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INTRODUCTION 

The central goal of VPH-Prism WP5 is the development of analysis methods for the automatic 

extraction of diagnostically-relevant quantitative tissue parameters from histological slide images. 

The processing of digital slide images, however, has unique challenges. In order to keep the full 

information of the original slides, digital slide images must be scanned and digitized in entirety at a 

very high resolution. For this purpose, special slide scanner devices are increasingly becoming 

available in research and clinical practice. The full digitization of slides results in Gigapixel images (so-

called whole slide images; WSI) that are hundreds of times larger than ordinary digital camera 

images. Storage, display at different magnifications, and analysis of image files require specific 

techniques because of the large amount of data. Generally, WSI are divided into small tile images, 

which are only loaded for viewing or analysis of a requested region. Due to the large size of slide 

images, it is often impractical to copy them from one site to another because it would be to time- 

and memory-consuming. For this reason, special slide server software has been developed that 

enables the query of specific image regions at certain resolutions via a web service interface. 

Development of such functionality has been the topic of Tasks 5.1 and (partly) 5.2 of this work 

package. 

A second challenge in histopathology image analysis is the large variation in WSI, in which 

pathological conditions can sometimes only be recognized on the basis of subtle gradual changes in 

cell and tissue patterns. In Task 5.2 we already addressed coarse level identification of regions of 

interest (ROI) in WSI, using two complementary approaches. Task 5.3 focuses on the accurate 

identification and segmentation of (pre)malignant lesions, and on segmentation of even smaller 

microstructures that are clinically relevant (e.g. cell nuclei). To this end, the approaches already 

developed in Task 5.2 were further exploited. The accurate outlines of malignant areas can be further 

used in WP6 (Task 6.4). 
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TASK 5.3: SEGMENTATION OF TISSUE MICROSTRUCTURE 

The result from Task 5.2 was a subdivision of the image plane in small, multiresolution superpixels 

(see Fig. 1). Superpixels were generated using the simple linear iterative clustering (SLIC) algorithm. 

By calculating a number of features describing pixel intensity statistics and staining pattern (i.e. 

texture), we could successfully differentiate between superpixels representing stroma, background 

and epithelium. The first activity in Task 5.3 was to focus on regions of superpixels classified as 

epithelium. We first group neighboring superpixels into meaningful regions of interest (ROIs), using 

graph based clustering (section 5.3.1). The concave hull will finally be calculated to define the outline 

of these ROIs. 

Based on manually annotated training samples, in section 5.3.2 we subsequently build a statistical 

classifier that can discriminate premalignant lesions (e.g. atypical ductal hyperplasia, ADH) from 

malignant cases (ductal carcinoma in situ, DCIS and invasive ductal carcinoma, IDC). With these 

classifiers, we are able to fully automatically identify and segment (pre)malignant lesions. 

To analyze tissue characteristics at an even higher level of resolution, the final section focuses on the 

accurate identification of cell nuclei (5.3.3). These algorithms may be used inside the ROIs identified 

in 5.3.2 to assess tumour features, but will also be valuable in regions adjacent to these lesions (e.g. 

peri-tumoural stroma).  

 

 

Figure 1: (a) Original Image. (b) Superpixels generated using the SLIC algorithm. (c) Classification of 

multi-scale superpixels into 3 labels (where white, blue and pink represent background, epithelium, 

and stroma respectively). 

 

5.3.1 Superpixel-based ROI segmentation 

To create anatomically meaningful structures within the tissue such as ducts or lobules, the 

superpixels classified as epithelium (generated in Task 5.2) have to be clustered. To achieve this we 

use an algorithm which has 3 major steps. (1) Using Relative Neighborhood Graph (RNG) to identify 

coarse clusters of neighboring superpixels. (2) Using Delaunay Triangulation (DT) to find spatially 

homogeneous sub-clusters within clusters in the first step. (3) Finding the outer contour of each sub-

cluster representing the boundary of the identified ROI. 

