior

probability of a class given a set of features: P (C|V0, ..., Vn).
This Naive Bayesian model is then used to perform automated

classification of the training image. In order to prevent over-

fitting due to a large feature set (in our case 144 features),

we identify a subset of features using a greedy approach. We

first select the single feature that provides the best classifier

performance and iteratively add features until classifier per-

formance on the validation data converges.

This classifier is then used to segment the test image

and performance is determined using the reciever operating

characteristic (ROC) curve, which plots classifier sensitivity

against specificity. The posterior probability of class C0 is

used as a threshold value to determine specificity. Classifier

performance is quantified by computing the area under the

ROC curve, where a value of 1.0 indicates a perfect classifier

and a value of 0.5 indicates random classification (a coin

flip). For a given feature vector, this value also identifies the

probability of a pixel of class C0 having a higher posterior

value than a pixel of class C1.

4. RESULTS AND DISCUSSION

Based on the optimal design in Section 2.2 modify an exist-

ing infrared spectroscopic imaging system to collect data at

this sampling rate and show that the additional resolution at

higher wavenumbers can be used to improve the identification

of epithelial cells in breast tissue samples.

The training and validation sets are composed of two sep-

arate tissue microarrays (TMAs) purchased from Biomax Inc.

(www.biomax.us). Two adjacent tissue sections are collected

for IR imaging and histology. Imaging was performed using

two systems: (a) a Perkin-Elmer Spotlight 300 Imaging sys-

tem with a 15X (0.45NA) objective with a 6.25μm pixel size,

and (b) a custom-modified Agilent Technologies Varian 7000

Interferometer and 620-IR microscope with a 74X objective

(0.65NA) and a 1.1μm pixel size.

A histologist labeled pixels in the 15X mid-infrared im-

ages to identify epithelial and stromal cells. These cell types

were selected because they are the most helpful for cancer

diagnosis. The Naive Bayesian classifier was then tuned to
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identify a set of 33 features. The area under the ROC curve for

the identification of epithelial cells is approximately 0.991.

This classifier was then applied to both the 15X and 74X

images of the validation array (Fig. 2). The most striking dif-

ference is in the labeling of individual lobules composing ter-

minal ductal lobular units (TDLUs). In normal tissue sam-

ples, TDLUs are separated by a thin layer of intra-lobular

stroma (ILS). In the 15X image, the lobules are merged to-

gether, particularly in the lower-left region of the tissue core.

This makes the identification of a breast tumor ambiguous.

The merged TDLUs can be a result of either excessive growth

of epithelial cells, as is the case in a malignant breast tumor,

or low chemical resolution due to sampling. In the 74X im-

age, note that the TDLUs are clearly differentiated and ILS is

properly labeled.

In this paper, we describe a rigorous model for character-

izing infrared light propagation through a spectroscopic imag-

ing system. This model is then used to identify the sampling

rate required for optimal resolution of chemical species in a

spatially resolved specimen. It is important to note that cur-

rent instruments, while providing high NA, do not have the

correct pixel size to utilize the high NA. These results indicate

that current FT-IR imaging systems can be further optimized

to achieve significantly greater chemical resolution. With the

introduction of optimally designed high-resolution systems,

mid-infrared spectroscopic imaging is a promising alternative

to current histological methods since it provides quantitative

data that can be used to automatically identify tissue type.

Promising future directions for this work include the im-

plementation of multi-class segmentation algorithms. Since

spectroscopic imaging is quantitative, the resulting classified

images may provide more accurate results when used for au-

tomated pathology, which currently rely on chemical staining

and imaging with visible light [8].
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