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Abstract: A communication load balanced dynamic topology management algorithm (CLB-AODV) is proposed to extend the wireless 
sensor network (WSN) lifetime via managing the participation in communication process among all nodes in the network. The idea is that, 
each time there is a failure in the network topology; the topology is adjusted only on-demand by choosing the best path according to paths 
weights between source and destination nodes. The path weight reflects the nodes participation in communication process through the 
lifetime of the nodes. Our algorithm is based on the routing protocol AODV instead of using a separate protocol for dynamic topology 
control in order to reduce the routing load among nodes. Simulation results show that CLB-AODV can prolong the lifetime of the network, 
increase the number of alive nodes and reduce the average routing load when compared with some of the most powerful recent algorithms 
the integration of Wireless Sensor Networks (WSN), new generation networks or 5G, TCP / IP (IPv6) protocols with the Internet of Things 
(IoT) that aims to exchange information, applying security, QoS (Quality of Service) and configuration, these three aspects are the problems 
in the construction of a network in which confidentiality, integrity, availability, authentication, reconfiguration of topology, improvement, 
high quality of service, addressing, infrastructure, Network and node construction, for M2M (Machine to Machine) communication or end 
to end. Because 5G cellular networks, in particular, are attractive technologies to provide Internet connectivity to equipment (UE). 
Moreover, an additional routing information collecting method is developed to further improve the routing performance. The proposed 
algorithm is evaluated based on simulation results. It is shown that our routing method outperforms the existing ones by higher picketer 
deliver ratio, shorter path length, lower latency, fewer packets sent per ZigBee node and lower routing overhead. 
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1. INTRODUCTION  

A Wireless sensor network can be defined as a network of devices that can communicate the information gathered 
from a monitored field through wireless links. The data is forwarded through multiple nodes, and with a gateway, the data is 
connected to other networks like wireless Ethernet. Terrestrial WSNs are capable of communicating base stations efficiently, and 
consist of hundreds to thousands of wireless sensor nodes deployed either in unstructured (ad hoc) or structured (Preplanned) manner. 
In an unstructured mode, the sensor nodes are randomly distributed within the target area that is dropped from a fixed plane. The 
preplanned or structured mode considers optimal placement, grid placement, and 2D, 3D placement models. 
 
2. RELATED WORK 
 
Deep learning based liver cancer detection using watershed transform and Gaussian mixture model techniques. 
 

Watershed Gaussian based deep learning (WGDL) technique for effective delineate the cancer lesion in computed 
tomography (CT) images of the liver. A total of 225 images were used in this work to develop the proposed model. Initially, the liver 
was separated using marker controlled watershed segmentation process and finally the cancer affected lesion was segmented using the 
Gaussian mixture model (GMM) algorithm. After tumor segmentation, various texture features were extracted from the segmented 
region. These segmented features were fed to deep neural network (DNN) classifier for automated classification of three types of liver 
cancer i.e. hemangioma (HEM), hepatocellular carcinoma (HCC) and metastatic carcinoma (MET). They have achieved a 
classification accuracy of 99.38%, Jaccard index of 98.18%, at 200 epochs using DNN classifier with a negligible validation loss of 
0.062 during the classification process. 
 
Deep learning–based multi-omics integration robustly predicts survival in liver cancer. 
 

Identifying robust survival subgroups of hepatocellular carcinoma (HCC) will significantly improve patient care. Currently, 
endeavor of integrating multi-omics data to explicitly predict HCC survival from multiple patient cohorts is lacking. To fill this gap, we 
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present a deep learning (DL)–based model on HCC that robustly differentiates survival subpopulations of patients in six cohorts. This DL-
based model provides two optimal subgroups of patients with significant survival differences (P ¼ 7.13e6) and good model fitness 
[concordance index (C-index) ¼ 0.68]. More aggressive subtype is associated with frequent TP53 inactivation mutations, higher expression 
of stemless markers (KRT19 and EPCAM) and tumor marker BIRC5, and activated Wnt and Akt signaling pathways. 
 
