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Abstract  

Osteosarcoma is a high-grade malignant bone tumour for which neoadjuvant chemotherapy is a vital 

component of the treatment plan. Chemotherapy brings about the death of tumour tissues, and the rate 

of their death is an essential factor in deciding on further treatment. The necrosis quantification is now 

done manually by visualizing tissue sections through the microscope. This is a crude method that can 

cause significant inter-observer bias. The suggested system is an AI-based therapeutic decision-making 

tool that can automatically calculate the quantity of such dead tissue present in a tissue specimen. We 

employ U-Net++ and DeepLabv3+, pre-trained deep learning algorithms for the segmentation purpose. 

ResNet50 and ResNet101 are used as encoder parts of U-Net++ and DeepLabv3+, respectively. Also, 

we synthesize a dataset of 555 patches from 37 images captured and manually annotated by 

experienced pathologists. Dice loss and Intersection over Union (IoU) are used as the performance 

metrics. The training and testing IoU of U-Net++ are 91.78% and 82.64%, and its loss is 4.4% and 17.77%, 

respectively. The IoU and loss of DeepLabv3+ are 91.09%, 81.50%, 4.77%, and 17.8%, respectively. The 

results show that both models perform almost similarly. With the help of this tool, necrosis 

segmentation can be done more accurately while requiring less work and time. The percentage of 

segmented regions can be used as the decision-making factor in the further treatment plans.  
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1 Introduction 

Ferlay et al. (2015) made a survey of the mortality caused by 27 major cancers based on evidence given 

in GLOBOCAN 2012, a data series of the International Agency for Research on Cancer. The study showed 

that more than 30,000 new cases are diagnosed per year. All cancer patients should not be treated the 

same. The treatment plan should be based on the patient’s body condition, their body’s response to the 

therapeutics, and multiple prognostic factors. Prognostic scores are the key elements in the selection of 

treatment plans in clinical practice (ESMO, 2014; Picci et al., 1994; Davis et al., 1994). In the case of 

osteosarcoma, chemotherapy-induced tumour necrosis is one of the most important prognostic factors. 

Necrosis is a kind of cell death. Among the several types of cell necrosis scenarios, we focus only on the 

tumour cell necrosis that arises due to neoadjuvant treatment (NAT). Such treatment can be radiation 

therapy, chemotherapy, or hormone therapy, which is an initial step to diminish the cancerous region 

before the main treatment. In our study, we deal with the case of neoadjuvant chemotherapy or NACT. 

Its primary purpose is to assess the clinical response of the patient’s body to such therapeutics. It can 

reduce the volume of tumours, reduce risk stratification, and also improves the success rate of surgical 

resection (Caparica et al., 2019; Wang et al., 2011). The advantages and disadvantages of NAT in 

advanced-stage breast cancer patients are described by Ikeda et al. (2002). Initially, neoadjuvant 

chemotherapy (NAC) was introduced to reduce the volume of the cancerous region, where the cancer is 

almost in an unresectable stage. Nowadays, however, it is proclaimed by experts that NAC followed by 

de-bulking surgery, is the best treatment for advanced cancer (Elies et al., 2018). Several studies are 

reported to evaluate the clinical and pathological response after NAC on various cancers (Alawad et al., 

2014; Burcombe et al., 2002). Nevertheless, all these are done either via laboratory tests or medical 

imaging modalities such as PET. 

Artificial intelligence has introduced tremendous changes in the healthcare field, especially in oncology. 

The journey of AI from the beginning to the current scenarios and future perspectives has been clearly 

explained by Luchini et al. (2022). It touches every stage of cancer treatment, including initial screening, 

diagnosis, detection, classification, segmentation, bio-marker detection, strategies for follow-up, and up 

to the drug discovery (Luchini et al., 2022; Kann et al., 2019). In the past few years, digital pathology has 

received a lot of attention in the above-mentioned stages. The application of AI in digital pathology helps 

the entire medical team reduce their workload. The proposed system can act as an automated tool to 

guide clinical decision-making, using digital histopathology images. 

