
PROCEEDINGS OF SPIE

SPIEDigitalLibrary.org/conference-proceedings-of-spie

Approximate explicit feature map for
computational augmentation of RGB
images of hematoxylin and eosin
stained histopathological specimens

Kopriva, Ivica, Sitnik, Dario, Aralica, Gorana, Pačić,
Arijana, Popović Hadžija, Marijana, et al.

Ivica Kopriva, Dario Sitnik, Gorana Aralica, Arijana Pačić, Marijana Popović
Hadžija, Mirko Hadžija, "Approximate explicit feature map for computational
augmentation of RGB images of hematoxylin and eosin stained
histopathological specimens," Proc. SPIE 11603, Medical Imaging 2021:
Digital Pathology, 116030R (15 February 2021); doi: 10.1117/12.2579408

Event: SPIE Medical Imaging, 2021, Online Only

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021  Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Approximate explicit feature map for computational augmentation of 

RGB images of hematoxylin and eosin stained histopathological 

specimens 
 

Ivica Kopriva1,*, Dario Sitnik1, Gorana Aralica2, 3,(1), Arijana Pačić2, Marijana Popović Hadžija4, and Mirko 
Hadžija4 

 
1Division of Electronics, Ruđer Bošković Institute, Bijenička cesta 54, P.O. Box 180, 10002, Zagreb, Croatia 
2Department of Pathology and Cytology, Clinical Hospital Dubrava, Avenija Gojka Šuška 6, 10000 Zagreb, 

Croatia 
3School of Medicine, University of Zagreb, Šalata 3, 10000 Zagreb, Croatia 

4Division of Molecular Medicine, Ruđer Bošković Institute, Bijenička cesta 54, 10000 Zagreb, Croatia 
 

e-mail: ikopriva@irb.hrD , Dario.Sitnik@irb.hr, arijanapacic@yahoo.com, 
Marijana.Popovic.Hadzija@irb.hr, Mirko.Hadzija@irb.hr 

 
Abstract 

Hyperspectral imaging (HSI) is demonstrating the growing capability for disease diagnosis and 
surgical cancer resection. That is mainly due to high spectral resolution of HSI when compared 
with its color (RGB) counterparts. However, increased spectral resolution is often associated with 
the loss of spatial resolution. That combined with high cost hinders applicability of HSI. Herein, we 
propose computational approach that attempts to mimic the HSI. It is using an approximate explicit 
feature map (aEFM) to augment raw and/or stain normalized RGB images of the hematoxylin and 
eosin stained histopathological specimen. We demonstrate on two public labeled datasets, related to 
breast cancer and nuclei, the statistically significant improvement of performance of binary (caner 
vs. non-cancer) segmentation of augmented RGB images in comparison with the results achieved 
on their RGB counterparts. For the breast cancer, balanced accuracy is increased from 
76.56%±9.05% to 80.42%±9.23% and F1 score from 13.34%±6.46% to 17.33%±6.36%. For nuclei, 
balanced accuracy is increased from 68.68%±9.25% to 79.99%±8.77% and F1 score from 
46.92%±15.10% to 63.31%±14.50%. While 0  constrained nonnegative matrix factorization was 
used for binary segmentation herein, we conjecture that aEFM based augmentation of RGB images 
can improve performance of more sophisticated segmentation methods such as deep networks.  
 
Keywords: hyperspectral microscopic image, RGB microscopic image, explicit feature map, 
computational augmentation, segmentation, histopathology. 
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1 INTRODUCTION 
 