 
3D Liver Tumor Segmentation in CT Images Using Improved Fuzzy C-Means and Graph Cuts 
 

Three-dimensional (3D) liver tumor segmentation from Computed Tomography (CT) images is a prerequisite for computer-
aided diagnosis, treatment planning, and monitoring of liver cancer. Despite many years of research, 3D liver tumor segmentation 
remains a challenging task. In this paper, an efficient semiautomatic method was proposed for liver tumor segmentation in CT 
volumes based on improved fuzzy C-means (FCM) and graph cuts. With a single seed point, the tumor volume of interest (VOI) was 
extracted using confidence connected region growing algorithm to reduce computational cost. 512 × 512 pixels in all cases. 
 
Computer-Aided Diagnosis of Liver Tumors on Computed Tomography Images 
 

Liver cancer is the tenth most common cancer in the USA, and its incidence has been increasing for several decades. Early 
detection, diagnosis, and treatment of the disease are very important. Computed tomography (CT) is one of the most common and 
robust imaging techniques for the detection of liver cancer. CT scanners can provide multiple-phase sequential scans of the whole 
liver. In this study, we proposed a computer-aided diagnosis (CAD) system to diagnose liver cancer using the features of tumors 
obtained from multiphase CT images. 
 
3. DATA PREPROCESSING 
 

Simple preprocessing on CT images was performed. Firstly, Gaussian smoothing filter was used to reduce noise. Secondly, 
images were normalized with mean of zero and unit variance to put the data in the same scale. Thirdly, the preprocessed images were 
down-sampled by a factor of 2 to train the models. Testing was performed on the same preprocessing operations and down -sampling 
process. 
 
4. GAUSSIAN SMOOTHING FILTER 
 

A Gaussian filter is a filter whose impulse response is a Gaussian function (or an approximation to it). Gaussian filters have the 
properties of having no overshoot to a step function input while minimizing the rise and fall time. This behavior is closely connected to the 
fact that the Gaussian filter has the minimum possible group delay. It is considered the ideal time domain filter, just as the sinc is the ideal 
frequency domain filter. These properties are important in areas such as oscilloscopes and digital telecommunication systems. 
 

Gaussian smoothing is the result of blurring an image by a Gaussian function(named after mathematician and scientist Carl 
Friedrich Gauss). It is a widely used effect in graphics software, typically to reduce image noise and reduce detail. The visual effect of 
this blurring technique is a smooth blur resembling that of viewing the image through a translucent screen, distinctly different from 
the bokeh effect produced by an out-of-focus lens or the shadow of an object under usual illumination. Gaussian smoothing is also 
used as a pre-processing stage in computer vision algorithms in order to enhance image structures at different scales—see scale space 
representation and scale space implementation. 
 

Mathematically, applying a Gaussian blur to an image is the same as convolving the image with a Gaussian function. This is 
also known as a two-dimensional Weierstrass transform. By contrast, convolving by a circle (i.e., a circular box blur) would more 
accurately reproduce the broken effect. Since the Fourier transform of a Gaussian is another Gaussian, applying a Gaussian blur has 
the effect of reducing the image's high-frequency components; a Gaussian blur is thus a low pass filter. 
 

The Gaussian blur is a type of image-blurring filter that uses a Gaussian function (which also expresses the normal distribution in 
statistics) for calculating the transformation to apply to each pixel in the image. The equation of a Gaussian function in one dimension 
is 

   −   
  (  ) = √   

in two dimensions, it is the product of two such Gaussians, one in each dimension: 
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where x is the distance from the origin in the horizontal axis, y is the distance from the origin in the vertical axis, and σ is the 
standard deviation of the Gaussian distribution. When applied in two dimensions, this formula produces a surface whose contours are 
concentric circles with a Gaussian distribution from the center point. Values from this distribution are used to build a convolution 
matrix which is applied to the original image. This convolution process is illustrated visually in the figure on the right. Each pixel's 
new value is set to a weighted average of that pixel's neighborhood. The original pixel's value receives the heaviest weight (having the 
highest Gaussian value) and neighboring pixels receive smaller weights as their distance to the original pixel increases. This results in 
a blur that preserves boundaries and edges better than other, more uniform blurring filters; see also scale space implementation. 
 

In theory, the Gaussian function at every point on the image will be non-zero, meaning that the entire image would need to 
be included in the calculations for each pixel. In practice, when computing a discrete approximation of the Gaussian function, pixels 
at a distance of more than 3σ have a small enough influence to be considered effectively zero. Thus contributions from pixels outside 
that range can be ignored. 
 
