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ABSTRACT

In recent years, using Deep Learning methods to apply for medical and biomedical image analysis 

has seen many advancements. In clinical, using Deep Learning-based approaches for cancer image 

analysis is one of the key applications for cancer detection and treatment. However, the scarcity and 

shortage of labeling images make the task of cancer detection and analysis difficult to reach high accuracy. 

In 2015, the Unet model was introduced and gained much attention from researchers in the field. The 

success of Unet model is the ability to produce high accuracy with very few input images. Since the 

development of Unet, there are many variants and modifications of Unet related architecture. This paper 

proposes a new approach of using Unet++ with pretrained EfficientNet as backbone architecture for breast 

tumor cell nuclei segmentation and uses the multi-organ transfer learning approach to segment nuclei 

of breast tumor cells. We attempt to experiment and evaluate the performance of the network on the 

MonuSeg training dataset and Triple Negative Breast Cancer (TNBC) testing dataset, both are 

Hematoxylin and Eosin (H & E)-stained images. The results have shown that EfficientUnet++ architecture 

and the multi-organ transfer learning approach had outperformed other techniques and produced notable 

accuracy for breast tumor cell nuclei segmentation.
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1. INTRODUCTION   

Breast cancer is the most common type of wom-

en's cancer and is the second cause of women's 

cancer death each year [1]. Early breast cancer di-

agnosis is vital for cancer patients, the survival 

rate of 5-year for breast cancer patients can reach 

90% with early diagnosis [1]. Currently, breast 

cancer detection modalities have evolved with 

many types, and most of them use image-based 

approaches to screen and detect the tumor mass. 

We can name them such as electrical impedance- 

based imaging, breast ultrasound, scintimammog-

raphy, computed tomography (CT), positron emis-

sion tomography (PET), thermography, optical 

imaging, mammography, and magnetic resonance 
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imaging (MRI) [2]. Breast cancer diagnosis often 

starts with mammography imaging analysis using 

Deep Learning to detect the existence of cancer tu-

mors [3]. However, sometimes the method comes 

to an undetermined conclusion, and in situations 

like this, the breast cancer diagnosis needs to use 

biopsy and H & E-stained image analysis to have 

a more accurate diagnosis [4]. 

Hematoxylin and Eosin-stained is one of the 

primary techniques used for histological staining, 

because of its simplicity and the capability to illus-

trate many different tissue structures [5]. The bi-

opsy specimens are processed on slides and then 

the Hematoxylin material stains the nuclei with 

dark color, demonstrating clear details of the intra-

nuclear, and the Eosin component stains the cell 

cytoplasm and tissue fibers with pink, red, or or-

ange colors in many intensity levels. The slide im-

ages were captured by whole slide digital scanners, 

stored for cancer tumor cell detection, or for the 

breast cancer staging process. Conventionally, 

digitized histopathology images are analyzed using 

laborious and manual techniques, which are time- 

consuming processes and limited by the experience 

of pathologists. Thus, we need an accurate and 

quantitative analysis approach for histopathology 

images. Computer-aid diagnosis (CAD) comes to 

the place and then follows with many state-of- 

the-art (SOTA) CAD methods for automated im-

age analysis histopathology imagery [6]. 

Recently, the machine learning approach applied 

for histopathology image analysis has taken a leap, 

especially for Deep Learning-based methods that 

increase the efficiency and accuracy of histopatho-

logical diagnosis [7]. The work of S. Bhattacharjee 

et al. [8] tried to predict the histological grade of 

prostate cancer biopsy using Convolutional Neural 

Network. P. Naylor et al. [9] had proposed a Deep 

Learning-based method for the segmentation of H 

& E-stained nuclei images. The novelty of the 

method is that it considers the segmentation task 

similar to the regression task of distance map so 

that the network can learn and tackle the problem 

of touching nuclei cells. Another work of Janowc-

zyk et al. [10] had presented thoroughly Deep 

Learning techniques applied for seven Digital 

Pathology tasks and compared the results of Deep 

Learning-based methods with other state-of-the- 

art hand-crafted feature-based. Zhao Z et al. [11] 

proposed PFA-ScanNet which stands for Pyrami-

dal Feature Aggregation ScanNet, a neural net 

specific for breast cancer metastasis detection. 

