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Abstract 

According to the World Health Organization, tuberculosis is the most infectious disease in 

the world, along with HIV and AIDS. There are some highly accurate methods to 

diagnose the disease, but their cost is too high for developing countries, where this 

disease is more common. The cheapest technique is sputum spear microscopy, but it has 

some sensitivity issues. 

In this project, an Android App was built to automatically detect tuberculosis from 

photographs captured by a smartphone directly adapted to a microscope, so doctors or 

technicians from developing countries can use their own mobile, and the App analyses 

the image and gives a prediction. This prediction is made by including a trained Neural 

Network based on a U-Net model.  
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Resum 

Segons l’Organització Internacional de la Salut, la tuberculosis és una de les malalties 

més infeccioses juntament amb el HIV i el AIDS. Hi ha tècniques molt acurades per al 

seu diagnòstic, però el seu cost és massa alt per als països en desenvolupament, on la 

malaltia és més comuna. La técnica més asequible és l’anàlisi de mostres de saliva per 

microscopi, però és molt succeptible a la sensibilitat de l’ull humà. 

En aquest projecte s’ha desenvolupat una aplicació Android per detectar tuberculosis 

automaticament a partir de fotografies fetes amb un mòbil adaptat directament a un 

microscopi, per a que doctors i tècnics de països en desenvolupament puguin utilitzar el 

seu mòbil i l’aplicació analitza la imatge i dóna una predicció. Aquesta predicció es fa 

incloïnt una xarxa neuronal entrenada, basada en el model de la U-Net.  
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Resumen 

Según la Organización Internacional de la Salud, la tuberculosis es una de las 

enfermedades más infecciosas juntamente con el HIV y el AIDS. Hay técnicas muy 

precisas para el diagnóstico de esta enfermedad, pero su coste es demasiado elevado 

para los países en desarrollo, donde la enfermedad es más frecuente. La técnica más 

asequible es el análisis de muestras de saliva por el microscopio, pero es muy 

susceptible a la sensibilidad del ojo humano. 

En este proyecto se ha desarrollado una aplicación Android para detectar tuberculosis 

automáticamente a partir de fotografías hechas con un móvil adaptado directamente a un 

microscopio, para que doctores y técnicos de países en desarrollo puedan hacer una foto 

de la muestra del microscopio y la aplicación analice la imagen y haga una predicción. 

Esta predicción se hace incluyendo una red neuronal entrenada, basada en el modelo de 

la U-Net.  
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1. Introduction 

Tuberculosis (TB) is an infectious disease usually caused by Mycobacterium Tuberculosis 

bacteria that is spread through the air when people with active TB in their lungs cough, 

spit, speak or sneeze. It mostly affects the lungs and its symptoms are: chronic cough 

with blood-containing sputum, fever, night sweats and weight loss. TB is one of the top 10 

death causes in the world 1.7 over the 10.4 million people who have suffered the disease, 

have died according to the World Health Organization. 

There are many techniques to diagnose Tuberculosis as PPD (Purified Protein Derivative, 

also known as Mantoux Test), some blood immunological tests, chest x-ray and sputum 

spear microscopy. This last one detects the presence of the TB bacteria in the sputum 

and is the cheapest method. Just the detection of one bacillus is enough to think the 

patient may be infected. 

In developing countries, where this disease is more common, it is highly important to find 

the epidemic focus to avoid the spreading as in those countries, the immunological 

defences of the population are not so strong. It is so difficult to do so, as the techniques 

used in the Tuberculosis detection there, are not so trustable. As said, the cheapest 

technique is sputum spear microscopy, but it requires trained technicians to efficiently 

detect the bacillus. 

Considering all these facts, there is a need for the development of an automatic intelligent 

system able to detect Tuberculosis without the need of specialized personal, and without 

the human visual system limitations. Some research in the image processing area has 

been already made, but the main purpose of this thesis is to make the already designed 

Neural Networks more efficient, so they can be integrated in an Android App, and tested 

in simple mobile devices. 

 

1.1. Objectives 

The main objective of the project is to build an Android App, so the user can take a photo 

with the mobile and the image is processed with a Neural Network and a prediction is 

given. 

