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 8 
Abstract: This paper presents novel feature descriptors and classification algorithms for 9 

automated scoring of HER2 in Whole Slide Images (WSI) of breast cancer histology slides.  Since a 10 
large amount of processing is involved in analyzing WSI images, the primary design goal has been 11 
to keep the computational complexity to the minimum possible level and to use simple, yet robust 12 
feature descriptors that can provide accurate classification of the slides. We propose two types of 13 
feature descriptors that encode important information about staining patterns and the percentage of 14 
staining present in ImmunoHistoChemistry (IHC) stained slides. The first descriptor is called a 15 
characteristic curve which is a smooth non-increasing curve that represents the variation of 16 
percentage of staining with saturation levels. The second new descriptor introduced in this paper is 17 
an LBP feature curve which is also a non-increasing smooth curve that represents the local texture of 18 
the staining patterns. Both descriptors show excellent interclass variance and intraclass correlation, 19 
and are suitable for the design of automatic HER2 classification algorithms.  This paper gives the 20 
detailed theoretical aspects of the feature descriptors and also provides experimental results and 21 
comparative analysis. 22 

Keywords: medical image classification; local binary patterns; characteristic curves; whole slide 23 
image processing; automated HER2 scoring 24 

 25 
 26 

1. Introduction 27 
The most commonly used method for breast cancer grading is the ImmunoHistoChemistry 28 

(IHC) test which is a staining process performed on biopsy samples of breast cancer tissues [1]. The 29 
IHC stained slides are normally observed under a microscope by pathologists to determine the level 30 
of over-expression of Human Epidermal Growth factor Receptor 2 (HER2) protein in cancer cells. 31 
The tissue sample is then assigned a HER2 score of 0 to 3+ representing the grade of cancer present 32 
in the sample [2].  Manual grading and annotations of breast cancer slides are time consuming,  33 
and there are huge maintenance costs associated with collecting, archiving, and transporting tissue 34 
specimens. It is also well documented that manual grading can have significant variability in 35 
pathologist assessments due to the subjective process of determining the intensity and uniformity of 36 
staining in the presence of variable staining patterns and heterogeneity of tumor grade [3]. 37 
Automated methods can also suffer from errors due to inaccuracies in the training algorithm and its 38 
inability to segment faint and complex tissue structures [4]. 39 

In the rapidly growing field of digital pathology, several Whole Slide Image (WSI) processing 40 
algorithms are currently being developed as diagnostic tools to help pathologists in the assessment 41 
of disease patterns [5]. WSIs have a pyramidal structure to enable optimized viewing across multiple 42 
magnification levels, and they provide a high resolution overview of the entire slide [5,6]. Typically 43 
at 40x magnification, the images have a resolution of approximately 0.25 microns per pixel. At this 44 
resolution, a slide region of size 15mm x 15mm could correspond to 60,000 x 60,000 pixels.  WSIs 45 
were originally used as a computer aided digital microscopy tool, where pathologists could view 46 
different parts of a sample at different magnifications to improve the accuracy of their scores [3]. 47 
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Powerful computational algorithms are being developed to automatically extract features related to 48 
cytological and protein structures in the image for accurately quantifying biomarkers like HER2 [7]. 49 
In [8], the authors used adaptive thresholding and watershed algorithm for cell segmentation.   50 
Recently, an online contest was organized by the University of Warwick in conjunction with the 51 
UK/Ireland Pathology Society annual meeting 2016, with the aim of advancing research in the field 52 
of automated HER2 scoring algorithms [9]. This contest was the primary motivation for our research 53 
work presented in this paper. Our algorithm (registered with team name UC-CSSE-CGIP) 54 
performed exceedingly well in the contest, obtaining the second best points score of 390 out of 420 55 
and the overall seventh position in the combined leader board [10]. The teams that were on the top of 56 
the leader board, including our team, were invited to submit a very brief (one paragraph) summary 57 
of the algorithms used for inclusion in a journal paper prepared by the contest organizers [11]. 58 