5. NORMALIZATION 
 

In image processing, normalization is a process that changes the range of pixel intensity values. Applications include 
photographs with poor contrast due to glare, for example. Normalization is sometimes called contrast stretching or histogram 
stretching. In more general fields of data processing, such as digital signal processing, it is referred to as dynamic range expansion. 
The purpose of dynamic range expansion in the various applications is usually to bring the image, or other type of signal, into a range 
that is more familiar or normal to the senses, hence the term normalization. Often, the motivation is to achieve consistency in dynamic 
range for a set of data, signals, or images to avoid mental distraction or fatigue. For example, a newspaper will strive to make all of 
the images in an issue share a similar range of grayscale. 
 
Normalization transforms an n-dimensional grayscale image 

  : {   ⊆ ℝ } → {       … , . , .       } 
 
with intensity values in the range (Min,Max), into a new image 

  : {   ⊆ ℝ } → {             … , . , .             } 
 
with intensity values in the range (newMin, newMax). 
 
The linear normalization of a grayscale digital image is performed according to the formula 

            −             
= (   −       ) +newMin  

 
For example, if the intensity range of the image is 50 to 180 and the desired range is 0 to 255 the process entails subtracting 50 from 
each of pixel intensity, making the range 0 to 130. Then each pixel intensity is multiplied by 255/130, making the range 0 to 255. 

 
Normalization might also be nonlinear, this happens when there isn't a linear relationship between and . An example of non-linear 

normalization is when the normalization follows a sigmoid function, in that case, the normalized image is computed according to the 
formula 

1 
=(newMax- newMin)   −   +newMin.  

1+   
 

Where defines the width of the input intensity range, and defines the intensity around which the range is centered. Auto-
normalization in image processing software typically normalizes to the full dynamic range of the number system specified in the 
image file format. 
 
6. PATCH EXTRACTION 
 

We trained CNNs using image patches centered at each pixel. These patches were divided into tumor and nor-mal liver tissue. A 
given patch is labeled as positive sample if it contains at least 50% or more of liver tumor pixels, otherwise it is labeled as negative sample. 
In consideration of the training time and the balance of training samples, we randomly sampled the same number of negative samples as 
much as the positive samples. A patch is small (generally rectangular) piece of an image. For example, an 8x8 patch is a square patch 
containing 64 pixels of a larger image (of size say, 256x256 pixels). Due to the smaller size, some of the image processing 
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algorithms such as demising/super resolution etc. are easier to operate on patches rather than operating on the entire image itself. 
These algorithms split an image into several smaller sized patches (of size say, 8x8), operate individually on each of these patches, 
and finally tile all these patches at their respective locations.  
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. The flowchart of training and testing process for liver tumor segmentation. 
 
7. CNN BASED TUMOUR DETECTION 
 

The CNNs model combines local receptive fields, shared weights, sub- sampling to ensure some degree of shift, scale and 
distortion invariance. This model can learn lots of feature maps by convolving input image with a linear filter, adding a bias term and 
applying a non-linear function. Specially, in order to reduce features’ dimension and avoid overfitting, max-pooling layer is 
introduced. The whole net optimizes parameters by minimizing cost function using stochastic gradient descent (SGD). In this study, 
we designed five CNNs of different patch size to segment liver tumors. A detailed illustration of CNNs with input patch size of 17 × 
17 and seven layers is shown in bellow Figure, which included three convolutional layers, two max- pooling layers, a fully-connected 
layer and a softmax classifier. The max-pooling operation was adopted after the convolutional layers. 
 

The first convolutional layer C1 is composed of 32 feature maps which are connected to all of image patched of 17 × 17 
through filters of size 5 × 5 and stride of one pixel. The size of the feature maps generated in this layer was 13 × 13. The second layer 
S2 is max-pooling with kernel size of 2 × 2 and stride of 2. Receptive fields were not overlapping. Layer C3 took the output of S2 as 
input with size 6 × 6. We again used the same convolutional operation to obtain 64 feature maps with the size of 4 × 4. Then we did 
the same operation like S2, in Layer S4 we got the feature maps with size 2 × 2. The last convolutional layer C5 consisted of 128 
feature maps of size 1 × 1. The sixth fully-connected layer F6 was applied in the top of CNNs in order to discover the relationships 
between high-level features obtained from previous layers, where there were 64 neurons in this layer. The final layer contained two 
units fully connected with the layer F6, 
 

one neuron activated by softmax regression produced a value between 0 and 1 which can be interpreted as the probability of 
the pixel centered at the patch being tumor or not. 
 