STEP 1: Our algorithm initially builds an RNG on the entire set of superpixels labeled as epithelium. By 

imposing a threshold on the maximum edge connecting two neighboring superpixels we cluster the 

image into coarse clusters of neighboring superpixels. These coarse clusters can contain multiple 

ductal or lobular structures lying close to each other. 
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STEP 2: We employ a graph-pruning technique to find spatially homogeneous sub-clusters within the 

coarse clusters identified in the previous step. For this reason we initially build a DT on the 

superpixels composing a coarse cluster (See Fig. 2b). Our clustering algorithm identifies and removes 

the inter-cluster simplexes within the DT. Inter-cluster simplexes are the ones which connect two or 

multiple sub-clusters (e.g. ducts) to each other. By pruning these simplexes we can identify separate 

clusters of points within the coarse cluster. To identify these, for each simplex  in the DT, 3 

measures are computed.  (1) Perimeter of the simplex. (2) Elongation of the simplex. (3) The 

standard deviation of the elongation measures over the set of , where  denotes the set 

of simplexes neighboring . Finally, the entire simplex analysis is captured in a criterion function 

, which is equal to the multiplication of the three measures. For each simplex s in DT, if  is 

bigger than a predetermined threshold the simplex is removed from the graph. As a result of this 

step, only positive nodes and edges of the graph remain. By using depth-first search we then infer 

the number of isolated sub-clusters and correspondingly the list of superpixels in each of them. Fig. 

2c shows the result of this clustering. 

STEP 3: In the last step we find the outer contour of each sub-cluster. This is done by computing the 

concave hall of the subgraph which is built on the set of superpixels inside each sub-cluster. An 

accurate delineation of the ROI is obtained by taking the union of the binary masks of the superpixels 

lying on the concave hull and within the binary mask of the concave hull itself (See Fig. 2d). 
 

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

Figure 2: Illustration of the graph-clustering algorithm. (a) Original Image. (b) Delaunay Triangulation 
built on a cluster identified in step 1. (c) The result of the graph-pruning algorithm (described in step 
2) to divide the cluster into several anatomically meaningful sub-clusters. (d) The concave hull of the 
sub-clusters. (e) Segmentation boundary of the sub-clusters overlaid on the original image. 
 
5.3.2 Accurate region classification 

Each of the ROIs identified in section 5.3.1 represent a meaningful anatomical structure. We employ 

a region-based classifier, to distinguish between DCIS and other normal or benign structures in the 

tissue. For each of the segmented ROIs five different types of texture features were extracted from 

the gray-scale intensities of the image. Statistics of gray level histogram, statistics calculated from the 

co-occurrence matrix, uniform local binary patterns for radii one and two, and texture features 

extracted from filter banks in particular Laplacian of Gaussian (LoG) at five scales, and Gabor filters at 

four scales and eight orientations. These texture features have shown strong discriminatory power in 

characterizing histopathology images. In total 256 features were extracted for each ROI. 

The dataset used in this study originate from 40 H&E stained WSIs of breast tissue sampled from 40 

patients. 20 of the WSIs contain DCIS and 20 contain different types of benign abnormality. An expert 

annotated various regions containing DCIS in abnormal slides. In total, 206 DCIS regions were 

annotated. 
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We evaluated the performance of our proposed DCIS detection system both at the slide level and in 

terms of detection and localization of the lesions in the WSI. The dataset was split into two 

independent subsets for training and testing. Both training and test sets each contain ten DCIS and 

ten benign abnormality slides. A logistic regression classifier was trained using the features extracted 

from the annotated data in the training set. All the ROIs in the test set were automatically detected 

and consequently classified and given a score which is the degree of suspicion that the region is a 

DCIS. To achieve a slide-based score, the highest scored region in a slide is used as the confidence 

that the case contains DCIS.  

At the slide level, all the cases were accurately classified. Free-response receiver operating 

characteristic (FROC) curve was used to assess CAD performance at the lesion level. The FROC curve 

is defined as the plot of lesion localization fraction versus the mean number of false positives per 

image. Table 1 summarizes the DCIS detection (sensitivity) levels at different average number of false 

positives per WSI. 

Table 1: Results for the proposed system. Sensitivity is provided at 4 levels of average numbers of 
false positives per WSI. 

FPs/WSI 1/2 1 2 3 

Logistic regression 0.771 0.857 0.857 0.928 

 

Using the proposed system, it is possible to detect more than 85% of the present DCIS in an 

abnormal slide at an average number of 1 false-positive per WSI. 