WSIs contain voluminous amounts of data.  One of the primary design goals has been to keep 59 
the computational complexity to the minimum possible level and to develop an efficient method that 60 
can process relevant tiles of an input WSI image quickly and classify the image into one of the four 61 
classes corresponding to the four HER2 scores. The second design goal was to have a feature set 62 
whose correlation to the percentage of membrane staining in the given sample could be easily 63 
visualized and interpreted by pathologists. The third design goal was to reduce the amount of 64 
information redundancy in the feature set by extracting a minimal set of characteristic features that 65 
would adequately represent the staining pattern and the percentage of staining. This paper presents 66 
two types of feature descriptors that have shown excellent intraclass correlation and interclass 67 
variance in our experimental analysis involving a large collection of WSI images. The first descriptor 68 
is called characteristic curves and they represent the variation of the percentage of staining in an 69 
image tile with saturation levels of the staining colour. The second descriptor is based on local 70 
binary patterns [12], and they encode information about the local texture variation in the image with 71 
saturation levels. The paper provides a detailed description of the WSI processing stages, 72 
development and selection of features, and the experimental analysis performed. We hope that the 73 
methods presented in this paper will contribute significantly to the development of faster and 74 
accurate automatic HER2 scoring techniques in the area of breast cancer histopathology. 75 

The paper is organized as follows: The next section gives a description of the dataset used, an 76 
outline of HER2 assessment scheme and an overview of the stages of the processing pipeline.   77 
Section 3 provides an introduction to a novel set of features called characteristic curves and 78 
discusses their computational aspects and properties.  Section 4 gives an overview of local binary 79 
patterns, their computation, and introduces another set of feature descriptors called LBP feature 80 
curves.  Section 5 gives a brief description of a classification algorithm using the proposed feature 81 
descriptors for classifying histopathological images based on their HER2 scores. and Section 5 82 
presents experimental results and comparative analysis.  Section 6 presents experimental results 83 
and analysis. Section 7 concludes the paper with a summary of important aspects of the proposed 84 
features and outlines future research directions. 85 

2. Materials and Methods 86 

2.1 HER2 Assessment 87 
The amplification of HER2 genes and correspondingly the over-expression of HER2 protein 88 

receptors play an important role in the development of breast cancer. The assessment of HER2 89 
protein over-expression is done using the ImmunoHistoChemistry (IHC) test based on the 90 
percentage of membrane staining observed in tumor cells as well as the intensity of staining [2]. The 91 
mapping between the level of membrane staining and the reported HER2 score is shown in Table 1. 92 
  93 
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Table 1. Correlation between the intensity and percentage of membrane staining and the assigned 94 
HER2 scores [2]. 95 

HER2 Score Assessment Staining Pattern 
0 Negative No staining is observed, or membrane staining is observed 

in less than 10% of tumor cells 
1+ Negative A faint/barely perceptible membrane staining is detected in 

greater than 10% of tumor cells. The cells exhibit incomplete 
membrane staining. 

2+ Weakly 
Positive 

A weak to moderate membrane staining is observed in 
greater than 10%  of tumor cells. 

3+ Positive A strong complete membrane staining is observed in 
greater than 10% of tumor cells. 

 96 
A few sample tiles from WSI images of IHC stained slides are given in Figure. 1 along with the 97 

HER2 scores to show the variations of the scores with the level of membrane staining seen in the 98 
images. 99 

  100 

   
HER2 Score = 0 HER2 Score = 1+ HER2 Score = 2+ HER2 Score = 3+ 

Figure 1.  WSI tiles showing different levels of staining and corresponding HER2 scores. 101 

2.2 Dataset 102 
The dataset used in this research work was provided by the University of Warwick as part of 103 

the online HER2 scoring contest [9]. Permission was granted by the contest organizers to 104 
participating teams for the use of the dataset for research and academic purposes. The dataset 105 
consisted of a total of 172 whole slide images in Nano-zoomer Digital Pathology (NDPI) format. 106 
These WSIs were extracted from 86 cases of patients with invasive breast carcinomas [11].  For each 107 
case, WSIs of both Hematoxylin and Eosin (H&E) stained and IHC stained slides were provided. 108 
There were two HER2 scoring contests, and the number of WSIs provided for training and testing 109 
the classification algorithm is given in Table 2. 110 

Table 2. Number of WSIs provided for training and testing the classification algorithm. 111 

