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Abstract. Nuclei segmentation is an important but challenging task
in the analysis of hematoxylin and eosin (H&E)-stained tissue sections.
While various segmentation methods have been proposed, machine learning-
based algorithms and in particular deep learning-based models have been
shown to deliver better segmentation performance. In this work, we pro-
pose a novel approach to segment touching nuclei in H&E-stained mi-
croscopic images using U-Net-based models in two sequential stages. In
the first stage, we perform semantic segmentation using a classification
U-Net that separates nuclei from the background. In the second stage,
the distance map of each nucleus is created using a regression U-Net.
The final instance segmentation masks are then created using a water-
shed algorithm based on the distance maps. Evaluated on a publicly
available dataset containing images from various human organs, the pro-
posed algorithm achieves an average aggregate Jaccard index of 56.87%,
outperforming several state-of-the-art algorithms applied on the same
dataset.

Keywords: digital pathology · tissue analysis · nuclei segmentation ·
deep learning · U-Net.

1 Introduction

Nuclei segmentation in microscopic images of hematoxylin and eosin (H&E)-
stained tissue sections is a fundamental step required to determine nuclei count,
nuclei size and nucleus-to-cytoplasm ratio, which are in turn used for cancer
grading and determining cancer prognosis [6,2,4]. However, developing an auto-
matic segmentation algorithm is challenging due to large variations in colour,

? This research has received funding from the Marie Sklodowska-Curie Actions of the
European Union’s Horizon 2020 programme under REA grant agreement no. 675228.
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staining, texture and shape of nuclei. While various conventional image process-
ing methods, including thresholding, morphological operations, region growing,
active contour models, graph cuts, k-means clustering and probabilistic models,
have been proposed, their levels of accuracy, especially for less typical cases,
are inferior compared to machine learning-based algorithms due to under- or
over-segmentation issues [6,2,4].

Machine learning-based algorithms and in particular fully convolutional net-
works (FCNs) have shown excellent performance for semantic segmentation tasks
in various applications [2]. However, they are not directly applicable to nuclei
segmentation which has to deal with touching objects in the same class. A num-
ber of methods have been proposed in the literature to address this issue. In the
original U-Net approach [10], a customised weighted loss function was designed
to assign larger weights in the separation borders. In [8], an ensemble of FCN-
based methods was proposed to separate jointly segmented nuclei. While this
method gave satisfying results compared to raw encoder-decoder-based models,
it failed in some more challenging cases [9]. In [6,2], the problem of touching nu-
clei was addressed by defining a new class for nuclei boundaries and formulating
the problem as a ternary segmentation task. However, this might not work well
in some histological images where the boundaries are fuzzy and not well-defined.
Another approach which is becoming popular for solving instance segmentation
problems including nuclei segmentation in microscopic images is Mask-RCNN [3].
This multi-task algorithm is a combination of several sub-networks including re-
gion proposal network, feature pyramid network and FCN that together perform
instance segmentation. Training this model usually includes tuning many hyper-
parameters which makes it challenging to find an optimal performance.

A classical way to tackle the touching cell problem is to perform a distance
transform on the segmentation mask followed by a watershed algorithm. Al-
though this method has been proven to be ineffective for many largely overlap-
ping cases, it inspired us to train a deep convolutional neural network (DNN) to
infer each individual nucleus distance map directly. Unlike a distance transform
from the fused segmentation contour, a DNN could utilise the image texture
information to recognise the nucleus borders in the overlapping region and build
distinct “dams” between overlapping nuclei. In this study, we propose a two
stage nuclei segmentation algorithm, where we first train an FCN to separate
the nuclei from the background and then train a second FCN to generate a
distance map of individual nuclei to separate them from each other.

Although developed independently, our approach has similarities with the
approach in [9] which also uses DNN-based distance map inference. However,
that method is based on a single regression network while our approach, when
applied on a challenging dataset of various H&E-stained tissues, shows that
having an additional segmentation FCN can provide overall improved segmenta-
tion performance. Evaluation using the aggregate Jaccard index (AJI), which is
sensitive to both semantic and instance segmentation performance, shows that
our approach yields excellent segmentation performance and outperforms several
state-of-the-art algorithms.