1.1 Literature review 

Image segmentation is a process of grouping voxels that belong to the same tissue structures according to 

their morphology (Estienne et al., 2019). The traditional clustering and methods are outperformed by the 

introduction of neural networks, which enable the model to predict a particular region of interest from a 

given image. Zhang et al. (2017) pioneered segmentation using U-Net and ResNet by highlighting the 

concept of pyramid-dilated convolution. The pooling layer is replaced here with a convolution layer, 

which can reduce information loss. The study proved that the deeper the network, the better the 

performance. At the same time, however, the resources required to do this task are highly expensive. U-

ResNet is a joint framework for image registration and segmentation of 3D medical volumes (Zhang et al., 

2017). Deep convolutional encoder-decoder segmentation architecture was introduced in 2016, which 

proved its excellence in scene understanding applications (Badrinarayanan & Cipolla, 2017). Its encoder 

part is similar to the VGG-16 model and the decoder part is symmetrical to the encoder side and performs 

the non-linear up-sampling process. The combination of DeepLabv3+ and ResNet50 has been used in the 

semantic segmentation of COVID-19 lung-CT images to predict and quantify the severity of affected 

patients (Sabeerali et al., 2022). This network segments the affected region of the lungs from the image and 
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the volume is calculated separately. There are different networks, especially R-CNN (Girshick et al., 2014) 

and their successors that enable the model to localize the object and later perform segmentation. 

Segmentation does not require recognizing or identifying the object; it only divides an image into 

different regions based on the requirement. In the olden days, clustering-based methods were used for 

this purpose by focusing on contours and edges (Ruspini et al., 2019; Shukla & Naganna, 2014; Liu, 2009). 

They use much fewer data and thereby, less computation power is needed for the execution of their 

algorithms. However, the introduction of different types of neural networks outperforms them (Guo, 

2018). The segmentation can be divided into semantic segmentation and instance segmentation. The 

former is the pixel-wise grouping of objects into corresponding classes and the latter is instance-wise 

grouping. Multiple instances of the same class are considered as a single object of the same colour in the 

former and as different in the latter method. 

The research in pathology image analysis using machine learning and deep learning is growing quickly, 

according to the Komura and Ishikawa (2017). Their study discusses many machine-learning approaches 

for analysing histopathology images. They mainly concentrate on whole slide imaging (WSI) data for 

their study. 

Fibrosis is a kind of tissue cell which are an indicator of the extent of several diseases, but there was no 

tool to quantify this until the FIBER-ML was developed by Facchin et al. (2022). FIBER-ML is an open-

source, semi-automated, machine learning based software that can be used to quantify the fibrosis in 

tissue sections. 

A novel deep-learning approach for predicting the outcome of colorectal patients without intermediate 

tissue classification was introduced by Bychkov et al. (2018). They used tumour tissue microarray 

samples stained with haematoxylin and eosin (H&E) from 420 patients suffering from colorectal cancer. 

A pipeline of pre-trained convolutional (VGG16) and recurrent (LSTM) neural networks were used in 

the methodology part. This state-of-the-art method predicts the patient risk score (low and high risk), 

which shows expert-level accuracy. 

A semi-automated ML-based system has been introduced to quantify vascular density in tissue-

engineered constructs (Strobel et al., 2021). This tool's fast and accurate measuring capacity makes it 

perfect for incorporation into tissue manufacturing workflows. 

Examining scar tissue is required during or after the wound-healing process to analyse the pathological 

tissue conditions. An automated method using Mask RCNN has been developed (Maknuna et al., 2022) 

to do this task with H&E-stained scar tissue images. Another unsupervised method using K-means 

clustering is also used in the study to distinguish different structural features from the specimen. A 

machine learning approach using support vector machine followed by random forest has been used to 

classify prostate tissues into subtypes (Gertych et al., 2015). 

