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Abstraction: Water is most important 

aspects for every living things on earth and 

precious for human life. The leakage can cause 

saviour problem, the most of the water leakage is 

due to the defection in the pipeline system and 

damages pipeline system can cause numerous 

amount of water to waste. Damage to a sewage 

system can result in a variety of problems, 

including human health issue loss of fresh water 

and mixing of wastage water into drinking water. 

Also, cause threat to the animals in the water 

regions marine animals. The leakage releases bad 

odours into the atmosphere. And this leads to the 

problem for human health and causes bacteria 

and viruses to grow numerously and leads to 

cholera typhoid and many disease, so for this 

problem early detection water leakage and 

pipeline damage is very useful.     

At currently the closed circuit TV (CCTV) is using 

for inspecting the pipeline and sewer system in 

underground. If cracks are find out during this 

inspection then defect is detected by the closed 

circuit camera the inspector who took the 

inspection would stop and clearly check and check 

to verify the potential defects. After that the type 

of defect and location of the defect are identified. 

But this process is very time consuming and 

require more man power to carry out the process, 

and also it require more cost so we can use some 

deep learning algorithms technic to overcome this 

problem of detecting the water leakage and 

sewage damage.  

This type of automatic detection of damage in the 

pipeline and water leakage will definitely 

 helpful and useful if we use periodically it also 

helpful by reducing the cost and man power 

required for manual process. 

1 Introduction: 

Water leakage is one of the most saviour 

damage that are facing, this leakage occur due 

to many reason that are mainly the damage of 

sewage system. And critical for urban people to 

asset management due to its significant impact 

on both municipalities and other worker who 

are the users in case of system failure. It is not 

very easy to provide rehabilitation plan to 

manage and maintain these system with 

minimum budget. 

The existing method is very time consuming 

and cost effective because the structural 

damage of sewage may be occur due to the 

various factors  and leads to the leakage of 

water that can be avoided by using new 

technology to identify the damage and provide 

solution before it gets problem. Various 

methods have been applied in sewer pipe 

inspection. A most recent survey that in were 

conducted a thorough research of these 

methodology and categorized them into 

graphically visual methods, electromagnetic 

technique methods and acoustic methods, and 

also ultrasound methods. Among them, closed 

circuit TV (CCTV) important method to be 

used widely, in way of inspection. The results 

provided by the automatic detection method are 

also more accurate than the manual process of 

inspections. 
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1.1 Leak Detection Classes: 

Through the observation of the literature 

and the applied works in leak detection, two main 

classes of leak detection systems can be defined 

below. The categories are static (or stationary) 

leak detection and dynamic (or mobile) leak 

detection. Although each class on its own its own 

is capable of identifying, locating, and 

Pinpointing leaks, it is not uncommon to using the 

combo of both classes (Atef et al. 2016; Billmann 

and Isermann 1987; Romano 

 et al. 2017). We can defined the two kind of the 

water leakage can identified in the below:  

 Static leak detection systems: are systems 

mainly sensor data that are placed within the water 

network and on valves and are capable of 

transmitting periodical data to the network 

management office. This data can be used to 

identify, localize, and pinpoint leaks.  

 Dynamic leak detection systems: are systems 

that depends on dynamically moving detection to 

inspect the damage area to perform an 

investigation. Therefore, they rely primarily on 

suspicion of an existing leak. Other operation 

were done around cities to identify leaks as soon 

as possible. Those systems can confirm the 

existence of leaks and immediately localize and 

pinpoint them. 

 

1.2 Leak Monitoring Models: 

Researchers always have a keen eye on the 

problem of water leakage and water loss in water 

distribution networks, for minimizing the 

corresponding losses. Thus, multiple models were 

developed, starting with mathematical models and 

going through pressure transducers and infrared 

technic to find the custom made devices for 

detecting water leaks. Geiger (2006) classified 

leak detection systems into two main categories: 

(1) Externally based systems and 

(2) Internally based systems. 

Externally based systems rely on sensors that read 

the information provided by the pipeline and then 

process the information to detect leaks 

 and identify leak locations, whereas internally 

based systems rely on measurements of flow 

and network data to detect the leaks. Externally 

based systems include acoustic detectors, 

vibration sensors, fiber optic sensing cables, 

vapour or liquid sensing tubes and liquid 

sensing cables. Internally based systems 

include a wide range of mathematical models, 

such as line balance and volume balance as well 

as transient models Statistical analysis models 

and pressure and flow monitoring. 