Graham et al. [12] proposed the Minimal infor-

mation loss dilated network (MILD-Net), a Deep 

Neural network applied for the gland and lumen 

segmentation tasks. Ho et al. [13] introduced Deep 

Multi-Magnification, a Deep Neural Network with 

multi-encoder, multi-decoder, multi-concatenation 

specific for multi-class tissue segmentation from 

digital whole slide images.

2. RELATED WORKS

Most Deep Learning-based models applied for 

image segmentation tasks use some types of tech-

niques related to encoder-decoder architecture. 

There are two categories of encoder-decoder for 

image segmentation problems, the general seg-

mentation, and the medical, biomedical segmenta-

tion approaches [14]. The early work of Noh et al. 

[15] had proposed a network that learns the decon-

volution network and contains the deconvolution 

and unpooling layers. The network achieved out-

standing results on the PASCAL VOC 2012 dataset 

and produced the best accuracy on the Microsoft 

COCO dataset. Another paper focused on the en-

coder-decoder approach is the work of Badrinar-

ayanan et al. [16] named Segnet. The novelty of 

the network is the upsampling layer in the decoder 

path, the pooling indices allow the network to re-

duce the need for learning to upsample. 

The scarcity of labeled training datasets and the 

demand for high accuracy segmentation raises the 

need to have a dedicated purpose neural net for 
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medical and biomedical images. In 2015, Olaf Ron-

neberger et al. [17] published the Unet paper in 

which they proposed a U-shape encoder-decoder 

architecture that contains two symmetric paths, 

the contracting path, and the expanding path. The 

network can train end-to-end using a small num-

ber of training images, and surpass the accuracy 

of other best methods on the ISBI dataset with the 

high performance of segmentation results.

Since the outstanding performance of Unet, 

there is a fast growth of the Unet related papers 

in medical and biomedical image segmentation 

tasks. Some of the Unet variant models such as 

3D Unet, Attention Unet, Inception Unet, Residual 

U-Net, Dense Unet, Unet++, Adversarial Unet, etc 

had gained significant improvement on a specific 

type of Medical, Biomedical images [18]. The work 

of B. Baheti et al. [19] tried to combine pretrained 

EfficientNet and Unet as encoder and decoder of 

an architecture which had ranked in first place for 

image segmentation in the IDD lite challenge.

To enhance the accuracy of segmentation tasks 

for Medical, Biomedical images, Zhongwei Zhou et 

al. [20] had introduced the Unet++ model which 

re-designed the skip pathway of the original Unet. 

They believed that when reducing the semantic 

gaps between encoder and decoder, the optimizer 

will carry out easier learning tasks and hence boost 

up the performance. In 2019, The EfficientNet pa-

per was introduced by Mixing Tan and Quoc Le 

[21], and had become popular in the Machine 

Learning community. The basic idea of the paper 

is to scale the network in all dimensions, both the 

depth, the width of the neural net, and the image 

size. The new scaling method helps to create a 

novel EfficientNet model and achieve outstanding 

results compared to other ConvNets. 

Using pretrained ConvNets as the backbone and 

then upsampling with Unet variant architecture as 

a decoder has become a novel approach and has 

achieved many improvements for segmentation 

tasks in recent years. The early evaluation of the 

Unet++ with EfficientNet as a backbone for medi-

cal image segmentation tasks can refer to the work 

of Le Duy Huỳnh et al. [22]. In the paper, the author 

had run experiments with datasets from the 

EndoCV2020 challenge and compared the result 

with other SOTAs. The Unet++ with pretrained 

EfficientNet as the backbone had outperformed 

other methods with high accuracy. 

The problem facing when conducting experi-

ments for breast tumor cell nuclei segmentation is 

the availability of labeled training datasets. To 

overcome the scarcity problem of training data, 

Lagree et al. [23] proposed the idea of multi-organ 

transfer learning, the neural net will be trained on 

the multi-organ H & E-stained cell datasets of liv-

er, prostate, kidney, lung, colon, brain, bladder and 

stomach, then will be inferenced on the breast tu-

mor cell dataset to evaluate the capability of trans-

fer learning. This study follows the idea of the pre-

viously mentioned paper. We will run experiments 

on Unet++ with pretrained EfficientNet models 

from B0 to B5 and then compare the results with 

other SOTAs. More details about the training da-

tasets and the configurations to conduct experi-

ments of multi-organs transfer learning will be 

discussed in the Methodology section.