A Two-Stage U-Net Algorithm for Segmentation of Nuclei 3

2 Proposed Method

An overview of our proposed method is shown in Fig. 1. In the following, we
describe each stage in detail.

Fig. 1: Flowchart of the proposed algorithm. Only the training phase is depicted;
the inference phase is similar except that no ground truth masks are fed to the
model.

2.1 Pre-processing

Normalising H&E-stained images is a common approach to address staining
variability. In our approach, we choose a reference image from the training data
and then normalise all other images to match the staining separation vectors
based on Macenko et al.’s method [7]. To identify an appropriate reference image,
we analyse the histograms of all images. For this, we first convert the RGB images
to grayscale using the standard Y = 0.299R + 0.587G + 0.114B transformation
where R, G and B are the red, green and blue channels of the raw image and
Y is the resulting grayscale image. Then, from the grayscale images, an image
whose histograms of nuclei and background areas are most different is chosen as
the reference image.

Moreover, we apply colour augmentation in the training phase as suggested
in [1]. Fig. 2 shows an example of the extreme cases of colour augmentation for
a sample training image. Besides colour augmentation, we also apply a standard
augmentation scheme that performs random rotations (0, 90, 180 and 270 de-
grees) and random horizontal or vertical flipping. Finally, the input images are
resized to 1024 × 1024 while intensity values are normalised to the [0; 1] range.

2.2 U-Net Models

We use two deep models based on the popular U-Net architecture [10]. In the
first, a standard U-Net model (referred to as segmentation U-Net in Fig. 1) is
trained from scratch with four max pooling layers in the extracting path and
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Fig. 2: Original image (left) and the resulting extreme colour augmented images
(middle and right).

four transpose convolutional layers in the expanding path. We use the Adam
optimiser [5] to update the weights. As loss function, we utilise a combination
of binary cross-entropy (BCE) and binary Dice loss to train the model as

Losstotal = 0.5LossBCE + LossDice. (1)

We train the network from scratch with an initial learning rate of 0.001 which
is dropped by a factor of 0.4 after every 80 epochs. We train the model for 240
epochs with a batch size of 2 to fit in GPU memory.

In order to obtain better instance segmentation results, we modify the pro-
vided ground-truth nuclei masks in the training phase. First, we binarise the
provided ground truth. Then, we remove all touching borders using a simple
image subtraction for all overlapping areas in the masks. Finally, we apply a
morphological erosion operation on the masks to obtain a distinction between
objects. An example of this procedure is shown in Fig. 3 for a cropped train-
ing sample. Although this modification helps the network to distinguish some
touching nuclei, it does not perform well enough for more challenging cases.

Fig. 3: Modification of ground truth (GT): (a) original GT, (b) binarised GT,
(c) border removed GT, and (d) eroded GT.

Therefore, in analogy to [9], we train another U-Net model (referred to as
distance U-Net in Fig. 1) based on the distance map of the provided ground
truth to identify each nucleus. The structure of this network is similar to the
standard segmentation U-Net model, but in this stage we train the model only
for 120 epochs while the learning rate was dropped at the 60-th epoch. We use
a mean squared error loss function since we try to solve a regression task in this
phase.
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Unlike [9], where detection and fusion of local maxima are controlled by a
manually set threshold, our proposed method uses the results from both stages
(segmentation U-Net results and predicted distance maps) to form the final in-
stance segmentation masks in an automatic way. In order to obtain smoother
distance maps and prevent false local maxima detection, we apply a Gaus-
sian smoothing filter on the predicted distance maps. We hypothesise that the
smoothing factor depends on the nucleus sizes in the image (i.e., applying a fil-
ter with a larger kernel for images with bigger average nucleus size). To have an
estimate of the average nucleus size, we use the results from the segmentation
U-Net from the first phase.