 

2 Literature Review: 

In [3] they use of CCTV for pipeline inspection 

that around back to as early as the 1980s. After 

that, Sewer robots were developed during the 

1990s to enable the record of the inspection data 

images and improve in every corner to 

reproduce the quality. At the same time, 

researchers started to investigate automated 

defects detection and classification methods. 

Such methods can be categorized into image 

processing methods which depend on the 

researchers to develop algorithms for extracting 

specific patterns and machine learning methods 

that rely on supervised learning algorithms to 

learn the patterns from labelled data. 

 

In [7] this work we evaluated very deep 

convolutional networks (up to 19 weight layers) 

for large-scale image classification. It was 

demonstrated that the representation depth is 

beneficial for the classification accuracy, and 

that state-of-the-art performance on the 

ImageNet challenge dataset can be achieved 

using a conventional ConvNet architecture 

(LeCun et al., 1989; Krizhevsky et al., 2012) 

with substantially increased depth. In the 

appendix, we also show that our models 

generalise well to a wide range of tasks and 

datasets, matching or outperforming more 

complex recognition pipelines built around less 

deep image representations. Our results yet 

again  

confirm the importance of depth in visual 

representations. 

 

In [2] image or object identification and 

classification attract the wide range of scholar 

from academic and industry because it will evolve 

by feeding by data. As such, several different 

methods have been proposed in the literature to 

detect these leaks categories, namely HIL-based 
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(region based on the images data) methods, SIL-

based(region based on the images data) methods, 

and hybrid methods. HIL-based methods mainly 

focus on the analysis of the data collected by 

special sensing devices to detect leaks in pipes. In 

contrast, SIL-based methods focus on the use of 

various software and simulation programs to 

simulate leakages and develop integrated leakage 

detection models 

 

In [9] Lai et al. researched the model by 

developing the deep learning concepts  the use of 

GPR method as a tool to detect water leaks in 

buried pipelines. Accordingly, the authors studied 

the perturbation patterns of  

GPR signals (between 1.6-2 GHz) in different 

metallic and PVC pipelines. The patterns were 

then compared to theno-leak condition based on 

dielectric contrast, recreation coefficient, and the 

corresponding absorption mechanisms to detect 

the location and size of water leaks 

 

In [6] a new phase of leak detection is proposed, 

and that is the identification phase. As described 

in Table II-1, the identification phase works 

towards determining if the signs detect and the 

signals derived indicate a leak in the network of 

pipelines or not and how to  

Differentiate between leaks and other factors 

affecting the network. Subsequently, the leak 

detection phases can now be summed up as ILLP, 

identify-localize-locate-pinpoint. It is highly 

possible to merge locating and pinpointing due to 

the 10-centimeter difference between the two 

phases. This approach helps in creating three 

distinct and unambiguous 

 phases. Thus, another approach would be the 

ILP approach, identification-localization-

pinpointing. Where the first step identifies the 

feature that can be defined during the feature 

extractions and this property can provide the 

exact location of damage and leakage of the 

water network system. 

 

2.1 Problem Statement: 

Leakage detection is usually carried out 

using electro-acoustic techniques employed on 

the pipe. In this technique, the identification of 

the sound of water escaping in a pipe is 

investigated and analysed by the inspection 

staff employing specific listening devices. The 

existing methods used for leakage detection are 

very time consuming and high-cost. Closed 

circuit Tv images were able gives the enough 

information for detecting the defined feature 

mainly sewage damage and water leakage 

feature so we can easily apply the deep learning 

method, and intruding of other artificial objects. 

So Using Region based convolution neural 

network model suits these kind of image to 

predict better outcomes and provide good 

result. 

 

2.2 Objectives: 

 Design a two-level hierarchical CNNs system 

to solve the limited and imbalanced data 

problem.  

 Develop a fully automatic classification method 

based on deep learning techniques, which 

results detection of water leakage and sewer 

damage using surveillance camera’s footage  

 Generating alert text message to the 

corresponding person if it is detected.  