3. METHODOLOGY

We use Unet++ with EfficientNet as the back-

bone of the model. We conduct our experiments 

with pretrained EfficientNet from B0 to B5 which 

was trained on the ImageNet dataset with highly 

effective compound coefficients. The model pro-

duced more efficiency and accuracy than previous 

ConvNets, while the parameter numbers are smaller. 

3.1 Dataset

MonuSeg stands for Multi-organ Nucleus Seg-

mentation, the dataset was published in the official 

satellite event of MICCAI 2018. The challenge was 

opened aim to find the best methods to segment 
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Fig. 1. Some sample images from the MonuSeg dataset.

Fig. 2. Some sample images from the TNBC dataset.

the nuclei in H&E-stained cell images [24]. The 

original MonuSeg includes thirty training images, 

each with size 1000 × 1000, from seven organs and 

contains total 21,623 annotated nuclei boundaries. 

The test set has 14 images that are the same size 

as the training set and have total 7,223 annotated 

nucleis. In our experiment, we moved 6 breast tu-

mor cell images from the original MonuSeg to the 

test set, thus the total number of training images 

was 24 and was split into 80% train and 20% 

validation.

The test set in our experiment includes 58 im-

ages, we select 8 images from the MonuSeg data-

sets and 50 images from the Triple Negative Breast 

Cancer (TNBC) dataset. The TNBC dataset is the 

work of P. Naylor et al. [9] which was generated 

at the Curie Institute, all slides are taken from 

Triple Negative Breast Cancer patients and then 

export histopathology images with Philips Ultra 

Fast Scanner 1.6 RA. The TNBC consists of 50 

images with a total of 4022 annotated cells, and 

with an average of 80 cells per sample image. The 

largest number of cells per image is 293 and the 

smallest number of cells is 5. One pathologist ex-

pert and two trained research fellows carried out 

the annotation for the training and testing dataset. 

The results were peer-checked then if there was 

disagreement, the team needed to discuss and come 

to the final decision.

3.2 EfficientNet Encoder

The EfficientNet family starts with Efficient 

Net-B0 at 5.3 million parameters to the largest 

model EfficientNet-B7 with 66 million. The ele-

mentary unit of EfficientNet is the mobile bottle-

neck (MBConv) using squeeze-and-excitation 

components for optimization purposes [25]. Each 

EfficientNet model differs in parameter size and its 
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Fig. 3. Original Efficienet-B4 and original Unet++ architecture.

number of modules, but the overall architecture re-

mains the same from B0 to B7. The important con-

tribution of the EfficientNet is the new compound 

scaling method, that uniformly scales the network 

in terms of depth, width, and resolution of input 

images. The scaling method is demonstrated in the 

following principle: 

(1)

  

In which, α, β, γ are constant coefficients which 
can be calculated by a small grid search on the 

original small model. And φ is coefficient pre-

defined by users that control resources for model 

scaling. If we scale the network depth αN, width 

βN, and resolution γN then we get 2N  times more 
computational resources.

3.3 Unet++ decoder

The decoder block of Unet++ connects with the 

encoder block of EfficientNet through a sequence 

of nested dense convolutional blocks. The skip 

pathway of the Unet++ is formulated as follow:

 (2)

In which, the xi,j is the output of node Xi,j. We 

denote i as the indexes of downsampling layers 

along the encoder and j as indexes of the convolu-

tional layer blocks along the skip pathway. We 

have H (·) are the convolution operations flow by 

an activation function, U (·) are the upsampling 

layers and [] are concatenate layers. Overall, the 

difference between Unet and Unet++ is the rede-

sign skip pathway, in which, Unet architecture just 

has plain connections, features from decoders re-

ceive directly from encoders, and in Unet++ we 
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Fig. 4. Some sample of augmented images after applied Albumentations library.

have dense convolution blocks that reduce the se-

mantic gap between the contracting path and the 

expansive path.