Training Set Test Set 
Ground Truth HER2 Score Number of WSIs Contest-1 

No. of WSIs 
Contest-2 

No. of WSIs 
0 13 28 6 
1+ 13 
2+ 13 
3+ 13 
          Total: 52

 112 

2.3 Processing Stages 113 
Various stages of the processing pipeline are shown in Figure 2. We used the OpenSlide API 114 

[13] to read WSIs of IHC stained slides, and a region of interest (ROI) containing a significant portion 115 
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of the imaged tissue is extracted  from the middle segment of the image.  Rectangular tiles of size 116 
1800 x 1200 pixels at 20x magnificaiton that contain at most 20% background pixels are then created 117 
and used as inputs for the method that computes LBP features and characteristic curves.  At least 118 
six tiles at randomly selected locations within the ROI are generated for each WSI. The remaining 119 
part of the pipeline thresholds the input tiles and computes the LBP features and also the percentage 120 
of staining in the tissue sample to obtain the characteristic curves. These steps are detailed in the 121 
following sections. 122 

 123 

 124 
Figure 2. Processing stages in the extraction of characteristic curves and LBP features 125 

3. Characteristic Curves 126 
Curve based automated analysis of immunohistochemical images have been tried in the past 127 

with limited success [14]. In this section, we introduce a novel feature vector called a characteristic 128 
curve. An important parameter in HER2 assessment is the percentage of membrane staining 129 
perceived in an image segment. Assuming that we can compute the percentage of membranes 130 
stained in a particular colour range (this computation will be discussed in detail below), we can 131 
analyse the variations in this percentage value with respect to changes in the colour saturation 132 
threshold.  Specifically, if [h, s, v] represent the stain colour components in HSV space, and if  p(slow) 133 
denotes the pecentage of staining with colour in the range given by the following inequalities: 134 

h1 ≤  h  <  h2 

 s > slow 

 v1 ≤  v  <  v2 , (1) 

then, the variation of p(slow) plotted against slow gives the characteristic curve (or the 135 
percentage-saturation curve) of the image. In Equation 1, [h1, h2] denote fixed hue thresholds 136 
specifying allowable variations in the hue value, and similarly [v1, v2] denote value thresholds.  137 
Since we specify only the lower bound for saturation, progressively increasing slow, typically from 0.1 138 
to 0.5, produces a non-increasing characteristic curve (Figure 3). 139 

The base components of the stain colour [h, s, v] are computed using the training set where the 140 
given percentage of staining is above 80%.  While computing the percentage of staining for the test 141 
(or cross-validation) sets, it is important to eliminate not only the background region but also other 142 
segments that are not part of the membrane region such as connective tissues, lobules and nuclei. 143 
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These regions can be segmented using colour (nuclei are stained in a distinctly different colour) or 144 
using a distance measure evaluated in colour space over a neighborhood mask around each pixel 145 
(for identifying regions of nearly constant colour value) 146 

 147 

   148 
Figure 3. Intermediate stages in the generation of a characteristic curve. 149 

Figure 3 shows thresholded images with stained regions in red colour as the value of slow is 150 
increased from 0.1 to 0.4. The resulting characteristic curve is also shown. The characteristics curves 151 
have the property that they are always monotonically decreasing smooth curves. They allow 152 
accurate polynomial approximations using cubic curves.  The shape of the curve can be directly 153 
matched with the staining patterns given in the HER2 assessment guidelines (Table 1) for a 154 
straightforward interpretation of the derived score (Figure 4). For example, the characteristic curve 155 
always lies below the 10% threshold when the score is 0, and only a small initial segment of the curve 156 
lies above the 10% mark when the score is 1.  If the score is 3+, the curve lies completely above the 157 
30% mark showing a strong and complete membrane staining. As seen in Figure 4, the curve passes 158 
through a much wider range of values of percentage staining when the score is 2+. 159 