As this idea comes from the need of developing countries to improve their diagnostic 

techniques, this App should be designed to be used in these countries, so it shouldn’t 

require internet connection. This was a challenging specification, as Neural Networks 

consume lots of resources even when they are tested, so when working in this area, 
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usually a server with GPUs is used. So, this led to a new objective which was to modify 

an already designed NN to make it more efficient, so it could be tested in a simpler device 

as a mobile. In my case, I used as model the NN designed by Toni Isart in his final thesis 

last year [1]. 

Bearing in mind all of this, the initial goals of the project were defined: 

1.- Make the already designed NN for tuberculosis diagnosing more efficient without 

losing much accuracy, find the best trade-off between latency and accuracy. 

2.- Train the NN model with good and bad samples to be sure that the system is robust 

for samples acquired in developing countries. 

3.- Build an app with a user-friendly interface so doctors and technicians are be able to 

use it. 

4.- Be able to test it with new samples. 

Before starting the implementation, some research was needed as Deep Learning was 

almost a new concept for me. When we had to decide in which language we would 

design the Neural Network we saw that we should first start developing the Android App 

as we didn’t know in which format we would have to integrate the NN in it, so the order of 

goals changed. 

 

1.2. Requirements and specifications 

Project requirements: 

In this project an Android App was developed, and a Neural Network was used, so it 

required a basis knowledge on Deep Learning and Android programming language. 

In my case, I didn’t train any Neural Network as I used the one designed by Toni Isart as 

basis, but a database was required to train this network and to do the tests. This 

database was a set of images provided by Centre de Malalties Tropicals de Drassanes, 

Barcelona. Also, this software requires a lot of computer resources, so they are always 

run in a server with GPUs. In my case, I used the Calcula server, from Image Processing 

Group, to work with the Neural Network, and the tests were run in this server and in a 

mobile to make sure a pervasive device could handle this software too. 
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Project specifications: 

Implement an Efficient Neural Network to detect tuberculosis bacilli with a high accuracy 

and a low latency. Find the efficient tradeoff between accuracy and latency. 

Develop an Android App with a user-friendly interface so it doesn’t require technical 

knowledge to use it. 

 

1.3. Work plan 

To design the work plan of this project, a list of all the tasks was made, and organized in 

Work Packages as you can see below. 

 

Figure 1: Work Packages diagram 

Then, a milestones list was needed too, to organize all the deliverables. 

WP# Task# Short title Milestone / deliverable Date (week) 

5 1 Project proposal and 

workplan 

Write a project proposal 

and build a workplan to 

organize the semester. 

10.03.2019 

5 2 Critical review Write the critical review 

document to see how the 

project is going. 

15.04.2019 

Tuberculosis Detection

WP1: State of 
the art

Task 1: NN on 
tuberculosis

Task 2: NN on 
mobile devices

Task 3: Android 
environment

WP2: Build 
Android 
Project

Task 1: Create 
an Android 

Project

Task 2: 
Integrate 
OpenCV 
Module

Task 3: Test on 
a device

WP3: Efficient 
NN design

Task 1: 
Implemented 
U-Net analysis

Task 2: Reduce 
the 

computational 
cost

Task 3: Adapt 
the NN to 

mobile app

WP4: App 
developement

Task 1: NN 
Integration

Task 2: User-
friendly 

interface

WP5: 
Documentation

Task 1: Project 
proposal and 

workplan

Task 2: Critical 
review

Task 3: Final 
review
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5 3 Final review Write the final review 

document to present the 

obtained results and 

explain all the procedure 

followed. 

14.10.2019 

Table 1: Milestones list 

To organize all the tasks in a timeline a Gantt diagram was built. 

 

Figure 2: Gantt diagram part I 

 

Figure 3: Gantt diagram part II 

Of course, this Gantt diagram was modified as there were two main incidences. First, the 

integration of the OpenCV module in the Android app was lot more difficult than expected, 

as there were some huge problems dealing with versions. This module enables to 

process an image using a designed Neural Network after a photo is taken. 