1.2 Problem statement 

Although the amount of tumour necrosis is a crucial factor in deciding on the further treatment plan, in 

most hospitals, the estimation is done manually by pathologists. Identifying different tissues with the 

naked eye is cumbersome in such cases. This may cause several pitfalls as mentioned below: 

• inter-observer variability, 

• inter-class similarity and variability, 

• labour and time intensity and 

• colour variations in staining. 

Inter-observer variability or disagreement means the difference in results obtained by various 

pathologists on the same input. This may occur due to the pathologists’ subjectivity, experience, 

workload or manual error. The morphology of tissues may not be exactly the same every time and it may 
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have an overlapping nature sometimes. In most cases, the necrosis and fibrosis may be scattered 

throughout the specimen. The different classes of tissues will have some similarities in colour, shape, etc. 

Thus, the classification may be difficult in such cases. We consider H&E-stained specimens in our study. 

Normally, haematoxylin gives a purplish-blue colour to the cell nuclei whereas eosin gives pink staining 

to the cytoplasm and extracellular parts (Chan et al., 2014). The rest of the tissue will appear in a 

combination of both these. However, based on the pigment used, the colour may vary and thus the colour 

itself is not enough to identify the cells. 

In the research aspect, there is no dataset available for doing any kind of research in tumour necrosis 

quantification or segmentation. The identification of proper tissue specimens and corresponding 

labelling is a tedious task. This should be done under the supervision of experienced pathologists. 

1.3 Proposed system 

We introduce an AI-based automated system that can evaluate the response of a patient's body towards 

NAC using digital histopathology images. We considering osteosarcoma only, where the cell death due 

to NAC is treated as the key prognostic factor. This model can segment the area of necrotic tissues from 

a histopathology image acquired as the model input. The segmented area is then quantified with image 

processing methods, and this value can be used as a deciding factor for further treatment plans for the 

patient. The output from this tool can be used as a second opinion in the further treatment plan. 

A dataset of 555 images and their corresponding masks have been created for this work with the help of 

a senior pathologist. All the images are not in the same texture as the staining will vary for different 

specimens. Some of the images from the dataset are shown in Figure 1. 

 

 

Figure 1. Different types of images collected: (a) pink colour shows the necrosis and the rest of the part is 
tumorous; (b) the granular part is the necrosis and the rest is bone tissues; (c) N denotes necrosis and T denotes 

tumour; (d) contains necrosis and tumour; (e) contains necrosis, tumour and fibrosis. 

Two neural network architectures, namely U-Net++ and DeepLabv3+ have been used for training our 

model with the dataset created. Both these architectures have encoder and decoder parts. The encoder 

part can be replaced with pre-trained classification networks such as ResNet, VGG-16, AlexNet, etc., for 

enhanced feature extraction (Zhang et al., 2020). In this paper, we use ResNet-50 for U-Net++ and ResNet-

101 for DeepLabv3+. We use GPU for training this model, as it consumes very high computation power. 

The main contributions of our works are as follows: 

• We develop an AI-based tool to grade osteosarcoma patients, which can be used as a second 

opinion for pathologists and doctors to make critical decisions on treatment plans. 

• This software can be used to quantify how much cancerous tissue is dead (tissue necrosis) due 

to neoadjuvant chemotherapy using pathology images. 

• This value of measurement is used to identify the response of the patient's body to the 

therapeutics. 

• The area of necrotic tissues is separately highlighted from a given microscopic image. 

• This tool is less error-prone as it reduces the inter-observer variability to a large extent. 
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• We have synthesized a dataset of 555 images that deploys the various morphologies of necrosis, 

tumours, and fibrosis. 