 160 

 161 
Figure 4. Variations in the shapes of the characteristic curves with different levels of staining. 162 
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The properties of the characteristic curve outlined above, particularly the fact that the curve is 163 
non-increasing, can be used for developing a naive rule-based classification algorithm as follows.  164 
• If   z0 ( = p(0.1))  <  10%,  then the whole curve lies below 10%, and the score is 0 165 
• Else if   zn−1 ( = p(0.5))   >  30%,  then the whole curve lies above 30%, and the score is 3+  166 
• Else if   10%  ≤  z0  ( = p(0.1))  <  40%  and  p(0.2) <  15%, the score is 1+ 167 
• Else if p(0.4) < 15%, then the score is 2+ 168 
• Else, the score is 3+  169 

The rules were formed by analyzing the shapes of characteristic curves for several image tiles 170 
with ground truth values of HER2 scores assigned by pathologists. Note that for the above simple 171 
classification algorithm, we sample the curve at only four key points p(0.1),  p(0.2),   p(0.4), and  172 
p(0.5).  We outlined the rule based algorithm here primarily to show the feature representation 173 
capability of the characteristic curves. 174 

 4. Local Binary Patterns 175 

4.1 LBP Computation 176 
Local binary patterns (LBP) are powerful feature descriptors used for texture analysis and 177 

classification [12]. The binary pattern is derived by comparing the intensity at each pixel with its 178 
eight neighbors and encoding the information in an 8-bit integer value. This encoding can be viewed 179 
as a transformation of the input image into an LBP image as shown in Figure 9. The histogram of the 180 
LBP image is generally used for texture classification.  In the area of medical image analysis, LBP 181 
methods have been successfully used in characterizing disease patterns [15-17] and automated 182 
diagnosis [18]. Local binary patterns have also been used for analyzing histopathological images and 183 
detecting mitotic cells [19,20]. Several variants of LBP features such as hierarchical LPB have also 184 
been proposed for specific applications like retinal vein occlusion recognition [21]. 185 

 186 

 187 
Figure 5. The intermediate steps in the computation of the LBP histogram of an image. 188 

As an example, an input image and its LBP image are shown in Figure 6. 189 
 190 

 
(a) (b) 

Figure 6. (a) A sample input image for LBP computation; (b) The corresponding LBP image. 191 
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 192 
As discussed in Section 3, we first obtain a thresholded image using a hue range [h1, h2] and 193 

saturation values with s > slow.  The pixels passing the threshold test are converted to gray level by 194 
mapping  h1 to 0 and h2 to 255. This gray level image is used as the input for LBP computation. The 195 
LBP histogram of such images contain predominant features that represent the texture characteris-196 
tics of the staining patterns.  197 

4.2 LBP Feature Curves 198 
An LBP histogram is shown in Figure 7. The important LBP features are highlighted based on 199 

their magnitudes. The LBP histogram contains 256 values Li ,  i = 0…255.   We propose the fol-200 
lowing set of five LBP features for classification: 201 

V = {L2, L32, L128, L223, L253}           (2) 202 
 203 

 204 
Figure 7. An LBP histogram showing the predominant feature components. 205 

Each feature in the above set can generate a feature curve as detailed below. Consider one of the 206 
LBP feature components, say L32. When the input image's saturation threshold slow is varied from 0.1 207 
to 0.4 as discussed in Section 3, we get the corresponding variation in L32. This variation in the values 208 
of L32 shows a non-increasing trend very similar to that of the characteristic curve.  209 

 210 

 211 
Figure 8. Normalized LBP feature curves for L32, L128, L253 showing the variations of their magnitudes 212 
when the values of the saturation threshold slow are varied from 0.1 to 0.8 (x-axis). 213 

The values of the LBP feature curves are normalized to remove any variations due to changes in 214 
image size as follows: 215 

Li′ = Li.100/(w.h) (2) 
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where, w, h denote the width and the height of the input image.  The variations of three LBP 216 
feature components L′32, L′128, and L′253 with the saturation threshold for images with HER2 scores 0, 217 
1+, 2+ and 3+ are shown in Figure 8. 218 

The LBP feature curves bear similarity with characteristic curves in that they do not contain 219 
high frequency variations and are non-increasing. Further, as can be seen in Figure 8, LBP feature 220 
curves also show excellent discriminating power between the four HER2 classes, making them 221 
suitable for use as feature vectors in classification algorithms. 222 

