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Abstract—The extraction of nuclei from Haematoxylin and Eosin (H&E) stained biopsies present a particularly steep challenge in part due to the irregularity of the high-grade (most malignant) tumors. To your best knowledge, although some existing solutions perform adequately with relatively predictable low-grade cancers, solutions for the problematic high-grade cancers have yet to be proposed. In this paper, we propose a method for the extraction of cell nuclei from H&E stained biopsies robust enough to deal with the full range of histological grades observed in daily clinical practice. The robustness is achieved by combining a wide range of information including color, texture, scale and geometry in a multi-stage, Support Vector Machine (SVM) based framework to replace the original image with a new, probabilistic image modality with stable characteristics. The actual extraction of the nuclei is performed from the new image using Mark Point Processes (MPP), a state-of-the-art stochastic method. An empirical evaluation on clinical data provided and annotated by pathologists shows that our method greatly improves detection and extraction results, and provides a reliable solution with high grade cancers. Moreover, our method based on machine learning can easily adapt to specific clinical conditions. In many respects, our method contributes to bridging the gap between the computer vision technologies and their actual clinical use for breast cancer grading. The abstract goes here. Keywords-support vector machine; marked point process; computer vision; object detection and extraction; digital histopathology; breast cancer grading;



I. M OTIVATION In recent years, histopathology which is the microscopic analysis of biological tissues became the gold standard for the diagnosis and prognosis of breast cancer. The state-ofthe-art breast cancer grading procedures involve the observation of nuclear atypiae, i.e. abnormalities in the morphology of cell nuclei, on Haematoxylin-Eosin (H&E) stained slides obtained from a surgical breast biopsy. For instance, the Nottingham grading system [1] widely applied in North America involves the assessment of nuclear pleomorphism: the variability in the size, shape and staining of nuclei. Therefore, algorithms able to precisely extract the cell nuclei are essential in computer-aided diagnosis applications. H&E stained surgical breast cancer slides present particularly steep challenges compared with other types of biopsies



mainly due to the great diversity of the situations encountered. High-magnification H&E breast cancer micrographs are given in Fig. 1 to illustrate this diversity (note that the micrographs used for actual grading have a wider field). In particular, we can point out: the heterogeneity of the nuclei and the background, the uneven and low object-background contrast (see Fig. 1a), and the frequent overlaps between the nuclei (see Fig. 1b). Moreover, the morphology of nuclei can drastically change according to the histological grade (i.e. malignancy of the cancer): nuclei from lower grade tumors (Fig. 1c and Fig. 1e) are typically much smaller, rounder and homogeneous compared to higher grade tumors (Fig. 1d and Fig. 1f) which can be very irregular. Finally, the differences in slide preparation techniques and staining methods between hospitals can result in significant visual differences including color and texture as visible between Fig. 1c and Fig. 1d from the National University Hospital (NUH) in Singapore, and Fig. 1e and Fig. 1f from the Piti´eSalpˆetri`ere University Hospital (PSL) in Paris. Accordingly, robust algorithms able to deal with overlaps and the high variability in the images are necessary. A number of methods have already been proposed for the automatic detection and extraction of nuclei from histopathological images and are reviewed in Section II. However, to our best knowledge, no method is yet able to reliably extract the nuclei from high-grade H&E breast biopsy images. Therefore, previous methods lack the robustness required for clinical applications. In this paper, we propose a robust method for the extraction of nuclei from H&E stained surgical breast cancer slides. Our approach consists in substituting the original H&E image with a new image modality created using a wide variety of information from the original image including: color, texture, scale and geometry. The new image modality is a grayscale map where the value of each pixel is a probability estimate (between 0 and 1) indicating whether or not the pixel belongs to a nuclei. The process can be described as a multi-stage learning-based framework with the use of Support Vector Machines (SVM) to incorporate the local color, texture and scale information during a first



(a) Manually outlined nuclei.



(b) Touching and overlapping nuclei.



(c) NUH hospital, low grade.



(d) NUH hospital, high grade.



(e) PSL hospital, low grade.



(f) PSL hospital, high grade.