The other main problem was that once the app was built, we discovered that the Neural 

Network had to be developed using Caffe, and Toni’s NN was developed using Keras, so 

we had to translate the network definition and the weights from one language to another. 
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2. State of the art of the technology used or applied in this 

thesis: 

As we have explained, this project has two main parts: the development of an android 

app and the modification of a Neural Network. Following this two-block structure, the 

state of the art is divided in the two parts. 

2.1. Android App development 

As I had never studied the structure of an Android Application before, the first step of the 

study of the state of the art was to do some research about the basic concepts that define 

an Android Application. Once I was more familiar with it, I had to search for methods to 

integrate a Neural Network in an Android Application and I found that the most used one 

is an OpenCV module. 

2.1.1. Android documentation 

To start developing an Android App, the first step is to get familiar with the working 

environment. There are many tools that enable developing apps in Android, in my case I 

chose Android Studio as I was quite familiar with it. 

Apps can be developed in different programming languages as Kotlin, Java and C++. 

This project was developed in Java, as it is the most used programming language during 

the degree, and the one I am more comfortable with.  

An Android App is designed by four essential components: Activities, Services, Broadcast 

Receivers and Content Providers. An activity is an entry point for interacting with the user 

and it represents a single screen with a user interface. A service is something that runs in 

the background and it doesn’t have a user interface. An example of service would be a 

sync process of any application, which can take part while the user is using any other 

application. A broadcast receiver is a component that calls an application while it is not 

running for some purpose as it would be an alarm. Finally, a content provider is 

something that manages the shared data of the device between applications and the 

private data of the application. 

In our case we only implemented activities as in all the steps of the diagnosing procedure 

a user interface is needed. There are no background processes, maybe if the app 

connected to the server and the image processing took place there, it could be a service 

and while these operations are taking part the user could do something else, but by now, 

the prediction process must be fast, so there is no need to implement it as a service 
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running in the background. If the training step of the design of the Neural Network took 

place in the app too, a content provider would be needed to manage the database, but as 

it would take so long, and even more considering we are running on a mobile device, this 

was not an option. 

Later we will introduce the OpenCV module which was used to enable the application to 

understand the Neural Network definition files and use them to process the image. As we 

will explain, this module has some tools to access the camera and take a photo, but due 

to some version problems, we weren’t able to use them. Therefore, we look for another 

procedure to access the camera. Then we found out that we could use the already 

existing camera application from the device, so it wouldn’t matter the device 

specifications as each camera app is designed for its own device. Additionally, to access 

from one application to a component of another we used Intents. An Intent is an 

asynchronous message that informs the system that one app wants to run some process 

from another one or some other component from the same application.  

The last basic concept we had to learn was the use of the manifest file of an Android App. 

It is the first file the system reads, and there are all the app components declared 

(activities), all the permissions the app requires (reading and writing files and access to 

the camera), the minimum API level, the hardware and software features required 

(camera) and the API libraries the app needs. This file is so important as with our 

application there are some requirements and permissions that must be guaranteed. 

2.1.2. OpenCV documentation 

There are many languages to design a Neural Network, but almost all of them are based 

on Python. Therefore, we cannot put the code of the Neural Network directly with the 

application files, as the app is developed in Java. After some research on how to solve 

this problem, we found the best solution was to use an OpenCV module. 

OpenCV is referred to Open Source Computer Vision Library and it includes several 

hundreds of computer vision algorithms. It has a modular structure, so it includes several 

shared or static libraries. The most interesting module for us is the Deep Neural Network 

(Dnn) one, and we also use Core functionalities and Image Processing. 

As said, we cannot include directly the Neural Network description documents in the app, 

so to load the NN and use it with the input images we need some of the Dnn module 

functions. The most important function from this module is Dnn.readNetFromCaffe as it 

enables loading a Neural Network from the model and weights documents. We would 

prefer a function that reads net from Keras, as the NN we will be using is defined in Keras, 
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but after some research we found out it is not recommended to have the NN defined in 

Keras as it is less efficient than Caffe, and when working on mobile devices we want to 

reach the maximum efficiency. 