5. HER2 Classification and Scoring 223 
In this section, we outline a ‘one-vs-all’ multi-class classification algorithm using logistic re-224 

gression [22]. Logistic regression was chosen to minimize the computational complexity. Higher 225 
order methods such as neural networks could also be designed with the use of the feature vectors 226 
proposed in this paper. For a given training example with index j, the points sampled along its 227 
characteristic curve or LBP feature curve xi(j) = p(si), i = 1..n,  j = 1..m   are used as features. The class 228 
labels are denoted by yj ∈[0, 3],  j = 1..m.   We denote the feature matrix by X∈ℜm×(n+1) , the output 229 
vector of labels by Y∈ℜm×1, and the classifier parameter vector for each class by θk ∈ℜ(n+1)×1,  k = 1..4. 230 
Here, class-1 corresponds to the set of training examples with HER2 score 1+,  class-2 with HER2 231 
score 2+, class-3 with HER2 score 3+ and class-4 with HER2 score 0.  We then have the following 232 
equations for the hypothesis functions H, the cost function and the gradient functions: 233 

H = g(Xθk ) (3) 

where, H∈ℜm×1, and g() denotes the sigmoid function. The cost function J(θk) is then given by 234 

( ))1log()1()log(1)( HYHY
m

J TT
k −−−−=θ  (4) 

 and the gradient function vector J′(θk) is defined as  235 

( ))(1)( YHX
m

J T
k −−=′ θ ,  k = 1..4. (5) 

For prediction, the points xi on the characteristic curve or the LBP feature curve of a given 236 
sample are combined with the trained values of class parameters θk for each class k = 1..4, and the 237 
class that gives the maximum value for  g(xi′θk ) is chosen. In the next section, we provide the result 238 
of classification experiments using the above methods. 239 

6. Experimental Results and Analysis 240 
We used features computed from 52 WSIs with 3 tiles at 20x from each image (comprising of 241 

156 images) and their ground truth values as the training data. Another set of 3 tiles from each of the 242 
52 cases formed the cross-validation set.  Out of the total of 156 image tiles in the cross-validation 243 
set, 39 belonged to each of the four classes corresponding to four HER2 scores. For generating fea-244 
ture vectors for classification using logistic regression, it was found that a step size of 0.02 for the 245 
saturation threshold would provide an adequate number of 20 points (features) within the satura-246 
tion range slow ∈ [0.1, 0.5].  The feature matrix X in Equation 3 therefore had the dimension 156×20. 247 
The gradient descent algorithm used 100 iterations to converge to the solution with a learning rate of 248 
0.001 (Figure 9). 249 
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 250 
Figure 9. Convergence of the cost functions of the four-class logistic regression algorithm. 251 

Figure 9 gives a sample plot of cost function values for each of the four classes, where the 252 
characteristic curves consisting of 20 features for each sample were used as feature vectors. The 253 
confusion matrix in Table 3 summarizes the results for each class and gives the overall accuracy 254 
achieved. 255 

Table 3. Confusion matrix for the multi-class logistic regression algorithm 256 

Predicted Accuracy = 88.46% 
0 1+ 2+ 3+ Precision Recall 

A
ct

ua
l 0 37 2 0 0 0.86 0.95 

1+ 6 29 4 0 0.83 0.74 
2+ 0 4 34 1 0.87 0.87 
3+ 0 0 1 38 0.97 0.97 

  257 
The smoothness and monotonically decreasing properties of the characteristic curve can be ef-258 

fectively made use of in reducing the dimensionality of the features in the logistic regression algo-259 
rithm. As in the case of the rule based classification method, we can sample the curve at only four 260 
key points p(0.1),  p(0.2),   p(0.4), and  p(0.5), and also use the slope information at those points 261 
p′(0.1),  p′(0.2),   p′(0.4), and  p′(0.5) to get a feature vector of size 8 instead of 20. The cost functions 262 
converge to almost similar values with only a slight increase in the magnitudes. The confusion ma-263 
trix obtained by running the algorithm with the reduced set of features of the characteristic curve is 264 
shown in Table 4. 265 

Table 4. Confusion matrix for the multi-class logistic regression algorithm with the reduced feature 266 
set. 267 