Hyperspectral imaging (HSI), also called imaging spectroscopy, produces images up to several 
hundreds of adjacent spectral bands [1]. In addition to applications in resource management, 
agriculture, mineral exploration and environmental monitoring [3], HSI is also an emerging 
modality for medical applications, especially in disease diagnosis and image-guided surgery [3, 4]. 
HSI acquires three-dimensional dataset, called image cube, with two spatial dimensions and one 
spectral dimension. Upon assumption that physical properties of tissue such as absorption, 
fluorescence and scattering change during progressions of disease, [5], acquired hyperspectral 
image carries quantitative information about tissue pathology [6, 7]. Thus, spectra associated with 
specific tissues can serve as basis for disease screening, detection and diagnosis [3, 4]. In particular, 
HSI has demonstrated great potential in diagnosis of cancer in the cervix [7, 8], breast [9, 10], 
colon [11-14, 15, 20], head and neck [15, 19], prostate [16], ovary [17] and lymph nodes [18], to 
name a few. For more in depth coverage of the use of HSI in diagnosis of various diseases we refer 
an interested reader to [3, 4]. However, in comparison to their color counterparts, hyperspectral 
cameras lack in spatial resolution [21, 22]. That in combination with the high costs of HSI hinders 
their applicability [22]. Recent computational approaches demonstrated possibility to obtain high 
spatial and spectral resolution hyperspectral images from their color counterparts using low-cost 
color cameras only in combination with the strong hyperspectral prior [21, 22]. By strong 
hyperspectral prior it is meant the set of hyperspectral images with distribution of spectral 
signatures of the objects of interest. The databases such as iCVL and CAVE contain such images 
for indoor and outdoor scenes. However, we are not aware of collection of hyperspectral 
histopathological images of (hematoxylin and eosin) stained specimens. Thus, herein we propose 
computational augmentation of the color image by an approximate explicit feature map (aEFM). 
The approach is justified by the virtue of logic illustrated in Figure 1. While pixel vectors with 
spectral dimension can differ significantly in high dimensional space, their low dimensional 
projections in RGB color space can be highly similar. Hence, mapping of RGB pixel vectors onto 
high dimensional space should enable the segmentation algorithm to discriminate better cancerous 
vs. non-cancerous pixels. 
 

 

 
Figure 1. Motivation for an aEFM-based augmentation of color image. While the two vectors differ in 3D 
space, their projections in 2D space are highly similar. 

Proc. of SPIE Vol. 11603  116030R-2
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



The rest of this paper is organized as follows. Sec. 2 presents details related to aEFM based 
mapping of RGB color histopathological image of hematoxylin and eosin (H&E) stained specimen. 
Quantification of the performance of binary (cancer vs. non-cancer) segmentation of images of 
H&E stained specimens of breast cancer and nuclei by means of 0  quasi-norm constrained 
nonnegative matrix factorization (NMF) is presented in Sec. 3. Discussion and conclusions are 
given in Sec. 4.  

 
 

2 MATERIALS AND METHODS 
 
2.1 Background and related work 
 
Computational approaches to reconstruction of hyperspectral image from its RGB counterpart are, 
among others, presented in [21, 22]. The aim of these works is to recover the hyperspectral image 
as accurately as possible. The corresponding inverse problem is highly ill posed (under-
constrained) because for one RGB pixel multiple spectral signatures, known as metamers, can exist 
[23]. Thus, strong hyperspectral prior mentioned previously is necessary to ensure unique solution 
(reconstruction of the true hyperspectral image) of this inverse problem. That implies existence of 
dictionaries comprised of high-resolution spectral signatures of the objects (tissues in the case of 
histopathological image) expected or known to be present in the scenes of interest. Because such 
dictionary is typically overdetermined, representation of the sought hyperspectral signature is 
sparse. The sparsity constraint is typically strong enough to ensure unique solution of the 
hyperspectral signature recovery problem. In addition to sparsity, another prior relies on the known 
fact that naturally occurring reflectance spectra are smooth functions of wavelength. That is why 
Gaussian processes can explicitly model such smoothness using kernels [21]. Due to the same 
argument, we use the aEFM obtained through factorization of the Gaussian kernel. However, herein 
we are less ambitious than [21, 22]. We do not aim to recover hyperspectral image from its RGB 
counterpart. We rely on a known paradigm behind nonlinear classifiers that non-linearly transforms 
the data and, afterward, learns a linear classifier on a transformed dataset, see section 7.4 in [24]. 
That is justified by the Cover's theorem [25]. It states that the number of separating hyperplanes is 
proportional with dimension of the space where patterns sit. Thus, it is expected that patterns will 
be linearly separable in mapped space when its dimension is large enough. 
 
