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3-2. Loss Function
During the training of both stages in the proposed 
method, we employ binary cross-entropy (BCE) loss.
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We calculate pixel-wise binary cross-entropy loss between 
actual pixel value yi and predicted pixel value p(yi).

employ the commonly used metrics, including Precision, 
Recall, Intersection over Union and Dice coefficient. 
Precision reflects the quality of results, while recall 
indicates the quantity of relevant items identified. 
Intersection over Union (IOU) measures the ratio of 
overlapping pixels to the total pixels in two compared 
images, with a value ranging from 0 to 1, 0 indicates no 
overlap, while 1 signifies complete overlap while the Dice 
score shows how similar two binary images are, like 
comparing a predicted mask to the actual mask. It is 
calculated by taking twice the amount of overlap between 
them and dividing by the total number of pixels in both 
images. A score of 1 means they match perfectly, while 0 
means no overlap.
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Fig. 3 Visual results of proposed refinement approach on TNBC dataset. �3�F�E indicates false positive pixels, �H�S�F�F�O 
indicates false negative pixels and �H�S�B�Z indicates true positive pixels. Fifth column - image obtained by 

difference between the refinement (ours) output and First-stage output. Images in lines 1, 2 and 3 
are results from U-Net, Micro-Net, and U-Net++, respectively

Table 2 Comparison of evaluation metrics of segmentation 

networks with and with- out the proposed method, trained 

on TNBC dataset[19] († is proposed two-stage approach)

Precision Recall Dice IoU

U-Net 0.800 0.857 0.827 0.705
U-Net † 0.840 0.826 0.832 0.708

Micro-Net 0.759 0.828 0.789 0.653
Micro-Net † 0.807 0.805 0.804 0.673

U-Net++ 0.782 0.665 0.649 0.519
U-Net++ † 0.801 0.703 0.721 0.577

3-3. Evaluation Metrics
To evaluate the performance of the proposed method, we 
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Here, tp and tn denote the total counts of accurately 
identified positive and negative cases. On the other hand, 
fn and fp indicate the counts of incorrectly identified 
negative and positive cases, respectively.

3-4. Implementation Details
As mentioned in the section 3.1, our proposed method is 
trained on two different datasets. The RGB images were 
first normalized to a scale of 0 to 1 before being fed to 
the model. The entire network undergoes a two-stage 
training process. After both parts of the network 
converge, the entire network is fine-tuned in a single-
stage training session.

During first stage training, we first trained the encoder-
decoder network without the enhancement network. After 
the encoder-decoder part converges, we freeze it and then 
update the enhancement network. After the enhancement 
part also converges, finally we fine-tune the whole 
network together.

We use the Adam optimizer with a learning rate of 
0.0001 and apply binary cross-entropy loss, mentioned in 
section 3.2, during each training session. Additionally, 
each training is facilitated by early stopping technique 
which halts the training once the validation loss stops 
improving.

4 		 RESULTSRESULTS

Table 1 and Table 2 showcase the evaluation scores for 
precision, recall, dice coefficient and IoU on Lizard and 
TNBC dataset, respectively. The symbol † on a 
segmentation network represents the combination of the 
encoder-decoder network followed by the enhancement 
network. In the tables, scores highlighted in blue indicate 
improvements in metrics with the proposed method. In 
each architecture, U-Net, Micro-Net and U-Net++, the 
integration of the enhancement network leads to 
improvements in at least three evaluation metrics. It can 
be noticed that the Dice coefficient improved in each 
case.

Figures 2 and 3 provide a clear visual analysis of the 
difference in the predictions of segmentation network 
with and without the enhancement network for Lizard 
and TNBC dataset respectively. The enhancements in the 
evaluation scores presented in the tables are visually 
reflected in Figure 2 and 3. The ‘Difference’ column is 
derived by subtracting the images in the ‘First Stage 
Prediction’ column from those in the ‘Ours’ column. 
White pixels in the images of the ‘Difference’ column 
indicate instances where the proposed method success- 
fully identifies complete cells or parts of cells that were 
overlooked by the first stage network. It is important to 
note that some white pixels in these images may also 
result from false positive pixels generated by the 
proposed method, although they are relatively few in 
number.

5 		 CONCLUSIONCONCLUSION

Histopathological Images are complex in nature which 
makes segmentation of cell nuclei a challenging task. In 
this paper, we have proposed a method to integrate an 
enhancement network atop widely used existing 
segmentation networks. To showcase the generalizability 
of the proposed method, we apply it to diverse datasets, 
including Lizard and TNBC, across popular segmentation 
architectures like U-Net, Micro-Net, and U-Net++. The 
quantitative and qualitative results indicate that the 
proposed method not only refines pixels along the cell 
boundary but also segments cells that were initially 
missed by the first stage network. In the future, we would 
like to extend our experiments to encompass additional 
datasets across other popular segmentation architectures 
with the aim to improve the quality of output generated 
by the enhancement network.
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