This paper is organized as follows: Section 1 describes mainly the domain part, the problem of the 

existing system, the purpose and the contributions of the proposed system. Section 2 deals with the 

research methods, containing a detailed technical explanation of architectures used in the study, dataset 

preparation and augmentation, and describes how the models have been trained and how the parameters 

have been chosen to make the perfect model. The algorithm used in the study is also included in this 

section. Section 3 includes the analysis of the results obtained from the study along with graphs and 

tables, whereas Section 4 is the discussion part, where we present an evaluation of the model and the 

practical use of the system, its limitations, and future work-based on this study. The final section 

concludes the study. 

2 Research Method and Preparation 

2.1 Data preparation 

Specimens required for the study are taken from cancer patients who have undergone NAC. They are then 

stained with H&E and digitized using a digital camera mounted on a Meiji microscope. The specimens 

include different types of tissues such as necrosis, tumour, bone, fibrosis and mucous membrane, as well 

as the glass background. To obtain better information and reduce the image resolution, representative 

sections are taken from each specimen. A low-power 10x magnification is used to focus on the maximum 

region of necrotic tissues within the specimen with maximum clarity with a resolution of 2592 x 1932. As 

these dimensions seem to be difficult to afford by the neural network, we cut these images into patches of 

512x512 using the python library “patchify”. We collected 37 images and created a dataset with 555 

patches from them. Manual annotations were performed on the images using a free, open-source image 

annotation tool called “CVAT”. Full images (37 images) were used for the annotation rather than the 

patches, as the cell morphology is difficult to detect in small patches. Then they were divided into patches 

in the same manner as the images. 

 

Figure 2. Image (left) and its mask obtained from CVAT (right). 

2.2 Data augmentation 

The microscopy images need elastic deformations as the number of images is very low compared to other 

data analytic projects. To do that, we used the data augmentation library “Albumentation”. The semantic 

segmentation is highly reliant on the pixels of the image and so the augmentation process should not 

change the pixel values. This library facilitates such techniques that increase the number of images without 

affecting their pixel values. More than seventy methods are available, but we used horizontal flip, shift 

scale rotate, CLAHE, random crop, pad if needed, hue saturation, random contrast, and motion blur. 
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Every change that is applied to an image is done on its mask too. Only the training data set requires the 

augmentation process. 

2.3 Methods used 

In this study, we employ the semantic segmentation strategy. We use two pre-trained networks here. Pre-

trained networks work with the principle of transfer learning technique. As the name suggests, it transfers 

the knowledge in terms of weights from a previously learned task to solve a different but related problem. 

These models benefit from using very few data for training compared with other neural networks. Out of 

the several networks, we chose the two best algorithms that suit our dataset, which are U-Net++/ResNet50 

and DeepLabv3+/ResNet101 neural networks. U-Net and DeepLab are convolutional neural networks, 

providing an encoder-decoder architecture which is the basement for semantic segmentation. Along with 

that, pre-trained classification models such as ResNet, VGG16, EfficientNet, MobileNet, etc., can be used 

as the backbone network for feature extraction purposes. Even though they are trained for classification 

tasks, they are re-purposed for the segmentation process. All these networks are trained on the ImageNet 

dataset (Deng et al., 2009), which contains 14,197,122 annotated images as per the findings of the WordNet 

hierarchy (ImageNet, 2021). In this study, we selected ResNet50 and ResNet101 for the same. The fully 

connected layers or dense layers of these networks are transformed into convolution layers (Chen et al., 

2018a). 

2.3.1 U-Net++ 

U-Net has been proven as one of the finest segmentation models ever developed for medical image 

segmentation. It won the 2015 ISBI cell tracking challenge on a dataset of light microscopy images 

(Ronneberger et al., 2015). Its architecture has an encoder part followed by a decoder part, where the 

former gradually reduces the dimension of the input image to the minimum and then the latter does the 

exact reverse process to get the original image (Ronneberger et al., 2015; Chandhok, 2021). The name of 

the architecture came from its shape, where the expanding path and the contracting path are more or less 

symmetric and form a “U” shape. The difference between the U-Net network and an auto-encoder 

network is the skip connection present in the former, which enables the flow of information from layers 

of the encoder part to corresponding layers of the decoder part, which causes good predictions. Without 

the skip connection, it is only a neural network. 