 
2.2 Pixel-wise approximate explicit feature map nonlinear transform of RGB image 
 

We propose nonlinear transform for pixel-wise mapping of vectors of RGB images onto high-
dimensional vectors in an attempt to mimic pixels of the true hyperspectral image of the same 
specimen. Nonlinear mapping stands for feature expansion transform, where colors represent 
features. Such type of mapping was used previously for tumor demarcation in magnetic resonance 
imaging [26], fluorescence imaging [27], and positron emission tomography imaging [28]. 
However, those maps were constructed on the ad hoc basis. Herein, we implement nonlinear 
feature expansion by means of aEFM obtained through factorization of the Gaussian kernel 
function. As explained previously, that is justified by the fact that naturally occurring reflectance 
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spectra are smooth functions of wavelength. Gaussian processes can explicitly model such 
smoothness using kernels [21]. Thus, pixel-wise mapping of RGB vector [ ]1 2 3

Tx x x=x , where 
components x1, x2 and x3 correspond with red, green and blue colors, yields: 

 
    ( )3 1 1

0 0: 1,...,D
j j j J× ×

+ +φ ∈ → φ ∈ ∀ =x x       (1)
  
such that D>>3. Nonlinear mapping is obtained through factorization of Gaussian kernel: 

( ) ( ) ( ), Tκ = φ φx y x y , where ( ) ( )2 2, exp= − −x y x yκ σ . By using multi-index notation and 

assuming 3
0+∈x  , factorization of Gaussian kernel yields EFM:  

 

   ( )
2
2

2

, 0

1 2e
!

r

r

r r

∞
−

= =

  =  
  

x
α

α

x x
α

σφ
σ

       (2)  

 
where 3

0∈α  , 1 2 3= + +α α α α , 1 2 3! ! ! !=α α α α  and 31 2
1 2 3x x x=x αα αα . The aEFM of order d is 

obtained for 0≤r≤d<∞.  Gaussian kernel induces infinite dimensional reproducible kernel Hilbert 
space (RKHS), while aEFM associated with it induces RKHS of dimension D that determines order 
of the approximation. Dimension of mapped space D depends on dimension of the input space N 
and order of the mapping d through: 
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Hence, aEFM of order d=5 maps the pixel from N=3 dimensional space onto D=56 dimensional 
space. When order of the mapping is d=8, the pixel is mapped onto D=155 dimensional space. 
Thus, dimension of mapping induced space D grows fast as a function of the approximation order d 
and that implies high computational and memory resources. However, as be seen in Sec. 3 
statistically significant performance improvement is obtained when d=3, i.e. D=20. Expressions (1) 
and/or (2) implicate that original RGB pixel is actually embedded in aEFM induced D-dimensional 
space. Hence, original RGB pixel can be considered as a projection of some (very) high 
dimensional pixel. Thus, it can be speculated that the role of the dth order aEFM, ( )dφ x , is to 
"return" the original image back to the high-dimensional space where "it belongs". However, 
multiple spectral signatures, known as metamers [23], can exist for a given RGB pixel. That is why 
we do not aim to reconstruct the true hyperspectral image, for which a strong hyperspectral prior is 
necessary. Instead, we shall estimate the order of aEFM d together with σ through cross-validation.  
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2.3 Segmentation by 0  constrained nonnegative matrix factorization  
 
Acquired RGB image tensor 1 2 3

0
I I× ×
+∈X  was flattened into a matrix 1 23 I I×∈X  , where I1 and I2 

stand, respectively, for number of rows and number of columns of the image. Matrix X is also 
mapped pixel-wise using aEFM of the order d from (2) yielding ( ) 1 2

0
D I I

d
×
+φ ∈X  . Segmentation is 

executed by means of nonnegative matrix factorization (NMF) algorithm with 0  quasi-norm 
constraint imposed on latent variables (representing tissue segments) [29]: 
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where J=I1I2. 3

0
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M J×
+∈S   respectively stand for basis (a.k.a. mixing) matrix and matrix 

of image segments. Model (4) is applied to aEFM mapped image ( )dφ X  analogously by 

substituting X with ( )dφ X . Â  and Ŝ  stand respectively for estimates of A and S. { }0 1

J

j j=
s  stand 

for 0  quasi-norm (it counts number of nonzero entries of the vector sj) of the column vectors of S. 
M is intrinsic dimension of X that in our application corresponds to the number of tissues present in 
the histopathological image. Because, we are interested in demonstrating performance 
improvement of the segmentation method (in this case 0  constrained NMF) we are focused on the 
two-class problem, i.e. cancer vs. non-cancer. Thus we set M=2. L stands for maximal number of 
tissues that can be simultaneously present at any pixel location. We assumed the so named pure 
pixel case and set L=1. 
 