After applying the filter, we find the local maxima from the distance maps
and use them as seed points for a marker-controlled watershed algorithm [11].
All these steps are performed automatically and thus we avoid the use of any
manual rule to separate touching objects and perform training in an end-to-end
manner.

2.3 Post-processing

We use the results of the segmentation U-Net as a mask on the derived distance
map of the second U-Net to classify all background pixels as indicated in Fig. 1.

We also apply two other simple post-processing steps to improve the final
segmentation results. First, we remove very small objects (< 20 pixels) from the
segmentation mask and, second, we fill holes in the detected objects to obtain
uniformly segmented nuclei.

3 Experimental Results

We utilised the Keras framework5 for algorithm development using a standard
workstation with an Intel Core i5-6600k 3.50 GHz CPU, a single NVIDIA GTX
1070 with 8 GB memory and 16 GB of installed RAM. With this setup, the first
and second training stages took around 10 and 5 hours, respectively. The number
of trainable parameters for the first and the second stage of the algorithm were
identical at 1,941,105 for each stage.

For evaluation, we used a publicly available dataset [6] which includes 30 im-
ages of H&E-stained sections of 7 different organs (breast, liver, kidney, prostate,
bladder, colon and stomach samples) obtained in 18 different hospitals, and con-
tains about 22,000 manually annotated nuclei.

In order to evaluate the generalisation ability of the model and compare our
method with three state-of-the-art algorithms [6,10,9], we split the data into
training and test sets in the exact same manner as described in [6] and [9]. We
used a subset of images from 4 organs (breast, liver, kidney and prostate) in the
training phase, while the remaining images (i.e., those from bladder, colon and
stomach samples and remaining images from the first 4 organs) were used for
testing. No other external images were used for training.

5 https://keras.io/

https://keras.io/
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We used the aggregate Jaccard index (AJI) suggested by [6] as our main
evaluation index since it is sensitive to both semantic segmentation and instance
segmentation performance. In addition, we also report our results based on the
average Dice score and the F1-score. While the average Dice score shows the
general performance of the algorithm for semantic segmentation, the F1-score
is sensitive to the object level error and thus quantifies the ability to correctly
separate touching objects. However, as described in [6], AJI is a more reliable
evaluation index as it is sensitive to pixel level and object level errors at the
same time.

Table 1 shows the obtained quantitative results of our proposed method for
all test images as well as comparative results from [6], [10], and [9].

Table 1: Experimental results for all test images. For each image, we give the re-
sults, in terms of average Dice score, F1-score and AJI, for the approach from [10]
but using the modified ground truth (denoted U-Net), the approach from [6]
(denoted CNN3), the deep regression model from [9] (denoted DR), and our
proposed algorithm. In addition, we list the average results over the test images
for organs seen in the training phase (i.e., breast, liver, kidney, and prostate)
and unseen in the training phase (i.e., bladder, colon, and stomach) as well as
average results over all 14 test images. In each line, the best result is bolded.
organ image

average Dice score (%) F1-score (%) AJI (%)
U-Net CNN3 DR Proposed U-Net CNN3 DR Proposed U-Net CNN3 DR Proposed

Breast
Image 1 83.33 68.85 N/A 83.30 82.37 74.78 77.61 84.02 57.57 49.74 53.34 60.08
Image 2 76.24 74.76 N/A 76.27 69.34 91.49 83.80 76.46 41.34 57.96 58.84 52.17

Liver
Image 1 77.62 67.26 N/A 77.63 69.27 85.68 78.77 75.98 47.17 51.75 54.46 52.41
Image 2 70.58 70.36 N/A 70.51 80.31 94.09 66.84 82.77 46.72 51.48 44.32 47.37

Kidney
Image 1 74.88 66.06 N/A 74.85 80.70 78.69 78.05 83.93 52.63 47.92 56.48 54.36
Image 2 80.68 78.37 N/A 80.47 85.76 71.32 76.06 86.69 58.74 66.72 54.20 60.73