Zhou et al. (2018) introduced U-Net++, which is a novel architecture for bio-medical segmentation. Its 

enhanced features from U-Net are:  

• the dense convolution layers on the skip pathway, 

• dense skip pathway, and  

• deep supervision.  

The convolution layers in the skip pathway reduce the semantic gap between the feature maps of encoder 

and decoder networks, especially in the segmentation of medical images, which provide an easier 

optimization problem. Here, the feature maps from the encoder part are fed into a dense convolution block 

rather than received directly at the decoder side as in U-Net. Lee et al. (2015) took the deep supervision 

approach from the idea of deeply-supervised nets or DenseNet, which allows the model to operate in 

normal mode and faster mode. In the normal mode, the outputs from all segmentation branches are 

averaged, whereas in the faster mode, the final segmentation maps are selected from any one of the 

segmentation branches. The architecture of this network with the above-mentioned features is shown in 

Figure 2 (Zhou et al., 2018). 

https://pyimagesearch.com/author/shivam/
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Figure 3. Architecture of U-Net++ where (a)explains the dense convolution layers in the skip connection, (b) shows 
the dense skip connection (c) shows the deep supervision. Black represents the normal U-Net, green and blue are 

for showing the dense convolution layer block and red is for the deep supervision. Source: (Zhou et al., 2018). 

2.3.2 DeepLabv3+ 

The DeepLab series are state-of-the-art semantic segmentation models invented by Google. Within the 

series DeepLabv3 has proven its excellence as an image segmentation benchmark in PASCAL VOC 2012 

with an accuracy of 85.7% without DenseCRF (Chen et al., 2017; 2018a; 2018b). DenseCRF is a post-

processing method that is used to refine blurred boundaries in images where we can add a fully connected 

CRF (conditional random fields) layer and thereby increasing the efficiency of the algorithm (Yan et al., 

2016). Multi-scale segmentation is made possible in this architecture by using atrous convolution in 

parallel. Atrous spatial pyramid pooling (ASPP), which is proposed in DeepLabv2, is also supported here. 

Atrous convolution, or dilated convolution, allows the networks to extract dense feature maps, thereby 

removing the down-sampling and up-sampling overheads. This enables the network to improve feature 

maps without increasing the number of parameters and eventually the computation power. Figure 3 

depicts how the atrous rate increases the field of view of the image (Chen et al., 2017). 

 

 

Figure 4. Atrous convolution with kernel size 3x3 and different rates. Source: (Chen et al., 2018b). 
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Figure 5. (a) U-Net architecture containing an encoder part on the left and a decoder part on the right with a skip 
connection as arrow marks in between each layer. (b) Architecture for DeepLabv3+ with Atrous convolution layers. 

Sources: (Zhou et al., 2018; Chen et al., 2018a). 

2.3.3 ResNet50 and ResNet101 

In CNN, normally there is a convention so that the model can be “the deeper, the better”. However, in 

some cases, even though the depth of the network can increase the model’s performance, at some point it 

is found that the training error increases with increasing the number of layers. This phenomenon is known 

as the vanishing or exploding gradient. This kind of degradation can be solved using a deep residual 

learning framework using the skip connection technique (He et al., 2016a). The skip connection in each 

residual block is explained in Figure 5. 

 

Figure 6. Short-cut connection or skip connection in a residual block, where x is the input for the layer and Ƒ(x)+x 
is the short-cut connection, which can skip one or more layers. Source: (He et al., 2016a). 

Each of these units can be denoted as follows (He et al., 2016b): 

𝑌𝑙 =  h(𝑥𝑙)  +  F(𝑥𝑙 , 𝑊𝑙) 

𝑥(𝑙+1) = 𝑓(𝑌𝑙) 
(1) 

where xl and xl+1 are the input and output of the lth unit respectively, F is a residual function, W is the set 

of weights and biases related to the lth unit, h(xl) = xl is an identity mapping and f is a ReLU activation 

function. 

