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ABSTRACT

This study designs a processing method for nuclear segmentation to provide a reliable basis for Gleason classification and
quantitative analysis in digital pathology-assisted diagnosis. Aiming at the complex tissue structure, obvious nuclear overlap and
adhesion, and difficult boundary identification in prostate histopathological images, an unsupervised segmentation framework
based on multi-method fusion is constructed. First, fuzzy c-means clustering was used for preliminary region division to alleviate
the influence of blurred nuclear boundaries. Then, Lab color space K-means and adaptive thresholding were introduced to
further separate dark-stained areas and improve nuclear overlap and adhesion. Finally, Canny edge detection and morphological
operations refined the segmentation results and located the centroid. Experiments on the public SICAPv2 dataset show this
method can stably extract the nuclear region in different Gleason patterns. The positive predictive value was 89.94%, the
intersection over union (loU) was 75.13%, and the Dice similarity coefficient was 81.02%. The proposed method maintains high
segmentation accuracy while controlling computational complexity and annotation cost, serving as a feasible solution for a
basic image analysis module in digital pathology systems.
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1 Introduction

Prostate cancer is one of the most common male malignancies in the world, and its incidence and mortality remain
high. This phenomenon also has long placed considerable pressure on public health systems. In the clinical diagnosis and
treatment stage, doctors make accurate judgment on the prognosis of patients, which is directly related to the rationality
of individualized treatment plan "2, At present, clinical evaluation is still based on pathological tissue sections, and
Gleason scoring system is used as the main evaluation method to judge the malignant degree of prostate cancer.
However, the traditional manual slide reading highly relies on the experience of pathologists. The scoring process is
cumbersome and time-consuming, and it is easy to produce significant differences between different observers . In
recent years, with the continuous development of digital pathology technology, researchers have gradually introduced
computer-aided diagnosis methods to objectively analyze the whole-slide images and describe the tissue characteristics
in a quantitative way. Such methods have gradually become an important path to improve the diagnosis efficiency “*.
Research on key steps in pathological image analysis has gradually shown its practical value in this process, and provides
support for the application of related systems.

The existing methods for nuclear segmentation of pathological images can be divided into two categories, one
focusing on traditional image processing technology, and the other relying on deep learning models. Among the
traditional methods, Otsu method, watershed algorithm and active contour model are common. These methods usually
have high computational efficiency in images with clear background and simple structure. However, when the image
contrast is reduced and obvious nuclear adhesion occurs, the algorithm is prone to under-segmentation or over
segmentation, and the overall stability is limited ®'". In recent years, convolutional neural networks have gradually
become the focus of research, in which a class of models represented by U-Net are outstanding in the task of medical
image segmentation. By learning high-dimensional semantic features, such methods can complete relatively fine region
division "*'3, However, deep learning models usually rely on a large number of pixel-level annotated data as the basis for
training, so the data acquisition process is more difficult, and the cost of manual annotation also continues to increase ™.
On the other hand, most of these models belong to the black box structure, and the internal feature extraction process is
difficult to form a direct correspondence with the pathological morphological features. Therefore, in the clinical auxiliary
diagnosis scenarios, the interpretation ability and result traceability are still insufficient, which also affects its practical
application scope to a certain extent ',

2 Materials and Methods
2.1 Materials

In this study, the public prostate pathological image dataset SICAPv2 was selected as the experimental material for
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performance evaluation of the segmentation algorithm "%, The dataset included whole-slide images of prostate tissue
treated with standard staining. In order to support pixel-level computational pathology research, researchers have
uniformly resampled the original slides and cut them into 512 x 512 pixel standardized image blocks. Around the nuclear
segmentation task, the dataset further provides the nuclear binary mask of the corresponding image block, and the
annotations were completed by professional pathologists, which also provides a reliable reference for the verification of
segmentation accuracy.

These image samples cover normal glands and a variety of pathological states corresponding to different levels of
Gleason pattern. The images contain not only well-defined nuclei, but also more challenging morphological scenes such
as dense adhesion and spatial distribution disorder. The dataset retains substantial variability in the pathological
microenvironment and is equipped with accurate mask information, so it can provide a solid evaluation basis for the
multi-method fusion segmentation model in this paper. Subsequent experiments also carried out a quantitative analysis
on the validity and stability of the model, and provided reference for the application evaluation of the method in the
digital pathological image analysis task.