2.4 Stain normalization of H&E stained histopathological images 

To cope with the technician and/or laboratory dependent experimental variations present during the 
slide preparation process, we applied structure-preserved color (stain) normalization method [30] 
with respect to target images selected by a pathologist. To be more specific, relative optical 
intensities in the logarithm domain of the raw image and the target image are decomposed by NMF 
[29] into color appearance matrices and stain density maps. Synthetic (stain normalized) image is 
obtained in the transformed logarithm domain. Thereby, hematoxylin and eosin color vectors from 
the color appearance matrix representing the target image were combined with related stain density 
maps representing the raw image. Afterward, synthetic image is transformed back into optical 
intensity domain through exponentiation. Thus, 0  constrained NMF image segmentation method 
can be applied on either dataset comprised of raw images of the H&E stained sections and their 
aEFM-mapped versions, or on dataset comprised of the corresponding stain normalized images.  
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We present the flow-chart diagram of proposed method in Algorithm 1. 
 

 
Algorithm 1. Flow chart diagram of proposed method for aEFM-based computational 
augmentation of RGB image.  
Input: Flattened RGB image tensor 1 23 I I×∈X  , mapping order d and standard deviation σ. 
1: Scale X to [0, 1] interval 
2: Stain normalize X 
3: Augment X using (2): ( )1 2 1 23

0 0
I I D I I

dφ
× ×
+ +∈ → ∈X X    

4: Segment ( )dφ X  using 0 -NMF algorithm into cancer binary map { }1 0,1∈s  and non-cancer 

binary map  { }2 0,1∈s . 
Output: Cancer binary map s1. 
 
 
 

3 EXPERIMENTS AND RESULTS 
 
3.1Datasets 
 
We verified performance improvement of the 0 constrained NMF applied to the aEFM mapped 
images relative to 0  constrained NMF applied to RGB image using two public datasets. The first 
dataset BreaKHis contains breast cancer H&E stained histopathology images acquired on 82 
patients. Dataset is described in [32] and available at [33]. We used 152 images with the pixel-wise 
annotated ground truths belonging to two classes: cancer vs. non-cancer. The second dataset 
contains 1000×1000 blocks of H&E stained histological images extracted from 30 whole slide 
images. The images contain more than 21000 nuclear boundaries manually annotated by experts 
with foreground (inside nuclei) vs. background (outside nuclei) binary ground truth maps. Dataset 
is described in [34] and available at [35].   
 

3.2 Results 

To quantify segmentation performance we compared 0  constrained NMF on RGB images with its 
aEFM counterpart. In addition to the raw images, 0  constrained NMF is also applied on their 
corresponding stain normalized versions. Before segmentation either raw or stain normalized 
images were scaled to the [0, 1] interval. To obtain optimal values of mapping order d and standard 
deviation σ of ( )dφ X  in (2) we varied these two parameters according to: d∈{2,3,4,5,6,7,8} and σ 
ϵ {0.3162, 0.5, 0.7071, 1}. In addition to highly increased computational and memory requirements 
it was also shown in Ref. 35 that d≥7 in combination with smaller values of σ is more influenced by 
noise. We compare all the algorithms with respect to four performance metrics: sensitivity, 
specificity, balanced accuracy and F1 score (a.k.a. Dice coefficient). All metrics are greater than or 

Proc. of SPIE Vol. 11603  116030R-6
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



equal to 0 and less than or equal to 1, where 0 indicates the worse and 1 indicates the best 
performance. Balanced accuracy is used to prevent the dominating non-cancer class to impact the 
performance measure. Figures 2 to 5 present results for the breast cancer data set in terms of, 
respectively, balanced accuracy, sensitivity, specificity and F1 score. As can be seen, stain 
normalization combined with the aEFM mapping yields statistically significantly improved 
balanced accuracy for σ=0.7071 and d∈{2, 3, 4}. Improvements also exits for σ=0.5 and d∈{6, 7, 
8} but they are of the same amount. Thus, due to the lower computational and memory 
requirements we prefer aEFM with d∈{2, 3, 4} and σ=0.7071. It can be seen that aEFM reduces 
sensitivity modestly and increases specificity significantly. The F1 score has also the highest values 
for d∈{2, 3} and σ=0.7071. Achieved accuracy in the amount 80.42%±9.23% is comparable with 
the one reported in [31], 80% to 85%, that is obtained thanks to the use of advanced feature 
extraction schemes. Figures 6 to 9 present results for the nuclei data set in terms of, respectively, 
balanced accuracy, sensitivity, specificity and F1 score. Stain normalization in this case does not 
play so significant role as in the case of the breast cancer dataset. However, the aEFM mapping 
yields again statistically significantly improved balanced accuracy for σ=0.7071 and d∈{2, 3}. The 
F1 score has also the highest value for d∈{2, 3} and σ=0.7071. Thus, the combination d∈{2, 3}and 
σ=0.7071, yields highest values of balanced accuracy and F1 score for both data sets.  
 