Figure 1. High magnification H&E breast micrographs corresponding to 57.75µm × 57.75µm windows covering approx. 1/25th of a frame typically used for grading. (a) Nuclei have heterogeneous interiors and uneven object-background contrast. Some nuclei with particularly poor object-background contrast (thinner outline) are easily missed. (b) The visual identification of nuclear boundaries is challenging due to frequent overlaps between nuclei. (c-f) The aspect of nuclei can largely change according to the grade of the cancer or subtle differences in slide preparation techniques.



stage and the geometrical information during a second stage. A fully detailed description of the method is available in Sect. III. Regardless of the histological grade, the resulting modality presents stable characteristics including a strong object-background contrast, and homogeneous nuclei and background, greatly facilitating the subsequent extraction of the nuclei. The actual extraction is performed from the new image modality using a method based on Marked Point Processes (MPP) a methodology for the extraction of multiple, arbitrarily-shaped objects from images using shape priors [2]. The MPP-based method used in this paper was shown to over-perform other state-of-the-art algorithm for nuclei extraction from histopathological images in a recent benchmark [3] in particular due to its ability to deal with overlapping objects. A validation proposed in Sect. IV on real clinical data provided and annotated by pathologists from different cases of breast cancer representing a wide range of histological grades shows that our method greatly improves the the detection of the nuclei and the accuracy of their extraction. II. R ELATED WORK A number of previous works (e.g. [4]) address the problem of the detection of nuclei from H&E stained biopsies but not



their extraction. Other works (e.g. [5]) address the problem of the extraction of cell nuclei but on images modalities which are less challenging types biopsies such as fine needle biopsies. Previous works specifically aimed at the delination of nuclei on H&E stained biopsies are usually based on image gradient. Ali and Madabhushi [6] proposed an Active Contour (AC) based extraction method using a watershed segmentation for the initialization. A computationally efficient method has been proposed by Dalle et al. [7] using local polar transforms of the gradient field of the original image. Recently, Kulikova et. al. [3] proposed a stochastic MPP-based method and showed in an empirical study that it gives the best overall performances among a number of state-of-the-art methods. To our best knowledge, none of the previous methods was proven to perform well with H&E stained images representing high-grade (malignant) cancers and examples of good results are only available for images presenting low histological grades and isolated nuclei. This is a great limitation for clinical applications which require good results with all histological grades including the more challenging high grades. In our opinion, the reliance on the image color intensity



and gradient field alone as in the previous methods is not sufficient to deal with the complexity of the high grade images as detailed in Sect. I. This provides a motivation to our approach consisting in incorporating additional, higherlevel information such as texture, scale and geometry. III. M ETHODOLOGY Our method can be divided into four successive steps: 1) The haematoxylin and the eosin from the H&E stain are separate by applying a color deconvolution to the original H&E image (Sect. III-A). 2) A first probability map is computed from local features based on color, texture and scale. The probability estimates associated to each pixels are obtained by using SVM classification and rescaling the output (Sect. III-B). 3) A second probability map is then computed using similar methods from the previous local features and new geometrical features (Sect. III-C). The geometrical features are computed using the first map. 4) The nuclei are extracted from the second map using an MPP-based method (Sect. III-D). The different steps are summarized on the workflow diagram in Fig. 2. A. H&E color deconvolution First, a color deconvolution as described in [8] is applied in order to separate the haematoxylin and the eosin from the original H&E stain. Mathematically, it can be summarized as a change of basis from the original RGB basis BRGB = I3 (the 3-by-3 identity matrix) to a new basis of normal vectors BHE = (~h, ~e, ~r). ~h (resp. ~e) is a vector of 3 elements corresponding to the average color of haematoxilin (resp. eosin) stains in the RGB system and ~r is a complementary color. As illustrated on Fig. 3, the deconvolution is calibrated using monochromatic sample slides with only one of the colors but otherwise prepared and digitized by the pathologists in the same conditions as the H&E slides. The channel corresponding to the complementary color ~r contains only residual noise and is discarded. B. Map from local features During this step, the images obtained from the color deconvolution are used to compute a total of 120 local features (60 from the eosin image and 60 from the haematoxylin image) for every pixel using texture information at different scales. Then, a probability estimate is computed for each pixel based on SVM classification and rescaling of the output. The local features are based on Laws’ texture measures [9] which are the response to a set of 5-by-5 convolution kernels. The 5-by-5 kernels are generated from 5 different 1-by-5 base kernels: L5 = (1, 4, 6, 4, 1), E5 = (−1, −2, 0, 2, 1),



Figure 2.



Workflow diagram.