Prostate
Image 1 80.63 83.06 N/A 80.78 80.63 87.17 80.30 85.04 30.04 49.14 62.73 62.27
Image 2 80.43 75.37 N/A 80.40 79.39 74.52 79.03 87.91 47.97 37.61 62.94 64.05

average (seen test organs) 78.05 73.01 N/A 78.03 78.47 82.21 77.56 82.85 47.77 51.54 55.91 56.68

Bladder
Image 1 84.94 93.12 N/A 84.79 78.11 81.84 86.23 79.93 59.42 54.65 64.57 61.02
Image 2 75.47 63.04 N/A 75.62 67.17 75.06 77.68 72.05 44.67 49.68 54.67 53.07

Colon
Image 1 75.99 76.79 N/A 75.60 68.64 71.36 72.12 73.68 40.41 48.91 42.40 46.86
Image 2 79.02 71.18 N/A 78.99 77.47 77.46 73.60 79.68 53.53 56.92 44.84 50.95

Stomach
Image 1 86.06 89.13 N/A 85.82 80.07 97.81 85.47 88.52 54.31 45.38 64.08 64.83
Image 2 85.63 89.82 N/A 85.40 83.53 96.09 85.20 89.71 56.90 43.78 65.50 66.06

averagel (unseen test organs) 81.18 80.43 N/A 81.04 75.83 83.27 80.05 80.60 51.54 49.89 56.01 57.13

average (all test organs) 79.39 76.23 N/A 79.32 75.93 82.67 78.63 81.88 49.39 50.83 55.98 56.87

From Table 1, it is evident that for all 14 cases the second stage of the algo-
rithm improves the ability of the model to separate touching nuclei (as evidenced
by improved F1-score and AJI) compared to the stand-alone U-Net, while it does
not have a significant effect on the overall semantic segmentation performance
(expressed by the average Dice score).

Compared to the other approaches, on average our algorithm is shown to
be superior in terms of overall AJI while being roughly equivalent in terms of
average Dice score and F1-score. Moreover, the overall generalisation ability of
the proposed method for images from previously unseen organs is better com-
pared to the other methods in terms of AJI, while interestingly better results
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are obtained on images from unseen organs compared to (unseen) images from
organs that formed the training dataset.

By running additional experiments to investigate the effect of ground truth
modification on the segmentation U-Net results, we noted a significant improve-
ment of the overall AJI from 44.41% to 49.39% (due to space restrictions, we
only report these improved results in Table 1) which confirms the importance of
this step. It is worth noting that the kernel size of the Gaussian filter in the sec-
ond stage of our algorithm is determined by the results of the first stage U-Net
and hence we aimed to have acceptable instance segmentation performance even
in the first stage. Estimating nucleus size can be further improved by calculating
it from the final instance segmentation results instead of the first stage U-Net
results in an iterative manner which can be addressed in future work.

Fig. 4 shows example results of the single raw U-Net model as well as the re-
sults from our proposed method for some of the selected test images and confirms
that our obtained segmentations are close to the defined ground truth and that
the proposed method performs significantly better than a single segmentation
U-Net.

Fig. 4: Examples of segmentation results.

We also entered our approach in the MICCAI 2018 Multi-Organ Nuclei Seg-
mentation Challenge6 which used the same 30 H&E-stained images mentioned

6 https://monuseg.grand-challenge.org/

https://monuseg.grand-challenge.org/
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above as training data while evaluating competing algorithms on a further 14
test images whose type and ground truth were available only to the contest
organisers. In total, 36 teams participated in the challenge and achieved aver-
age AJI results ranging from 13.01% to 69.07% on the test data. Our proposed
method ranked 10-th with a very competitive average AJI of 65.74%.

4 Conclusions

In this paper, we have proposed a fully automatic approach for nuclei segmen-
tation for multi-organ H&E stained microscopic images in two sequential steps
based on U-Net models. The obtained segmentation results on a challenging
dataset containing images from different organs are shown to be very competi-
tive and outperform several state-of-the-art algorithms.
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