 

 

Figure 2. Balanced accuracy of the 0  constrained NMF in binary segmentation of the breast cancer 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images. "Standard deviation zero" denotes improvements relative to the RGB image that are 
statistically significant in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  
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Figure 3. Sensitivity of the 0  constrained NMF in binary segmentation of the breast cancer 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images.  
 

 
Figure 4. Specificity of the 0  constrained NMF in binary segmentation of the breast cancer 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images. "Standard deviation zero" denotes improvements relative to the RGB image that are 
statistically significant in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  
 
 

 
Figure 5. F1 score of the 0  constrained NMF in binary segmentation of the breast cancer 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images. "Standard deviation zero" denotes improvements relative to the RGB image that are 
statistically significant in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  
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Figure 6. Balanced accuracy of the 0  constrained NMF in binary segmentation of the nuclei 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images. "Standard deviation zero" denotes improvements relative to the RGB image that are 
statistically significant in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  

 
Figure 7. Sensitivity of the 0  constrained NMF in binary segmentation of the nuclei 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images.  

 

 
Figure 8. Specificity of the 0  constrained NMF in binary segmentation of the nuclei 
histopathological images: mean ± standard deviation. Left: raw H&E stained images. Right: stain 
normalized images. "Standard deviation zero" denotes improvements relative to the RGB image that are 
statistically significant in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  
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Figure 9. F1 score of the 0  constrained NMF in binary segmentation of the nuclei histopathological 
images: mean ± standard deviation. Left: raw H&E stained images. Right: stain normalized images. 
"Standard deviation zero" denotes improvements relative to the RGB image that are statistically significant 
in terms of the t-test and 95% confidence interval, i.e. p≤0.05.  
 
 

 
4 DISCUSSION AND CONCLUSIONS 

 
HSI is an emerging modality for medical applications, especially in disease diagnosis and image-
guided surgery. However, low spatial resolution and high costs hinder applicability of HSI. Recent 
efforts demonstrated that strong hyperspectral prior enables computational reconstruction of the 
hyperspectral images with high spectral and spatial resolution from their RGB counterparts. Herein, 
we proposed computational augmentation of the RGB image that does not require the hyperspectral 
prior. It does not aim to reconstruct the hyperspectral image but to make spectral signatures of the 
tissues present in the histopathological image more different than in the RGB image. The concept 
was validated on breast cancer and nuclei datasets using 0  constrained NMF for binary 
segmentation (cancer vs. non-cancer). In combination with the stain normalization, statistically 
significant performance improvement, in terms of balanced accuracy and F1 score, was obtained 
when compared with the segmentation of the corresponding RGB images. It is conjectured that 
aEFM based augmentation of RGB images could improve performance of more sophisticated 
segmentation methods such as deep networks.  
 
 

ACKNOWLEDGEMENTS 

This work was supported in part through; grant IP-2016-06-5235 "Structured Decompositions of 
Empirical Data for Computationally-Assisted Diagnosis of Disease" funded by the Croatian 
Science Foundation and European Regional Development Fund under the grant KK.01.1.1.01.0009 
(DATACROSS).  