W5 = (−1, 2, 0, −2, 1), S5 = (−1, 0, 2, 0, −1) and R5 = (1, −4, 6, −4, 1). A total of 25 different 5-by-5 kernels are computed by taking the product of every vertical 5-by-1 kernel with every horizontal 1-by-5 one. The 5-by-5 kernels are applied at every pixel to extract 25 features which are normalized by the output of the LT5 × L5 kernel and the anisotropic features are combined resulting into a total of 15 rotationally invariant features. The same process is repeated at 4 different scales (1:1, 1:2, 1:4 and 1:8) using low-pass filtering with Lanczos filters [10]. The probability pn (~x) associated to each pixel represented by its feature vector ~x is obtained in 2 steps. First, the class of the pixel is predicted using SVM classification, then the output of the SVM is rescaled into a probability estimate belonging to [0, 1] using a softmax transform. In this paper, we use the “soft-margin” C-SVM with the nonlinear Radial Basis Function (RBF) kernel denoted Krbf . Due to space constraints, SVMs and the RBF kernel which are widely-used and well-documented method will not be described in this paper. The reader can refer to the following tutorial [11] for technical details and references.



(a) Monochromatic slides for calibration.



sample



Figure 3.



(b) H&E stained frame.



(c) Eosin channel mostly revealing stroma.



(d) Haematoxilin channel mostly revealing nuclei.



Color deconvolution applied to an H&E stained 256µm × 256µm frame typically used for grading.



PN The resulting labeling model f (~x) = i=1 αi Krbf (~x, x~i )+b is an affine combination of kernel sections. The training sets are created by selecting pixels from images where the nuclei have been manually delineated by pathologists. Following a method detailed in [12], the output f (~x) ∈ R is rescaled into a probability estimate pn (~x) ∈ [0, 1] using a softmax transform: pn (~x) =



1 1 + exp fσ(~fx)



(1)



A normalization by σf which is the variance of f over the entire image is necessary since the values of f can be moreor-less spread out over the data. As shown in Fig. 4c, the resulting probability map exhibits strong contrast with objects clearly distinguishable from the background. Moreover, nuclei and background appear significantly more homogeneous than in the original image. C. Incorporating geometrical information A significant amount of intra-nuclear and background noise is still present in the probability map obtained with local features alone. In order to mitigate this issue, we propose to compute a new map incorporating information about the geometry of the objects in the image. The geometrical information is derived from Connected Components (CC) obtained by applying global thresholding to the initial map obtained in Sect. III-B. CCs are computed for a set of threshold values {tm = 0.5 + 0.05m|m ∈ J−5, 5K}. The CCs for a given threshold value form a partition of the image, therefore, every pixel from the original image is associated to 11 CCs (one per threshold value) it belongs to. Subsequently, 12 features are computed from each CC which results in a total of 132 geometrical features for each pixel. The first 6 features associated to a CC are: the mean and variance of the pixel values on the first probability map, the area, the perimeter, the roundness (zeroth-order regularity) and elasticity (first-order regularity) of the exterior boundary. The remaining 6 features are the same 6 features for the CC wrapping around this CC.



The 132 new geometrical features are added to the previous 120 local features from Sec. III-B and a second probability map is computed following a similar procedure (SVM classification and rescaling of the output). Figure 4d is the resulting probability map after incorporation of the geometrical information. Compared to the first map (Fig. 4c), we can see that the background and intra nuclear noise levels are further reduced and that the result is visually closer to the manual extraction on Fig. 4b. D. MPP with shape priors for nuclei extraction The actual extraction of nuclei is performed from the probability maps incorporating geometrical information. Stochastic MPPs [2] are a well known methodology for the extraction of multiple objects arbitrarily-shaped objects from images. A recent comparative study [3] showed that applied to the extraction of nuclei from H&E stained biopsy images, they offer better results than other existing state-of-the-art methods. The method uses AC models incorporating shape priors to extract the objects from the image. However, unlike the AC based methods presented in section II which require a prior detection of the objects, the MPP framework does not require the location or the number of objects to be known in advance. The optimal configuration of objects in the image is obtained by sampling from the Gibbs distribution using a Markov chain, which consists of a discrete-time multiple birth-and-death process following a logarithmic simulated annealing schedule to minimize the overall configuration energy. Full technical details on the method are available from [3]. The energy E(γ) associated to a nucleus boundary γ is a weighted sum of an image term and a shape term. The latter is itself the weighted sum of a smoothing term and a shape prior term Esp (γ). The shape prior term: Z 2 1 X fk Esp (γ) = exp(−ikt)δr(t)dt (2) [0,2π] 2π k∈Z



allows or restricts the perturbations δr(t) of the boundary from a perfect circle at a specific frequency k by tuning the coefficient fk ≥ 0.



(a) Original H&E image.



(b) Binary mask from a manual delineation of most nuclei. Figure 4.



Figure 5.



(b)



(d) Probability map from local and geometrical features.



Examples of probability maps over a 256µm × 256µm frame.



In particular, the shape prior information allows to properly extract overlapping nuclei according to their expected shape without arbitrarily discarding the overlapping parts as shown in Fig. 5.