2.2 Methods
2.2.1 Preprocessing and Initial Segmentation

Pathological tissue sections are often affected by staining differences and background noise in the process of
preparation and digital scanning. These factors will interfere with the subsequent feature extraction. Therefore, this study
first preprocesses the input standardized pathological image blocks. The algorithm first uses bicubic interpolation to
enlarge the resolution of the original image, and improves the local pixel density while maintaining the relatively smooth
edge of the tissue. Subsequently, histogram equalization was introduced to stretch the overall contrast of the image to
expand the gray difference between the dark-stained nuclei and the light colored cytoplasm and stromal background. On
this basis, the algorithm further uses median filtering based on RGB three channel independent calculation to remove
high-frequency point noise in the image. Specifically, the kernel size of the median filter was set to 3x3. Such
standardized preprocessing methods can improve the signal-to-noise ratio of pathological images and provide more
stable input conditions for the subsequent segmentation process """'9,

After preprocessing, the algorithm introduces fuzzy c-means clustering to complete the preliminary segmentation
according to the characteristics of unclear nuclear boundary in prostate pathological image. The conventional hard
clustering method is prone to misjudgment when dealing with the transition region, while fuzzy c-means clustering
calculates the soft membership of each pixel in the space belonging to the nucleus region or background region by
minimizing the objective function, so it is more suitable for dealing with the boundary fuzzy problem. Previous studies
have shown that this method can better deal with the fuzziness and uncertainty of medical image tissue boundaries ",

2.2.2 Multi-feature Channel Algorithm Fusion

After obtaining the preliminary segmentation mask, the algorithm further constructs a feature extraction and mask
fusion model including three parallel channels for the common problem of nuclear overlap and adhesion and local
uneven staining in prostate pathological images. This design is not only used to improve the segmentation accuracy, but
also can enhance the stability of the algorithm in the face of complex pathological image input.

The first channel uses the ability of the Lab color space to separate brightness and color information, converts the
preprocessed image to the Lab color space, and performs K-means clustering on this basis. Previous studies have shown
that extracting dark-stained areas with independent color components is an effective way to process H&E-stained
sections ®?, By minimizing the sum of squares of errors within the cluster, the algorithm can separate the nuclear region
from the background region

In the second channel, the adaptive local threshold processing method based on Gaussian window is adopted, with
the specific window size set to 15x15. The algorithm can dynamically adjust the threshold according to the contrast
change of the local area, and identify the main body of the nucleus under the background of uneven illumination
distribution. The third channel successively implements morphological closing and opening operations on the probability
mask output in the preliminary segmentation stage, which can not only respond to local illumination distortion, but also
filter out isolated noise ?"%,
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3 Experiments and Results
3.1 Experimental Configuration and Evaluation Metrics

All experiments were completed on a graphics workstation. The workstation is equipped with Intel Core i7-12700KF
processor, NVIDIA RTX 3090 GPU and 16 GB memory. The software environment is built based on Python 3.9. The
unsupervised segmentation algorithm in this paper mainly relies on open source libraries such as OpenCV and scikit-
image. For the deep learning model U-Net as the comparison baseline, the research uses PyTorch 1.8 framework to
complete the construction *¥, and divides the SICAPv2 training set and test set according to the ratio of 8:2. Prior to
feeding the images into the U-Net model, the pixel values of all pathological images were normalized to the range of [0, 1]
to ensure stable gradient descent. In the training phase, the stochastic gradient descent optimizer is used, the learning
rate is set to 0.001, the batch size is set to 9, and the number of iterations is set to 100. At the same time, BCE-Dice loss is
used to optimize the network parameters. Compared with the deep learning model that needs training process, the
method in this paper mainly relies on deterministic image processing steps in the inference stage, so it has less
dependence on the data scale, and also retains some simplicity of implementation.

In the quantitative evaluation stage, this paper selects three core indicators * commonly used in the field of medical
image segmentation, namely positive predictive value (PPV), intersection over union (loU) and Dice similarity coefficient
(DSQ).

3.2 Results
3.2.1 Nucleus Segmentation Results

In order to quantify the performance of the algorithm, this paper compares the multi-method fusion model with
traditional image processing methods and a basic deep learning model on the SICAPv2 test set. Baseline methods
involved in the comparison include Otsu method #¥, watershed algorithm ?” and U-Net model "?. Each method runs on
the same test sample, and the statistical results of relevant evaluation indexes are shown in Table 1. This group of
experiments is used to test the actual performance of this method as the basic module of pathological image
segmentation.

The experimental results showed that Otsu method depended on the global threshold, and it was difficult to work
stably in the face of the local illumination variations and uneven staining in prostate pathological sections. The lightly
stained nuclei were easy to be ignored, and its Dice similarity coefficient was 65.34%. Watershed algorithm can separate
the adhesion region to a certain extent, but it is sensitive to the high-frequency noise in the background and prone to
over segmentation. At the same time, the number of false positive increases, and its positive predictive value is 68.55%.
The U-Net model has strong adaptability in complex tissue environments by learning characteristics in a data-driven way,
and its intersection over union reaches 72.45%.

Compared with the above methods, the multi-method fusion model does not rely on the training of large-scale pixel-
level annotated data, and each index performs better. The experimental results show that the positive predictive value of
this method is 89.94%, the intersection over union is 75.13%, and the Dice similarity coefficient is 81.02%. These results
show that this method can maintain a stable segmentation effect in complex pathological images, and can also provide a
reliable basis for feature extraction in subsequent digital pathology analysis.