8. CT DATASETS AND PERFORMANCE MEASURES 
 

The data used in this study were retrieved from Zhejiang Hospital affiliated with Southern Medical University. Twenty-six 
portal phase enhanced CT images were used. The images had in-plane resolution of 0.69 mm to 0.95 mm and had different spacing 
ranging from 0.4 mm to 2.5 mm. 
 

For each test image, all pixels were classified as tumor or non-tumor with a class label of 1 or 0, respectively. In order to 
evaluate the performance, we compared the experimental results with ground truth in terms of Dice Similarity Coefficient (DSC), 
precision, and recall defined as follows: 
 
DSC (A, B) = (2 × |A∩B|)/(|A| + |B|) × 100%, Precision = TP/(TP + FP) × 100%, Recall = TP/(TP + FN) × 100% 
 
where A is the segmentation result, B is the ground truth. TP, FN, FP denotes truth positive, false negative, and false positive, 
respectively. 
 
9. EXPERIMENTS AND RESULTS 
 

In the experiments, we designed CNNs architectures with different input patch sizes to study their impact on the accuracy of 
liver tumor segmentation. The performance is evaluated using leave-one-out cross validation. Fig- ure2 shows the comparisons of 
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average DSC, precision, and recall values using the different CNNs. It could be seen that the patch size 15× 15 as the CNNs inputs 
outperformed the others with respect to DSC, and precision. 
 

We trained our best architecture of CNNs described in Section 2.3 to segment liver tumor. The model was trained using 10 
epochs. The cost function was the negative log likelihood functions and learning rate was set as 0.01. The training sets consisted of 
one million 15× 15sized patches. In total, the number of trainable parameters for this architecture is 60,610. We applied our best 
CNNs on test datasets and displayed the segmentation result as a binary image and a probability map. AdaBoost, RF, and SVM 
approaches were built to evaluate the performance of our best CNNs. These automatic segmentation methods were implemented in 
the scikit-learn Python toolkit We extracted a 55-dimentional feature vectors associated with voxel value, mean, variance, and context 
features to train segmentation.  
 
 
 
 
 
 
 
 
 
 

Figure 2. The architecture of CNNs for liver tumor 
 

classifiers. The context features were obtained from the random offset vector in pixels’ neighborhood. The AdBoost model 
was trained using 50 weak learners to produce final prediction. A RF is an ensemble model based on randomized trees. In this paper, 
we used RFs containing 10 trees. The SVM model used in our experiments adopted a Gaussian radius basis function (RBF). The 
segmentation result of these methods was refined by morphological opening and closing operations. 
 

The experimental results of the AdaBoost, RF, SVM, and CNNs We observed that CNNs performed better than the former 
three methods in terms of DSC and recall. These results demonstrated that automatically extracted features by CNNs are effective in 
segmenting liver tumors as compared to handcrafted features.  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Experiment results of different architectures of CNNs used in liver tumor segmentation. 
 
 
 
 
 
 
 
 
10. RESULTS 
 

In Liver Tumors Segmentation Existing method 84.34% of Accuracy. Compared to traditional machine learning 
methods, the CNNs method performed better it yields 94.7% of Accuracy and 99.3% sensitivity. 
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Figure 4 Liver Tumors Segmentation 
 
 
11. CONCLUSION 
 

The CNN trained on CT volumes are suitable for automatic localization and combined volumetric segmentation of the liver and its 
lesions. This proposed method competes with state-of-the-art. The proposed method could be generalized to segment multiple organs in 
medical data using CNN. As future work, the application of further cascaded FCNs on lesions ROIs to classify malignancy of the lesions as 
well as advanced techniques such as data augmentation using adversarial networks could enhance the accuracy of the segmentation further. 
To conclude that CNN is promising tools for automatic analysis of liver and its lesions in clinical routine and large-scale clinical trials. The 
experiments demonstrated that the CNNs model produced accurate and robust liver tumor segmentation. 
 
FUTUREENHANCEMENT 
 

The CNNs still has limitation on segmenting tumors with inhomogeneous density and unclear boundary, especially the 
under-segmentation in the tumor adjacent to structures with similar densities. To overcome this, the additional pre-processing 
steps can be added in the tumor segmentation process. The pre-processing steps may include the additional filters to enhance the 
tumour region. 
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