(a)



(c) Probability map from local features.



(c)



(d)



Overlapping nuclei extracted using shape priors.



IV. E MPIRICAL STUDY A. Data The data used for validation corresponds to slides from 5 breast cancer patients graded by the pathologist following the Nottingham system and covering a wide range of histological grades including the lowest (TF1-MC1-NP1) and the highest (TF3-MC3-NP3) possible grades. The gradings were independently performed by 2 different experienced pathologists and found to be concordant. From each slide, a 256µm × 256µm frame at a resolution of 0.25µm/pixel was selected in the tumoral region which typically corresponds to a region observed through an optical microscope at a 40× magnification during grading. A total of 862 cell nuclei were identified and manually delineated by the pathologist in the 5 frames. The manual annotations are used both to create training sets for the SVMs and evaluate the methods. It is important to note that although performed by an expert pathologist, the manual delineation is inherently subjective due to the ambiguity of the images. In particular, some nuclei are left out and the delineation must sometimes rely on guessing, specially when overlaps are present. Therefore, the work should rather be considered as a bona fide annotation effort from an expert pathologist rather than an unquestionable ground truth, which is not possible to obtain. The validation was performed using a leave-one-out scheme with each frame successively used for validation



and the remaining 4 used for training from which 100 intra-nuclear pixels and 100 background pixels are randomly selected to constitute the training sets for the SVMs. B. Evaluation metrics The methods are first assessed for the detection of the nuclei and subsequently for the accuracy of the extraction of the detected nuclei. From this point on, a nuclei extracted by the method will be referred to as a “candidate” and a manually delineated nuclei as a “reference”. First, the best 1-to-1 mapping between the candidates and the references is found. Here, the best mapping is defined as the one maximizing the total overlapping area between candidates and references. This assignment problem can be solved in O(n3 ) using the “Hungarian” method [13] where n is the amount of objects. Let p be the number of pairs established (i.e. the number of well-detected nuclei), r be the number of reference nuclei and c be the number of candidates. The quality of the detection is evaluated by measuring the precision and the recall rate of the detection. The precision score, defined by prec = pc , measures the proportion of true positives among all the cells detected by the algorithm. The recall score defined by rec = pr measure the proportion of actual positives with are correctly recognized by the algorithm. The accuracy of the extraction is evaluated for every pair in the mapping with its Jaccard index. For ever candidatereference pair (Ai , Bi ), the Jaccard index is defined as: i ∩Bi | Ji = |A |Ai ∪Bi | . The score ranges from 0 (no overlapping) to 1 (perfect correspondence). A global extraction score for the N pairs is computed by taking the arithmetic mean of PN the individual Jaccard indices: acc = N1 i=1 Ji . C. Results and discussion In this section, we compare the detection and extraction performances of the MPP-based algorithm applied to 3 different image modalities: the luminosity of the original H&E image (as most of the existing methods presented in Sec. II), the first map using local information only and the second map incorporating the geometrical information. The



modality-dependent parameters of the method are tuned to reach a comparable sensitivity on the different modalities.



luminosity first map second map



nb. nuclei 646 623 641



prec 0.627 0.828 0.832



rec 0.470 0.599 0.618



acc 0.403 0.690 0.686



Table I N UMERICAL RESULTS .



Table I summarizes the numerical results for the detection and the extraction of nuclei. Note that it is unrealistic to expect figures close to 100% due to the subjectivity inherent to the manual annotations discussed in Sec. IV-A. First, we notice that the amount of detected nuclei is relatively stable in the 623-646 range implying that the sensitivity of the MPP-based extraction method is calibrated equivalently for the 3 modalities. The first probability map increases the precision rate of the detection by more than 20 percentage points and the recall rate by nearly 12 points. The second probability map with additional geometrical information further improves the precision by 0.4 points and the recall rate by 1.9 points. The accuracy of the extraction is also greatly improved by the use of the probability maps (nearly 30 points).
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(a) From the probability map with geometrical information.



(b) Transposed to the original H&E image.



Figure 6. Examples of nuclei extracted in a small 57.75µm × 57.75µm window showing high-grade cancer.
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Figure 6 provides a visual illustration of extraction results using the new modality on a portion of high-grade cancer frame.
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By integrating a wide variety of information including color, texture, scale and geometry into a unified framework, our method succeeds in greatly improving the detection and extraction of nuclei from histopathological images. In particular, our method produces a new, stable image modality which provides the robustness to deal adequately with very irregular, high-grade cancers still posing a problem wto the current state-of-the-art methods. Our method based on supervised learning also offers the necessary flexibility to cope with the differences in slide
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