Table 1 Quantitative comparison of nucleus segmentation performance among different models

Segmentation Models PPV (%) loU (%) Dice (%)
Otsu 71.26 58.42 65.34
Watershed 68.55 61.18 69.87
U-Net baseline 86.12 7245 78.69
Proposed method 89.94 75.13 81.02

3.2.2 Robustness Evaluation Across Different Gleason Patterns

See Table 2 for the specific results. Through this set of analysis, the study can further determine the scope of
application of this method in different digital pathology scenarios.The experimental results show that under the Gleason
3 pattern with relatively simple pathological structure, the model can maintain high segmentation accuracy, the Dice
similarity coefficient is 83.45%, and the positive predictive value is 92.18%. With the gradual increase of pathological
grade, the nuclear atypia increased, and the spatial overlap phenomenon became more obvious, so the segmentation
indexes decreased to some extent. Nevertheless, the model relies on Lab color space features, adaptive local threshold
and multi-channel cross constraints, and still maintains 78.62% Dice similarity coefficient and 87.41% positive predictive
value in the face of the most complex Gleason 5 pattern. The performance fluctuation between different grades is always
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controlled within a reasonable range, and there is no obvious decline on the whole. This set of fine-grained evaluation
results show that the multi-method fusion framework still has good stability and robustness in the complex pathological
microenvironment.

Table 2 Segmentation performance of the proposed model across different Gleason patterns

Gleason Pattern PPV (%) loU (%) Dice (%)
GP3 92.18 78.24 83.45
GP4 89.15 75.02 80.81
GP5 87.41 72.16 78.62
Overall 89.94 75.13 81.02

3.2.3 Ablation Experiments on the Segmentation Model

The experimental results show that the model can roughly locate the nuclear distribution area when only relying on
fuzzy c-means clustering for preliminary segmentation, but it is still prone to misjudgment in severe adhesion tissues,
with the intersection over union (loU) of 61.20% and the Dice similarity coefficient of 73.15%. After adding the K-means
clustering feature of Lab color space, the recognition ability of the model for hyperchromatic nuclei was enhanced, and
the overall positive predictive value increased to 83.20%. If the adaptive local threshold processing is added on the basis
of the preliminary segmentation, the adaptability of the algorithm to the uneven illumination region is improved, and the
Dice similarity coefficient is increased to 77.85%. When the three feature channels participate in and complete the logical
mask fusion at the same time, the algorithm can separate the adhesion region more effectively, and the overall
segmentation performance is also improved. After continuing to stack the boundary refinement module, the complete
model achieved the optimal results. Compared with the basic clustering model, each index was significantly improved,
including the intersection over union (loU) increased by 13.93%, and the Dice similarity coefficient increased by 7.87%.
These ablation results show that the multi-channel cross-validation mechanism and boundary constraint mechanism are
necessary for nuclear segmentation in complex pathological images.

Table 3 Quantitative evaluation of ablation experiments for the proposed segmentation model

Model variants PPV (%) loU (%) Dice (%)
Baseline (FCM only) 78.50 61.20 73.15
FCM + K-means 83.20 66.85 76.40
FCM + Adaptive Threshold 84.15 68.30 77.85
FCM + K-means + Adaptive Threshold 87.62 72.90 79.44
Proposed Full Model 89.94 75.13 81.02

4 Discussion

Once the prostate cancer tissue enters the high-grade pathological stage, the microscopic morphology will change
significantly. The most prominent manifestation is that the gland structure is damaged, and the nuclei are highly dense
and overlapping. In the face of such complex slides, the traditional single segmentation algorithm is often difficult to take
into account the local information and the overall structure at the same time. The key reason why the multi-method
fusion strategy can maintain good performance in the severely adherent regions is that the algorithm establishes a multi-
dimensional feature cross-validation mechanism. Fuzzy c-means clustering firstly calculates the membership of pixels at
the global scale, which is used to alleviate the common problem of tissue boundary ambiguity in medical images. Then,
Lab color space clustering and adaptive local threshold extract deep staining features from color space and local gray
gradient respectively. After strict bitwise logical filtering, the model only retains the pixel area recognized as the
foreground nucleus by multiple channels at the same time. With the help of this multi-dimensional consensus
mechanism, the algorithm can not only filter out the background artifacts caused by local uneven staining, but also more
effectively separate the weak adhesion bridge formed by physical extrusion between nuclei. Combined with the
subsequent edge contour constraint and Euclidean distance transformation, the model finally completes the fine
separation and individual localization of dense nuclear groups, which also provides a more reliable basis for the
subsequent quantitative analysis of pathological images.

5 Conclusion

This paper presents an unsupervised nuclear segmentation algorithm based on multi-method fusion to solve the
problems of nuclear overlap and adhesion, as well as blurred boundaries in prostate pathological images. The algorithm
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integrates fuzzy c-means clustering, color space feature extraction and adaptive local threshold processing to achieve
individual nucleus separation and precise localization in a complex tissue microenvironment. Quantitative experimental
results show that the model can maintain stable segmentation performance in multiple Gleason patterns, and does not
rely on massive pixel-level annotated data, nor does it need high-cost graphical computing support. On this premise, it
still achieves better segmentation accuracy than the conventional deep learning baseline model. The white box
segmentation framework constructed in this paper has clear physical meaning, and can provide a reliable technical basis
for the objective quantitative analysis of pathological images, auxiliary grading of prostate cancer and digital pathology
related applications.
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