It allows the model to skip some layers while training and directly connects to the output. This feature 

was introduced by Microsoft Research in 2015 and named ResNet. Residual Net or ResNet is one of the 

most powerful pre-trained classification models available nowadays and was the winner of the ImageNet 

Large Scale Visual Recognition Challenge 2015 (ILSVRC2015). This network is trained on the ImageNet 

dataset and we can use its pre-trained weights in our model. So, we do not have to repeat the training 

section. Thus, all the inner layers can be kept frozen. Each layer of ResNet is composed of several blocks. 
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The loss surface will contain several irregular ups and downs if we do not use the skip connection whereas 

a smooth surface will be obtained by using it (Li et al., 2018). 

 

Figure 7. (a) shows the irregularities in the loss surface, and (b) is the smooth surface obtained by using the skip 
connection. Source: (Li et al., 2018). 

In our study, we use ResNet50 along with U-Net++ and ResNet101 with DeepLabv3+, as the backbone for 

feature extraction. Among the several variants of ResNet, ResNet50 is one of the most commonly used 

ones that have 48 convolution layers, one max-pooling layer, and one average pooling layer. Meanwhile, 

ResNet101 is 101 layers deep as the name suggests. ResNet50 provides 25.6 million trainable parameters, 

whereas ResNet101 has 44.5 million (Boulch et al., 2017). ResNet can act as the down-sampling or encoder 

part of the U-Net. The residual functionality of ResNet makes it a good choice for feature extraction. 

2.4 Solution 

In this work, we trained a model that can perform binary segmentation, where the classes can be either 

necrosis or the background. The input images and their corresponding masks (ground truth) were used 

to train the model. The model training was done using the Torch library, which provides easy methods to 

switch between CPU and GPU. The training part was done using GPU, Quadro RTX 5000 with 16 GB 

RAM and the server was Intel 5120C with 128 GB RAM. 

We built two segmentation models using the architecture of U-Net++/ResNet50 and 

DeepLabv3+/ResNet101 with our own created dataset. ResNet50 and ResNet101 were used as the encoder 

for U-Net++ and DeepLabv3+ respectively and the model weights obtained while training with ImageNet 

were transferred to our model. The backend of each model was tested with different variations of ResNet 

and the most appropriate one was selected. U-Net++/ResNet101 was unable to run on our system and thus 

we had to stay with ResNet50. 

The main challenge in segmenting the necrosis was the colour variation in staining. Pre-processing 

methods built into U-Net++ and DeepLabv3+ were used for the data cleaning. The dimension of the image 

was 512x512x3 and that of the mask was 512x512x1. The entire dataset was divided into 3 sets for training, 

validation and testing. We used 16 workers, with a data batch size of 64. 

We used dice loss and intersection over union (IoU) as the performance metrics. Dice loss was used to 

measure the loss and the IoU score accuracy. A combination of binary cross-entropy and dice coefficient 

was used as the loss function in this model, which can be denoted as follows (Van Beers et al.,2018): 

L(Y, 𝑌̂)  =  − 
1

𝑁
∑ (

1

2
∙ Yb ∙ logŶb +  

2 ∙ Yb ∙ Ŷb 

Yb + Ŷb
)

𝑁

𝑏=1

 (2) 
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Where N is the batch size, Yb is the ground truth, and 𝑌̂b is the prediction value for the bth image. 

In semantic segmentation, accuracy cannot be considered a good performance metric, due to the class 

imbalance in such cases. IoU can replace it and find the degree of coincidence between the predicted 

boundary and the actual boundary (Van Beers et al., 2018). 

 

Figure 9. IoU is the area of intersection of predicted segmentation and the ground truth divided by the area of 
union between the same. Source: (Tiu, 2019). 