 
 
 
 
 

Proc. of SPIE Vol. 11603  116030R-10
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



REFERENCES 
[1] Wolfe, W. L., [Introduction to Imaging Spectrometers], SPIE Press (1997). 
[2] Ma, W. K., Bioucas-Dias, J. M., Chanussot, J., Garder, P., "Signal and image processing in 

hyperspectral remote sensing," IEEE Sig. Proc. Mag. 31, 22-23 (2014).   
[3] Lu, G.,  Fei, B., "Medical hyperspectral imaging: a review," J. Biomed. Opt., 010901 (2013). 
[4] Ortega, S., Halicek, M., Fabelo, H., Callico, G. M., Fei, B., "Hyperspectral and multispectral imaging in 

digital and computational pathology: a systematic review [Invited]," Biomed. Opt. Exp. 11, 3195-3233 
(2020).  

[5] Costas, B., Christos, P., George, E., "Multi/hyper-spectral imaging," in: Boas, D. A., Pitris, C.,  
Ramanujam, N. (Eds.), [Handbook of Biomedical Optics], CRC Press (2011), 131-164. 

[6] Ferris, D. G., Dickman, E. D., Holtzapple, N., Miller, J. A., Grogan, A.,  Bambot, S., "Multimodal 
hyperspectral imaging for the noninvasive diagnosis of cervical neoplasia," J. Low. Genit. Tract Dis. 5, 
65-72 (2001). 

[7] Pierce, M. C., Schwarz, R. A., Bhattar, V. S., Mondrik, S., Williams, M. D., Lee, J. J., "Accuracy of in 
vivo multimodal optical imaging for detection of oral neoplasia," Cancer Prev. Res. 5, 801-809 (2012). 

[8] Sidiqqi, A. M., Li, H., Faruque, F., Williams, W., Lai, L., Hughson, M., et al., "Use of hyperspectral 
imaging to distinguish normal, precancerous, and cancerous cells," Cancer Cytopathol. 114, 13-21 
(2008). 

[9] Panasyuk, S. V., Yang, S., Faller, D. V., Ngo, D., Lew, R. A., Freeman, J. E., Rogers, A. E., "Medical 
hyperspectral imaging to facilitate residual tumor identification during surgery," Cancer Biol. Ther. 6, 
439-446 (2007). 

[10] Ortega, S., Halicek, M., Fabelo, H., Guerra, R., Lopez, C., Lejeuene, M., Gotliebsen, F., Callico, G. M., 
Fei, B., "Hyperspectral imaging and deep learning for the detection of breast cancer in digitized 
histological images," in: Proc. SPIE 11320, 113200V (2020). 

[11] Leavesley, S. J., Walters, M., Lopez, C., Baker, T., Favreau, P. F., Rich, T. C., Rider, P. F., Bordeaux, 
C. W., "Hyperspectral imaging fluorescence excitation scanning for colon cancer detection," J. Biomed. 
Opt. 21, 104003 (2016). 

[12] Masood, K., Rajpoot, N., Rajpoot, K., Qureshi, H., "Hyperspectral colon tissue classification using 
morphological analysis," in Proc. IEEE Int. Conf. on Emerging Technologies 2016, Peswar, Pakistan, 
November 13-14, 2016, pp. 735-741. 

[13] Maggioni, M., Davis, G., Warner, F. J., Coifman, L. R., "Hyperspecral microscopic analysis of normal, 
benign and carcinoma microarray tissue sections," in: Proc. SPIE 6091, 60910I (2006). 

[14] Masood, K., Rajpoot, N., "Texture based classification of hyperspectral colon biopsy samples using 
CLBP," in  Proc. IEEE Int. Symp. on Biomed. Imaging: From Nano to Micro 2009, 2009, pp. 1011-
1014. 

[15] Halicek, M.,  Guolan, L., Little, J. V.,  Wang, X., Patel, M.,  Griffith, D.,  et al., Deep convolutional 
neural networks for classifying head and neck cancer using hyperspectral imaging, J. Biomed. Opt. Lett. 
22, 060503 (2017). 

[16] Akbari, H., Halig, L. V., Schuster, D. M., Osnukova, A., Master, V.,  Nieh, P. T., et al., "Hyperspectral 
imaging and quantitative analysis for prostate cancer detection,"  J. Biomed. Opt. 17, 076005 (2012). 

[17] Nakaya, D., Tsutsumiuchi, A., Satori, S., Saegusa, M., Yoshida, T., Yokoi, A., Kano, M., "Digital 
pathology with hyperspectral imaging for colon and ovarian cancer," in: Proc. SPIE, 10956, 109560X 
(2019). 