 

2.3 Existing system: 

2.3.1 Artificial Neural Networks (ANN): The 

biological term “neural network” refers to an 

interconnected grouping of simple processing 

units, i.e. neurons that are coupled via axons 

and dendrites. The term “artificial” refers to an 

algorithm that  

simulates a network of simple processing units 

and has an architecture similar to that of the 

naturally occurring neural networks. In an 

artificial neural network, synapses are processing 

units that carry a pure, usually binary, value, 

referred to as a weight. Each synapse operates via 

a threshold logic unit that reacts based on the 

incoming input values provided by the input 

dendrite or link. If the input is sufficient enough 

to tilt the threshold, then the processing unit will 

output a high value, which is usually one; 

otherwise, the output would be zero. From a 

machine learning perspective, artificial neural 

network is a supervised learning technique. 

Artificial neural networks are widely applied in 

the leak detection field due to the algorithm’s 

capability to identify existing patterns that are not 

readily recognizable. Furthermore, artificial 

neural networks are capable of unearthing 
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relationships between factors and presenting 

accurate solutions 

 

2.3.2 Support Vector Machines (SVM): The 

Support Vectors Machine (SVM) algorithm is a 

supervised learning classification algorithm first 

proposed by Cortes and Vapnik (1995). The 

algorithm was developed to serve as an intelligent 

classification technique. The important ability of 

these SVM is used to create thresholds that can aid 

in prediction classification and also used for 

decision making, and solutions for binary 

classification problems. 

The SVM algorithm can be classified as two main 

category main categories: Linear SVM for linearly 

separable problems and (2) non-linear SVM for 

problems that are not linearly separable and require 

much more complex solutions (Fletcher 2009 The 

authors have used pressure data and flow rate data to 

detect and pinpoint leaks using the SVM algorithm as 

a classifier and as a regressor. The data was collected 

through multiple experiments, via a hydraulic 

modelling system that is dubbed “EPANET.” The 

developed regression model via SVM. The model 

relies heavily on the quality of the 

 provided data and the sensitivity of the used 

sensors.  

 

2.4 Limitations of Current Technologies: 

From the cademic research perspective we can limit 

the model to detect the damage in the sewage and 

leakage in the damage. Geiger (2006) identified four 

main aspects to evaluate the performance of leak 

detection systems. The four main aspects are, 

 (1) Reliability, reliability id mainly used for the 

detection of leakage of sewer based on the 

accuracy of the stable data, 

 (2) Sensitivity, it identifies the capability of the 

system that used for defining the leakage and 

damage in the sizably manner is I big leak or 

damage, or is it small. 

(3) Accuracy, the accuracy is just another word 

that can provide extra information about the 

leakage and damage, 

(4) Robustness, robustness is nothing but the 

system that can provide the output with 

constantly changing dataset and even the 

network change will not affect the outcome of 

the model.  

2.5 Proposed system:  

Image classification and object identifications 

method can be used to identified the leakage 

and damage in the sewer system that can be 

done in the deep learning concepts. 

. 

 
. The process of region based Convolution 

neural network is mainly done in two steps 

namely feature extractions which has the 

convolution process, activation and pooling and 

then image classification. The data input were 

used in this model is closed circuit tv 

 images, in ResNet18 there are more number of 

layers were be used each layer will carry the 

different feature of extraction and  

defining used in which classifies the image by 

applying different filters repeatedly which results 

in an activation and passes the result to the next 

layers. Pooling is done on the resultant filtered 

images which combines the output by forming 

clusters of neurons in one layer into a single 

neuron in the next layer. This is the extraction of 

features from an image. Each layer will carry each 

feature that were extracted feature and connected 

to the active layer and. Finally, the output is 

predicted the damage is identified or leakage is 

identified by defining some region of interest and 

predict the output. 

 2.5.1 Resnet18: ResNet 18 is a region based 

RCNN model for convolutional neural network 

architecture which contains 50 layers. Among 18 

layers there are 16 convolution layers, one 

average pool layer and one max pool layer. The 

Resnet 18 network is so large the input image  

Was alwys used for pre-processing with multiple 

active layer and passive layer for predictions. 

ReLu is used in between the two or three 

of the active layer and passive layer for continusly 

check the region of interst in which 13 layers are 

convolutional layers and 3 layers are fully 

connected layers. The input image is sent to a 

convolution layer in which filters are applied to 

images. Next Image sent for ReLu activation 

function which is used to give output to the input 

image as it is positive if it has crack or zero if it 

has no crack. It allows models to 

 train the model in a faster way and perform in 

a better way. In the max pooling layer 
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maximum value in each patch is calculated 

from each image.  