2.2. Efficient Neural Network 

There is a lot of research done on the field of diagnosing diseases using Deep Learning 

techniques, but we must focus in two NN models: U-Net and MobileNet. U-Net is the 

model that was used by Toni Isart and MobileNet is an efficient NN model designed to be 

tested on mobile devices. Both models base its design on Convolutional Neural Networks. 

2.2.1. Convolutional Neural Networks 

Basic Neural Networks are made of connected perceptrons, the most basic structure of 

Deep Learning, shown in figure 4.  In these basic NNs all the outputs from one layer are 

connected to all perceptrons of the following layers. This is known as fully connected 

layers and the structure is the one in figure 5. 

 

Figure 4: Perceptron structure 

 

Figure 5: Fully connected layer 
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In the case of image processing, each input is a pixel from the image we want to analyse. 

In each perceptron, each input is weighted depending on its relevance for each possible 

class. Finally, a weighted sum is computed, and the result goes through a non-linear 

activation function. 

In Convolutional Neural Networks not all the inputs are connected to all the elements. In 

imaging specially, only the regions of influence are analysed deeply furthermore the 

same weights are used in different areas of the image. Therefore, the performed 

operation is like a convolution hence its name. 

 

Figure 6: CNN architecture 

When designing a NN there are different types of layers we can use, the most common 

ones: 

- Convolutional layers: with different filters with associated weights that can be 

modified. It is a learnable layer. 

- Activation layers: non-linear functions to break the linearity of the network 

- Pooling layers: to reduce the overfitting effect 

 

2.2.2. U-Net 

U-Net is a CNN model that was designed by O. Ronneberger for biomedical applications. 

Its main goal is to be capable of training the Neural Network with a limited labelled data 

base, as in the biomedical field, the principal limitation was the size of the available 

training sets. 

Its architecture, shown in Figure 5, is composed by a contracting path (left side) and an 

expansive path (right side). The contracting path is very similar to the typical 

convolutional network, as it consists in applying two convolutions each followed by a non-

linear activation function (ReLU) and a pooling operation repeatedly. In the expansive 
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path an up-sampling operation is applied followed by two convolutions and a 

concatenation with the result of each step of the contracting path. 

 

Figure 7: U-Net architecture 

With this model, a pixel by pixel classification can be made, so it does not only classify 

the whole image, it also localizes the background and the regions of interest, so the 

output of this model is a segmentation of the input image.  

 

2.2.3. MobileNet 

MobileNet is another CNN model but its main point is to reduce the computational cost of 

testing the Neural Network, so it can be integrated in a mobile app or it can be used in 

real time applications. The principal limitation is the trade-off between accuracy and 

computational cost, as if you reduce the size of the NN to reduce the computational cost, 

the accuracy is affected to and you will probably obtain worse results. 

This implementation is focused on how to compute the convolutions to minimize the 

computation without a huge decrease of accuracy. The architecture of the MobileNet 

uses depthwise separable convolutions, it separates a standard convolution into a 

depthwise convolution and a pointwise convolution, represented in figure 6. 

- Depthwise convolution: it applies a single filter for every single input channel 

- Pointwise convolution: is a simple 1x1 convolution. It is a linear combination of the 

output of the depthwise layer 
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Figure 8: MobileNet depthwise separable convolution 

This separation reduces drastically the computational cost and the size of the network 

without reducing a lot the accuracy as we will demonstrate below, taking the following 

notation (which is the same as in the figure 5): 

- DF: spatial width and height of the input feature map 

- M: number of input channels 

- N: number of output channels 

- DK: spatial dimension of the convolution kernel 

The computational cost of a standard convolution is: DF*DF*M*N*DK*DK 

On the other hand, the computational cost of a depthwise separated convolution is: 

- Depthwise convolution: DF*DF*M*DK*DK 

- Pointwise convolution: M*N*DF*DF 

Convolutional cost of the separated convolution: DF*DF*M*DK*DK + M*N*DF*DF 

 



 

 20 

2.2.4. Pre and Post image processing 

Apart from the Neural Network design, there are some pre and post processing image 

operations that can be done to improve the system performance. 