[18] Isabelle, M., Rogers, K., Stone, N., "Correlation mapping: rapid method for identification of histological 
features and pathological classification in mid infrared spectroscopic images of lymph nodes," J. 
Biomed. Opt.15, 026030 (2010). 

Proc. of SPIE Vol. 11603  116030R-11
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



[19] Ma, L., Halicek, M., Zhou, X., Dormer, J., Fei, B., "Hypersspectral microscopic imaging for automatic 
detection of head and neck squamous cell carcinoma using histologic image and machine learning," in: 
Proc. SPIE 11320, 133200W (2020). 

[20] Kopriva, I., Aralica, G., Popović Hadžija, M., Hadžija, M., Dion-Bertrand, L.-I., Chen, X., 
"Hyperspectral imaging for intraoperative diagnosis of colon cancer metastasis in a liver," in: Proc. SPIE 
10956, 109560S (2019).  

[21] Akhtar, N., Mian, A., "Hyperspectral recovery from RGB images using Gaussian Processes," IEEE 
Trans. Patt. Anal. Mach. Intell. 42, 100-113 (2020). 

[22]  Boaz, A., Ben-Shahar, O., "Sparse Recover of Hyperspectral Signal from Natural RGB Images," in: 
2016 European Conference on Computer Vision LNSC 9911, 19-34 (2016). 

[23] Palmer, S. E., Ed., [Vision Science: Photons to Phenomenology], The MIT Press (1999).  
[24] Fukunaga, K., [Statistical Pattern Recognition], Academic Press (1990). 
[25] Cover, T. M., "Geometrical and Statistical Properties of Systems of Linear Inequalities with 

Applications in Pattern Recognition," IEEE Trans. Electronic Computers EC-14 ( 3), 326-334 (1965). 
[26] Ouyang, Y., C., Chen, H. M., Chai, J. W., Chen, C. C. C., Poon, S. K., Yang, C. W, Lee, S. K., Chang, 

C. I., "Band Expansion-Based Over-Complete Independent Component Analysis for Multispectral 
Processing of Magnetic Resonance Image," IEEE Trans. Biomed. Eng. 55 (6), 1666-1677 (2008). 

[27] Kopriva, I., Peršin, A., "Unsupervised decomposition of low-intensity low-dimensional multi-spectral 
fluorescent images for tumor demarcation," Med. Image Anal. 13 (3), 507-518 (2009). 

[28] Kopriva, I., Ju, W., Zhang, B., Shi, F., Xiang, D., Yu, K., Wang, X., Bagci, U., Chen, X., "Single-
channel Sparse Nonnegative Blind Source Separation Method for Automatic 3D Delineation of Lung 
Tumor in PET Images," IEEE J. Biomed. Health Inf. 21 (6), 1656-1666 (2017). 

[29] Peharz, R., Pernkopf, F., "Sparse nonnegative matrix factorization with 0
 -constraints," 

Neurocomputing 80 (1), 38-46 (2012). 
[30] Bejnordi, B. E., Litjens, G., Timofeeva, N., Otte-Höller, I., Homeyer, A., Karssemeijer, N., van der 

Laak, J. A. W. M., "Stain Specific Standardization of Whole-Slide Histopathological Images," IEEE 
Trans. Med. Imaging 35 (2), 404-415 (2016). 

[31] Spanhol, F. A., Oliveira, L. S., Petitjean, C., Heutte, L., "A Dataset for Breast Cancer Histopathological 
Image Classification," IEEE Trans. Biomed. Eng. 63 (7), 1455-1462 (2016). 

[32] http://web.inf.ufpr.br/vri/breast-cancer-database 
[33] Kumar, N., Verma, R., Sharma, S., Bhargava, S., Vahadane, A., Sethi, A., "A Dataset and a Technique 

for Generailzed Nuclear Segmentation for Computational Pathology," IEEE Trans. Med. Imag. 36 (7), 
1150-1560 (2017). 

[34] https://nucleisegmentationbenchmark.weebly.com/dataset.html 
[35] Kopriva, I., Popović Hadžija, M., Hadžija, M., Aralica, G., " Unsupervised segmentation of low-contrast 

multichannel images: discrimination of tissue components in microscopic image of unstained 
specimen," Scientific Reports 5, article no. 11576 (2015). 

  
 

Proc. of SPIE Vol. 11603  116030R-12
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use