The previous stage image is sent to the 

layer which is active in which input from one 

layer is connected to output for more 

identifying the region of interest of previous 

convolution layers. The output of the image 

from last layer is used to find the prediction the 

Model produce negative then it shows no 

damage otherwise it identifies the damage.such 

that positive represents crack detected and 

negative means no crack detected. When the 

image fed as an input to the model (a) first input  

is pre-processed using various layer of colour 

mixture and threshold of the images (b). The 

that pre-processed image is used to define the 

feature that leakage of water  & damage of the 

sewage (c) that defined feature could be 

mapped and stored in the file (d). That’s called 

as feature extracted (e). 

The ResNet18 model consist of 18 layer of 

processing that can be explained in 

 the figure (2). Based on the feature extracted 

and defined the model will train and tested to 

produce the expected output this process will 

continue until the feature will identified (g), the 

region loss will be explained in the accuracy 

and validity loss calculations. 

 

Fig-1 Flow chart of the 

proposedalgorithms 

Algorithms  

Input: Image of sewage and water leakage to identify 

Output: identify and classify in the image if it detect the leakage or damage.  

1. First define the feature for detect and classification using image identifications method.  

2. Feature will be mapped based on the data that created when image is under pre-processing.  

3. Pre-processed image will be go for the conversion of image in to matrix based on the region 

of interest. 

4. Fed that collected values into the ResNet model that will predict and identify the feature 

defined in the step 2, if it is not able to identify then move to the loss calculations.  

5. The trained model after identifying feature then reverse the step 3 to get original image with 

the feature identified region.  

6. Validity loss is the where the feature that are defined in the step 2 will be recognized and 

return until it identified or exit the model without any identifications 
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Fig-2 Working model of proposed Algorithm

4 Experimental Result:The experimental result 

consist each of the layers output and the image that 

converted in to threshold image and idenitify the 

feature and the final out comes of the model that 

will show in the table.

 

 

Fig-3 Experimental outcome of the model 
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The 

Fig-3 shows the different layer of processing 

the input and based on that layer it predict the 

output, consider the first layer of data (a) and 

(c) both input does not contain any leakage or 

damage of sewage so the model just return the 

same image as an output but in the data (b) there 

is leakage that can be identified and produce 

box structure of the region that leakage and 

damage will be identified. 

 

Accuracy and Validation Loss: 

The accuracy of the model is mainly dependent 

on the number of input that will be used in the 

training times, if the number of images were 

used in thousands then the accuracy will be 

more for any given of the input. But in this 

model we will use the accuracy diagram for 20 

batches of input model in the beginning the 

number of datasets are less and it shows the 

lower accuracy, in this Fig-4 we can see that the 

accuracy will be ranging from 0 to 1 during the 

training phase it constantly maintaining the 

accuracy more than 0.95 after sometimes it 

nearly reach 1 to wait for the validations. 

Validations accuracy is mainly focused on the 

data that we are trained during the training 

phase, but when we are using newer data that 

gradually slow down the accuracy after using 

the trained data it shows the originally accuracy 

rating of more than 0.95. 

           Fig-5 Loss validations curve 

 

 

 

Loss Curve Shows that the defined feature 

are not available in the given input image 

then it take this has a loss factor in the region 

of interest of the model, in this case during 

the  train period everything seems to be loss 

because the lack of feature available. 

Fig-4 Train Accuracy and validation Accuracy 

 

 

Conclusion: The conclusion of this proposed 

system shows the good accuracy of the 

model based on the data that are used during 

the training time, ResNet 18 is best model for 

developing image processing which contains 

50 layers. In those 50 layer 18 layer used for 

active pooling and remaining were used for 

region loss, one average pool layer and one 

max pool layer. The Resnet 18 region based 

convolution network is so huge and large the 

input data like image is sent to a convolution 

layer in which filters like colour mixing 

thresholding are applied to images to predict 

the outcome as a Sewage damage or water 

leakage, these were defined in the feature 

extraction training period. Out of 225 of 20 

batch of data were processed and it find the 

36 out of 140 images and classified as a 

damage or not and leakage or not feature. 

If the data images were used in the training 

period will use it predict 0.96 of accuracy and 

0.21 loss of region will be shown. 

The model will grow if we can use the large set 

of data and can be used for the video 

surveillance to detect real time object 

identifications and predict the defined feature. 

in the model, once the model will trained using 

wide verity of data then the model will follow 

in the expected manner, after training the model 

during validations using the same data that are 

used in the training will provide the good rate 

of loss region and identify the feature as shown 

in the results.  
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