3.4 Data augmentation

We use Albumentations as the library for our 

training data augmentation pipeline. The library is 

a fast, robust, and easy-to-use tool for augmenting 

our training data [26]. Medical and biomedical im-

age analysis confronts the problem of data scarcity 

due to the cost of labeling data and the availability 

of data sources. Using data augmentation techni-

ques can help to solve the problem as well as im-

prove the neural net performance against over-

fitting during the training process. We use lots of 

data augmentation operations to enrich our data 

from 19 images to 5320 images for training and 5 

images to 1400 images for validation. All the im-

ages were resized into 256 × 256 then using aug-

mentation techniques like HorizontalFlip, ShiftScale 

Rotate, RandomCrop, RandomBrightness, Random 

Gamma, etc to scale up the number of training 

images.

3.5 Training

We conduct experiments on a machine with 

Intel(R) Core (TM) i7-8700K CPU @ 3.70GHz in-

stalled memory (RAM) 16GB, NVDIA GeForce 

RTX 2070 8GB. 

We train our model using Sigmoid as the activa-

tion function, Adam optimizer with a learning rate 

of 0.0001, and Dice Coefficient as the loss function. 

The formula of Dice Loss function is defined as 

below:

(3)

In which, pi  denotes the predicted pixel and gi 

denotes the ground truth. In our nuclei segmenta-

tion task, the pi are pixels that our trained models 

predict as nuclei, and the gi  are nuclei pixels that 

were labeled by experts. 

We execute image augmentation operations on- 

the-fly mode, simultaneously with the training 

process using the Albumenations library. We use 

StainTools (https://github.com/Peter554/StainTools) 

as stain normalization library for H & E-stained 

images. All the models and pretrained backbone 

were implemented on the Segmentation Models re-

pository and available on GitHub (https://github. 

com/qubvel/segmentation_models.pytorch).  

4. EXPERIMENTAL RESULT AND DISCUSSION

We evaluate our models based on three metrics 

Recall, F1 score, and Precision with the threshold 

value equal to 0.5. Our proposed EfficienetUnet++ 

results had outperformed others SOTAs on the nu-

clei segmentation task in terms of Recall and F1 
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Table 1. Quantitative results comparison between EfficientUnet++ and other segmentation methods on the MonuSeg 

dataset.

Comparison results on the MoNuSeg test dataset

Methods Recall F1 Precision

(a) Results from Lagree et al. [23]

Otsu 0.1331 0.1619 0.2065

Watershed 0.1880 0.2743 0.507

Fiji 0.3493 0.4411 0.5986

U-Net (ResNet-101) 0.5360 0.6133 0.7166

U-Net (Inception-v3) 0.6339 0.6422 0.6507

U-Net (VGG-16) 0.6604 0.6511 0.642

Mask R-CNN 0.5813 0.6648 0.7859

U-Net (VGG-19) 0.6788 0.6735 0.6683

U-Net (DenseNet-121) 0.7099 0.6796 0.6517

GB U-Net 0.6010 0.6862 0.7997

U-Net Ensemble 0.6746 0.6957 0.718

U-Net (ResNet-50) 0.7173 0.6967 0.6772

U-Net (DenseNet-201) 0.7208 0.6980 0.6765

(b) Our EfficientUnet++ results

Unet++ EfficientNet-B0 0.9161 0.7899 0.7004

Unet++ EfficientNet-B1 0.8873 0.8008 0.7384

Unet++ EfficientNet-B2 0.9187 0.776 0.6785

Unet++ EfficientNet-B3 0.9004 0.7989 0.7267

Unet++ EfficientNet-B4 0.902 0.7901 0.711

Unet++ EfficientNet-B5 0.9272 0.7848 0.6883

metrics, except for Precision, the GB U-net pro-

posed by Lagree et al. [23] had produced higher 

result compared to the EfficientNet family.

On the MonuSeg dataset, Unet++ with Efficient 

Net-B5 and EfficientNet-B1 produced the best re-

sult for Recall metric (0.9272) and F1 metric 

(0.8008). EfficientUnet++ performance is superior 

with a wide margin on Recall metric compared 

with traditional segmentation methods like Otsu, 

Watershed, and Fiji. Similar to the Recall metric 

on the F1 metric, EfficientUnet++ results exceed 

a large margin compared with traditional segmen-

tation methods and produced higher accuracy than 

Deep Learning-based methods. However, results 

on Precision remain to the same degree as other 

Deep Learning-based methods. Fig. 5 shows you 

the qualitative output results of Unet++ with 

EfficientNet-B1 as the backbone when inferencing 

on MonuSeg dataset.

