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Abstract—This paper proposes a new supervised image seg-
mentation algorithm for the detection of breast cancer using
terahertz (THz) imaging. Even though unsupervised learning
algorithms have achieved promising results in THz image seg-
mentation, reliable segmentation of tissues with three or more
regions, such as cancer, fat and muscle, still remains a major
challenge. We propose to tackle this challenge by developing
a supervised statistical learning method based on multi-class
Bayesian ordinal probit regression. The proposed algorithm
utilizes a latent variable for the categorical classification of each
pixel within the image. The model parameters are estimated
through a Markov chain Monte Carlo (MCMC) process during
the training phase. Experimental results in murine formalin-fixed
paraffin-embedded (FFPE) breast cancer samples demonstrated
that the proposed supervised model outperforms alternative
unsupervised methods.

I. INTRODUCTION

Terahertz (THz) imaging has proven to be an effective tech-
nique for breast cancer margin detection in breast-conserving
surgery [1]-[3]. As shown in our previous work [1], applying
unsupervised statistical learning on THz images of breast can-
cer samples can achieve a ~70% area under the receiver op-
erating characteristic (ROC) curves. However, reaching a 90%
ROC area still remains a significant challenge for unsupervised
learning techniques, especially for tissues with three or more
regions, such as cancer, fat and muscle. An assortment of
studies have analyzed different image segmentation techniques
based on supervised learning methods, such as support vector
machine (SVM) [4], [5], K-nearest neighbors (KNN) [4], [5],
random forest (RF) [5], [6], and neural networks [6], [7].

We propose to develop a supervised statistical learning
method for the detection of breast cancer in THz imaging. Spe-
cially, the supervised statistical learning is developed by using
a Bayesian ordinal probit regression model. Unlike common
binary regression models, this algorithm incorporates a latent
variable that enables the categorical partition of region labels
for each pixel [8]. The regression parameters of the model
are iteratively learned by using Markov-chain Monte Carlo
(MCMC) during a training phase with labeled data. Since the
region labels per pixel are known under a supervised context,
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the learning process is not constrained by the parameters’ prior
distributions as in the unsupervised learning approach used in
our previous works.

For this study, the number of parameters to be learned in the
Bayesian ordinal probit model is much less than deep learning
approaches such as convolutional neural network (CNN), thus
the proposed method requires much less training samples
compared to approaches based on deep learning.

II. METHOD

This paper utilizes xenograft murine breast cancer tumors
for the evaluation of the proposed segmentation algorithm.
Details on the collection and imaging processes of these
samples can be found in [2]. Once the THz image is collected,
the high-dimensional waveform per pixel goes through a low-
dimensional ordered orthogonal projection (LOOP) process,
which projects these waveforms into a lower-dimensional
subspace while minimizing the loss of information [1]. Subse-
quently, the outputs of the LOOP algorithm are processed by
applying a categorical probit regression model [8], which is
used to perform image segmentation of the sample of interest.

Consider x € R to be the lower-dimensional repre-
sentation of the n-th pixel in the THz image. Given the
value of a latent variable, 2, € R, and a set of thresholds
a = {ag,aq,...,ax}, where K represents the total number
of regions in the sample, the region label of each pixel is
assigned according to the range where the latent variable lies
among «, e.g. the n-th pixel belongs to the k-th region if
ag—1 < 2zp, < . Based on the assumption that the latent
variable and the regression coefficients are linearly correlated,
the model definition can be represented as:

20 SN (BT W, 0?) ()
where w,, = [1,%;,], the column vector 3 = [Bo,...,0L] €

RL+L contains the regression coefficients, and o2 represents
the variance. The corresponding model parameters {c, 3}
are obtained during the training phase by using a MCMC
approach with labeled data. The final category assignment,
Yn, 18 performed as follows:

P(yn = k) = (ak - ﬂTWna 02) - (akfl - ﬂvau 02)
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Fig. 1: Mouse 9B FFPE. (a) THz image. (b) Pathology results.
(c) Morphed pathology. (d) 2D unsupervised MCMC model.
(e) 2D supervised regression model.
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Fig. 2: ROC curves for Mouse 9B FFPE.
where ®(-) is the Gaussian cumulative distribution function.

III. RESULTS

The results presented in this paper correspond to xenograft
FFPE sample Mouse 9B [2], which contains cancer, muscle,
and fat. During the training stage, the model parameters were
estimated by using 3 FFPE murine samples with the same
regions, except for one that contained fibro instead of muscle.
Fig. 1a represents the THz image collected by using the peak
amplitude of the reflected waveform per pixel in the time
domain. Fig. 1b corresponds to the pathology analysis of the
sample. Fig. 1c represents the morphed pathology mask, which
specifies the pixel-by-pixel ground truth [3]. Fig. 1d shows
the classification results obtained through the 2-dimensional
(2D) unsupervised MCMC approach described in [1]. Fig. le
presents the classification results obtained by the proposed
supervised regression model. As shown in Figs. 1d and le,
we can observe that the supervised method detects the muscle
region better than its unsupervised counterpart.

To quantify the performance of these segmentation algo-
rithms, Fig. 2 presents the ROC curves for mouse 9B FFPE,
which shows that the supervised regression model performs
better than the unsupervised algorithm for cancer and muscle
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TABLE I: Areas under the ROC curves for Mouse 9B FFPE.

Method Cancer | Collagen Fat
2D unsupervised MCMC | 0.8543 0.7398 0.8937
Supervised regression 0.8729 0.8067 0.9007

detection. In addition, Table I presents the areas under the ROC
curves for both algorithms. In this table, we can highlight that
the supervised regression model obtains areas of 81-90% for
all the regions, while the unsupervised model achieved 74-
89%.

IV. CONCLUSION

This paper presents a Bayesian ordinal probit regression
algorithm for the detection of breast cancer in THz imaging.
The proposed algorithm incorporates a latent variable for the
multiclass regression classification of the input data, which
requires much less training samples compared to deep learning
based approaches. Experimental results demonstrated that the
proposed algorithm improves the overall region segmentation
in THz images of FFPE murine samples.
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