Two important hyperparameters used here are the optimizer and the learning rate. Here, we use Adam 

as the optimizer and the learning rate is set with a value of 0.0001. Sigmoid is used as the activation 

function here as this is a binary model. 120 epochs are used for training the model and after 80 epochs, the 

learning rate is reduced to 0.00001. As the learning rate decreases, the training time increases and so does 

the GPU cost, but the prediction is more accurate. The best model is saved based on the highest value of 

the validation IoU score obtained during the training period. U-Net took almost 3 hours to run the 120 

epochs whereas the DeepLab took less than 2 hours. 

The following algorithms were used to build the model and quantification process. 

Pseudo code 1. Model training. 

1. Set learning rate = 0.0001 

2. Set max_score = 0 

3. Repeat for 120 epochs 

 3.1 if validation accuracy is greater than max_score,  

  then set max_score = validation accuracy 

3.2 save the model with training and validation parameters of that epoch 

    3.3 if epoch = 80 

then reduce learning rate = 0.00001 

2.4.1 Necrosis percentage calculation 

The trained model can segment the necrotic tissue area from a histopathology image. The output of the 

model is a black-and-white image. The white portion represents the necrosis and the black denotes the 

rest of the image. Thus, we can find the area of necrosis by counting the non-zero pixels in the image. We 

use the function countNonZero() present in the opencv library. The total area of the image is 512*512 as the 

resolution of the image is the same. Now the percentage of the necrosis can be found using the following 

formula: Percentage = (number of pixels of necrosis / total number of pixels in image) * 100. 
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Figure 8. Original image (left) and predicted mask (right). In this case, volume = 86.9%. 

 

Pseudo code 2. Finding percentage of necrosis from a given image. 

1. Read the image of any size 

2. Do the following pre-processing steps on image  

2.1. resize the image into 512x512  

2.2. convert image into tensor  

2.3. normalize the tensor 

3. Load the saved model 

4. Predicted mask = model.predict(image) 

5. nec_pixels =Get the count of pixels having 

non-zero value, usingcv2.countNonZero(pr_mask)  

6. total_pixels = total number of pixels in the whole image (here 512*512) 

7. Percentage = (nec_pixels / total_pixels) * 100. 

 

3 Results 

We developed a deep-learning solution for finding the quantity of tumour necrosis created due to 

neoadjuvant chemotherapy in cancer patients. In the current study, we built two models with pre-trained 

segmentation models, U-Net++ and DeepLabv3+. We used dice loss and IoU as the performance metrics. 

Table 1 explains the segmentation loss and accuracy during training, validation and testing. 

Table 1. Dice loss and IoU obtained during segmentation. 

 

Parameters U-Net++ DeepLabv3+ 

Training loss 0.0440 0.0477 

Validation loss 0.2796 0.2582 

Testing loss 0.1777 0.1780 

Training IoU 0.9178 0.9109 

Validation IoU 0.7513 0.7457 

Testing IoU 0.8264 0.8150 
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The values of loss and accuracy during the training and validation process were collected and plotted as 

graphs for both U-Net++ and DeepLabv3+, as shown in Figures 10 and 11. Loss or accuracy are the y-axis 

and epochs are the x-axis. 

 

Figure 10. Training and validation loss (left) and accuracy (right) of U-Net++model. 

 

 
Figure 11. Training and validation loss (left) and accuracy (right) of DeepLabv3+ model. 

The graphs indicate that, as the epochs increase, the loss decrease and accuracy increase in both models. 