Predicted Accuracy = 83.3% 
0 1+ 2+ 3+ Precision Recall 

A
ct

ua
l 

0 37 2 0 0 0.80 0.95 
1+ 8 24 7 0 0.75 0.61 
2+ 1 6 31 1 0.79 0.79 
3+ 0 0 1 38 0.97 0.97 

  268 
As seen in Table 4, reducing the dimensionality of the feature set from 20 to 8 only affected the 269 

recall rates of classes 1 and 2. 270 
Experimental analysis using LBP feature curves also gave reasonably good levels of accuracy. 271 

Only one LBP feature curve selected from the set in Equation 2 was used in our analysis, and the 272 
feature vector consisted of 20 sample points along the curve. We give below the results for the fea-273 
ture curve L32 (Table 5). 274 
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Table 5. Confusion matrix for the multi-class logistic regression algorithm with the LBP feature 275 
vector L32. 276 

Predicted Accuracy = 87.18% 
0 1+ 2+ 3+ Precision Recall 

A
ct

ua
l 

0 38 1 0 0 0.84 0.97 
1+ 6 27 6 0 0.82 0.69 
2+ 1 5 32 1 0.84 0.82 
3+ 0 0 0 39 0.98 1.00 

  277 
 278 
The texture characteristics represented by LBP features were useful in resolving some of the 279 

ambiguous cases for scores 0 and 3+ where the texture features are highly distinguishable, providing 280 
higher recall rates for those two scores. The LBP features also gave higher false positives for score 2+. 281 
Overall, logistic regression with 20 feature points computed from the characteristic curves gave the 282 
highest accuracy of 88.5%. 283 

Analysing the staining patterns in tiles that were wrongly classified revealed a common prob-284 
lem in the automatic extraction of tiles from WSIs.  Some of the samples with scores 1+ and 2+ had 285 
large tissue regions without any staining.   The example shown in Figure 10 contains a tissue sam-286 
ple at 10x magnification with an assigned score of 2+. 287 

 288 

 289 
Figure 10. An example showing two tile positions with varying image characteristics within the same 290 
WSI. 291 

In Figure 10, the tile on the top did not contain any stained membrane regions and was assigned 292 
a ground truth value of 2+ at the training stage, and a predicted value of 0 at the cross-validation 293 
stage. This tile could have been a valid part of any WSI with a score 0, and therefore there is no way 294 
by which such tiles can be identified and discarded by the automatic tile extraction method. 295 
Manually identifying such tiles from the training and cross-validation sets significantly improved 296 
the scores of the classification algorithms. The tile on the bottom half of Figure 10 was assigned the 297 
correct score of 2+. 298 

7. Conclusions and future work 299 
This paper has introduced two novel feature descriptors viz., characteristic curves and LBP 300 

feature curves that could be effectively used in classification algorithms for automated scoring of 301 
HER2 in breast cancer histology slides. The computational aspects of both types of descriptors and 302 
their shape feature representation capabilities in embedding information about the staining patterns 303 
and the percentage of staining present in images with different HER2 scores have been discussed in 304 
detail.  Both descriptors have similar geometrical attributes in that they are both smooth 305 
non-increasing curves. Experimental analysis have shown that both descriptors have excellent in-306 
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terclass variance and intraclass correlation properties that make them useful for applications in 307 
classification algorithms. Results of experimental analysis done using a comprehensive WSI dataset 308 
provided by the University of Warwick[9] has also been presented. The results show that the fea-309 
tures used with a multi-class classification algorithm such as logistic regression can provide very 310 
good levels of accuracy. The paper also outlined computational stages in the overall processing 311 
pipeline for automatic HER2 scoring using WSI files as inputs. 312 

Experimental results given in the paper also show the need for further improving the discrim-313 
inating power of the features. Future work is directed towards performing detailed feature analysis 314 
to select a combination of features from characteristic curves and LBP feature curves.  Further 315 
analysis is required for accurate identification of membrane morphology and region segmentation, 316 
particularly for samples with an assigned HER2 score 1+.  It is also necessary to assess the repro-317 
ducibility of results, specifically inter-scanner variability [23] of the rule-based classification algo-318 
rithm as the rules were formed using data produced by a single scanner. Future work is also directed 319 
towards GPU implementations of the feature extraction methods. 320 
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