 

5.3.3 Segmentation of cell nuclei 

The number and morphology of cell nuclei reveals essential information for diagnosing breast cancer 

and for selecting the most effective therapy. The size and shape of tumor nuclei are considered for 

determining the tumor grade in Hematoxylin-and-Eosin-stained (H&E) images. The percentage of 

positively-stained cells is quantified in immunohistochemically-stained (IHC) images in order to 

determine the ER or PR receptor status. 

The manual assessment of cell nuclei is time consuming and often subject to inter- and intra-

observer variabilty. In task 5.3, we have therefore developed a novel image analysis method for the 

automatic detection of cell nuclei in histological images. The extracted information provides the basis 

for the computation of derived quantitative features in task 5.4. A paper on the developed analysis 

method was submitted to the SPIE Medical Imaging 2016 conference. 

A major challenge in the automatic detection of nuclei in histological images are clusters of 

aggregated nuclei. Many existing software solutions struggle to separate the individual nuclei in such 

clusters and can, thereby, produce severe detection errors. Our methods tackles this problem 

through a multi-step detection algorithm. 

Our method starts with the computation of a nucleus probability map. The pixels in this map 

represent the likelihood for a nucleus being present at that particular position. The probability map is 

computed by a machine-learning algorithm that takes statistics on the local stain intensities into 

account in order to determine the corresponding probability value. The stain intensities are 

considered at different scales. In this manner, the algorithm integrates information from the local 

surrounding of every pixel and enables the distinction between nuclei centers and periphery. 
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After the computation of the nucleus probability map, an optimized region extraction and merging 

algorithm is applied in order to segment the individual nuclei. This algorithm first identifies 

connected regions of the highest probability values. Afterwards, the algorithm iteratively merges 

neighboring regions of lower probability values as long as a specific merging condition is met. The 

merging condition is set with respect to the minimum size of the nuclei to detect. Finally, as shown in 

Fig. 3, the center points of the merged regions are identified as the nuclei centers. 

 

Figure 3: Nucleus probability map and the detected nuclei 

 

The developed method can be easily adapted to different kinds of nuclei or different stains. In this 

manner, it can be applied to different nuclei detection tasks. All the user has to do is to specify 

representative examples of nuclei pixels and non-nuclei pixels. The pixel examples are then used to 

train the machine-learning algorithm which computes the nuclei probability map. 

We have evaluated our method on multiple datasets with different nuclei detection tasks. The 

datasets contained images of individual field-of-views scanned at 0.5 micron/pixel resolution. The 

image sizes varied between 400x300 and 900x600 pixels. The first two datasets consisted of images 

of H&E-stained breast tumor tissue and the task was to identify the total number of epithelial nuclei. 

The third dataset consisted of images of IHC-stained breast tumor tissue and the task was to quantify 

the positive nuclei. 

For every image, ground truth annotations of the depicted nuclei were either provided by an expert 

pathologist or a trained non-specialist. Based on the ground truth annotations, we have computed 

the precision and sensitivity of the results obtained by the analysis method. The values are listed in 

Table 2. 

Table 2: Evaluation results obtained on different data sets. 

Set Task Stain Nuclei Precision Sensitivity 

1 Nuclei H&E 3505 0.92 0.91 

2 Nuclei H&E 3219 0.85 0.92 

3 Positive Nuclei PR 800 0.94 0.90 

 

With precision and sensitivity values between 0.85 and 0.94 the method was accurate. Two examples 

of analysis results on H&E images are shown in Fig. 4. Additionally on a standard notebook computer 

with an Intel Core i7 processor, the method proved to be fast and processed megapixel images in less 

than 6 seconds. 
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Figure 4: Examples of analysis results on H&E images 

We have implemented the developed nuclei detection method in platform-independent C++. The 

implementation was integrated into standalone histology software which enables the application of 

the method to arbitrary slide images. The software implementation is based on the data processing 

framework developed in VPH-PRISM Task 5.1. In this manner, it can read the proprietary slide image 

file formats of different vendors. For the adaption of the analysis method to different nuclei 

detection tasks, the software offers an intuitive user interface where user can select representative 

examples of nuclei and non-nuclei pixels with a virtual brush. 
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