The inference from the study is that both the models perform more or less the same and also have many 

similarities with the manual annotation. Figure 12 clearly depicts how the mask or segmented region 

originated from our proposed model related to the actual mask. Most of the testing images show good 

alikeness with the original images. 
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Figure 12. Segmentation results with training set: (a) original image, (b)manually annotated ground truth, (c) result 
from the U-Net++, (d) result from the DeepLabv3+ model. 
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4 Discussion 

Osteosarcoma is a high-grade malignant bone tumour for which NAC is a vital component of the 

treatment plan. NAC is given as the first step before surgery to shrink tumour volume and thereby tumour 

burden. Chemotherapy brings about tumour necrosis and the percentage of necrosis is an important factor 

in deciding on further treatment. The quantification of necrosis is done manually by visualizing tissue 

sections through the microscope, “eye-balling” the percentage of necrosis per slide, and calculating the 

total percentage. This is a crude method that can cause significant inter-observer bias. The proposed 

system is an AI-powered clinical decision-making tool for cancer patients, specifically with osteosarcoma. 

The intended end-users of this tool are pathologists, who are now manually quantifying the volume of 

cancerous tissues deceased due to the chemotherapy applied to the patient's body. The pathologists can 

feed the histopathology images captured from the digital microscope into this tool and the output will be 

a segmented image and the total area of the segmented part. The evaluation metrics that we used in this 

work are dice loss and IoU, which are the standard metrics for segmentation work. IoU is the perfect 

measure to find the overlap between predicted regions and actual regions. A greater value of IoU indicates 

that the extent of overlap between two masks is greater and, thus, there is good accuracy in the 

segmentation process. 

4.1 Limitation of proposed model 

The dataset created is based on limited data. One of the reasons is that, before the study can proceed, the 

pathologist has to annotate the data, and this is a time-consuming manual process that limits the number 

of annotated images that can be made available. This entire model was, therefore, trained and validated 

on patches from images and not the entire images that were captured directly from the microscope. Thus 

if an entire image (high-resolution image) is used during external validation, there is a chance of wrong 

predictions. 

The data collected for this study are mostly noise free and well-stained. Where that is not the case, noisy 

images can lead to wrong predictions. Another limitation of this model is that it segments only necrosis 

whereas the tissue might contain other elements such as fibrosis, oedema, normal tissues, tumours, etc., 

and those are not taken into account. Also, the GPU that we had was not sufficient to run the higher-order 

networks such as UNet++/ResNet101, which would have achieved higher accuracy. 

Lastly, as there is no previous work in this domain, the benchmarking of the dataset is difficult. Further 

research that may follow this study may include more variation in data with separate annotations of 

different tissue elements. 

4.2 Future work on proposed model 

As a future extension of this work, segmentation of other kinds of tissues such as fibrosis, oedema, tumour 

or any other tissue component that may be of therapeutic importance can be attempted. After developing 

the full-fledged software, it can be implemented in different hospitals for an automated tissue 

quantification and classification process. The problem of segmenting high-resolution images can be solved 

as follows. The input image can be split into patches, the segmentation can be applied to each patch and 

finally, all these patches can be merged into a single original image. The same process of merging should 

be applied to the segmented image in the same order as the original image. 

5 Conclusion 

Currently, recognition of tissue necrosis and its estimation is done manually. This is a very error-prone 

and time-consuming process. In this study, we presented a semantic segmentation and quantification tool 

based on a convolutional neural network. It focuses on dead tissues resulting from neoadjuvant 
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chemotherapy. The entire clinical decision-making is based on this measurement. Even though image 

segmentation is a very common task in the deep learning field, segmentation of necrotic tissues from a 

histopathology image is a novel domain in it. Thus, data are very scarce in this domain. In this work, 

therefore, we created a dataset of 555 images and two models were trained on it: UNet++/ResNet101 and 

DeepLabv3+/ResNet101, UNet++ showed slightly better performance than the other. However, the 

DeepLab networks require less computation power compared to U-Net versions. The U-Net++ model 

showed 91.78% accuracy and a dice loss of 0.0440, whereas DeepLabv3+ achieved 91.09% accuracy and 

0.9109 loss. Both models segmented the images in an almost similar way. The main challenge in 

segmenting the necrosis is the colour variation in staining. Thus, we collected specimens whose staining 

proportion varies greatlyand trained the model with such images. 
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