On the TNBC dataset, Unet++ with Efficient 

Net-B5 and B1 exceeds other methods in terms of 

Recall (0.9343) and F1 (0.6785) metrics, the Effi-

cientUnet++ do not pass the GB-Net (0.8102) on 

Precision metric evaluation. Similar to the Monu 

Seg dataset, EfficientUnet++ also outperformed 

other Deep Learning-based segmentation methods 

on Recall and F1, however, in Precision metric 

EfficientUnet++ produced not as good results as 

other Deep Learning-based methods. Fig. 6 shows 

you the qualitative output results of Unet++ with 

EfficientNet-B1 as the backbone when inferencing 

on the TNBC dataset.

5. CONCLUSION 

In this work, we show you the effectiveness of 
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Fig. 5. Qualitative output results of Unet++ with EfficientNet-B1 as the backbone on the MonuSeg dataset.

Table 2. Quantitative results comparison between EfficientUnet++ and other segmentation methods on the TNBC 

dataset.

Comparison results on the TNBC test dataset

Methods Recall F1 Precision

(a) Results from Lagree et al. [23]

U-Net (VGG-19) 0.4585 0.5099 0.5741

U-Net (Inception-v3) 0.3925 0.4703 0.5864

U-Net (VGG-16) 0.4940 0.5042 0.5149

U-Net (ResNet-101) 0.4139 0.5427 0.7882

U-Net (ResNet-50) 0.5281 0.5638 0.6048

U-Net Ensemble 0.5176 0.6068 0.7331

U-Net (DenseNet-121) 0.5745 0.6216 0.6772

U-Net (DenseNet-201) 0.5745 0.6298 0.697

GB U-Net 0.5541 0.6581 0.8102

Mask R-CNN 0.6172 0.6732 0.7403

(b) Our EfficientUnet++ results

Unet++ EfficientNet-B0 0.921 0.5986 0.4999

Unet++ EfficientNet-B1 0.8942 0.6785 0.5931

Unet++ EfficientNet-B2 0.9209 0.5877 0.4875

Unet++ EfficientNet-B3 0.9156 0.6024 0.5105

Unet++ EfficientNet-B4 0.9033 0.6183 0.5278

Unet++ EfficientNet-B5 0.9343 0.5612 0.4571

multi-organ transfer learning applied for breast 

cancer tumor cells. The Unet++ with pretrained 

EfficientNet from B0 to B5 was selected to run the 

experiment on seven organ cell images. Our ex-

periments exhibited the best result in terms of 

Recall and F1 score compared with previous works 
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Fig. 6. Qualitative output results of Unet++ with EfficientNet-B1 as the backbone on the TNBC dataset.

that run on the Monuseg datasets and inference on 

the TNBC datasets. The results demonstrate that 

Deep Learning models trained on different organ 

cell images can produce a good performance for 

breast cancer tumor cells on segment nuclei tasks. 

Compared with traditional methods, the Efficient 

Unet++ outperformed with a large accuracy margin. 

Compared with other Deep Learning methods, our 

proposed models produced more excellent results 

than Mask RCNN, Unet Ensemble, Unet with 

Resnet-50, Resnet-101, VGG-16, VGG-19, Dense 

Net-121, Densenet-201, Inception-v3 as the back-

bone, and GB U-net proposed in the paper Lagree 

et al. [23].

To enhance the network accuracy, we need more 

training data feeding to our network. More training 

data help the network to improve the generalization 

and prevent from being overfitting. Recently, many 

techniques to enrich the labeled training dataset 

had been investigated, two approaches that were 

popular in medical and biomedical communities are 

scalable crowd-sourcing annotation [27] and GAN 

for generating new medical and biomedical images 

[28]. The scalable crowd-sourcing annotation ap-

proach focus to utilize the crowd workforce to pro-

duce more labeling data with the supervision of ex-

pert domains. While the GAN approach mainly lev-

erages the family of Generative Adversarial Net-

work to augment original data. In future work, we 

will try to exploit those two methods to increase 

the dataset for our models and will take more nu-

merical evaluation on the benefit of those two data 

enrichment methods.
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