Before entering the image in the Neural Network, we should consider normalizing it, as 

these medical photos can have huge differences of luminosities and colours, and some 

difficulties in the classification procedure may appear. 

Also, the way we show the final prediction is important too, as we must think about the 

user who will be using our app. As explained, the output of the U-Net is a segmentation, a 

binary classification between background and foreground (bacillus), represented as a 

black and white image in our case. Once we have the segmentation result, we must 

detect the contours and plot them in the original image, so the user will see the photo he 

uploaded with some boxes painted that will indicate how the system detected if the 

patient has the disease or not. 

 

2.2.5. From Keras to Caffe 

As mentioned, there are a lot of programming languages that can be used when building 

a Neural Network. In our case, we had the NN implemented by the previous project with 

Keras, but to integrate a NN in an Android app it is recommended to use Caffe. 

Our application must be designed to be supported in many different devices, so we need 

to build the NN considering that we may not have an available GPU when testing. After 

some research we found that Caffe is the most recommended language when you need 

this flexibility. 

To avoid the training stage and use the already existing weights, we must build a function 

that from the Keras model and the trained weights, a Caffe model and Caffe parameters 

are created, so a transfer learning is done.  
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3. Methodology / project development:  

In this section we will explain all the steps taken to implement the project. As a summary 

we first had to build the Android app, integrating the OpenCV module to enable 

processing an image with Deep Learning techniques, and then modify the available 

Neural Network to make sure it could be integrated in the final App. The final step was to 

integrate everything and test the application. 

3.1. Android App development 

First, we had to build the Android Project and add the mentioned OpenCV module adding 

the required dependencies. To test if the module worked fine we loaded it with a few code 

lines in Main Activity and ran all the project in a mobile device. At that point we found out 

an OpenCV Manager was required to be installed in the device, but it was no longer 

available. After a long research on this problem we found that there is another way to 

load and initialize the OpenCV module in the device without requiring a manager, that is a 

static initialization. So, with some modifications in the previous code, we finally were able 

to use this module in our application. 

Once the initialization problem was solved, we modified some files, so the project loaded 

the Neural Network, took a photo and process the image, all this using some OpenCV 

functionalities. To load the NN, two files had to be stored in the assets folder of the 

project: the NN model (.prototxt) and the trained weights (.caffemodel). We also used 

Dexter to ask the user for camera access permissions. When we tried to run the project, 

we had to face with several problems with the camera. When we finally solved them, so 

the program didn’t crash, the camera view was like we show in figure 7. 

 

Figure 9: OpenCV camera view 



 

 22 

Once we fixed this by using a different camera class from OpenCV, the resulting photo 

had a really poor quality. As each device has its specific software for its camera, the 

camera tools available in the OpenCV module were not compatible at all with the devices 

we were using to do the tests. So finally, we decided to use the standard camera tools 

implemented by Android developers, as these are compatible with all Android devices.  

At this point we decided that the less code we use from OpenCV the better, so we started 

a new project that would only use OpenCV to load the NN and process the image. 

Considering that all mobile devices have a camera app to take photos developed by 

Android, it was so much easy to start the camera activity and take the photo using the 

already implemented app. Using this, we couldn’t have any compatibility problems, and 

the image quality wouldn’t be affected. 

Once the camera was working as expected, we decided to develop two functionalities for 

our application. One would be to take a photo, store it and process it, and the other would 

be to load an image from the device and process it. To enable saving the photo in the 

device or choosing a photo from the device only a few permissions had to be changed. 

The final structure of the app is a main activity where you can 

choose which of the two functionalities do you want to use, as 

shown in figure 8. Once you choose, the result of both 

functionalities is an image which must be processed, so a final 

activity was developed, “ProcessImage.java”, where the image is 

transfered from the previous activity through an URI, the NN is 

loaded, the image processed, and the result of the prediction is 

given to the user. Another thing we had to face is that as we 

weren’t working with OpenCV camera functionalities, the image 

format had to be changed from bitmap to Mat, so it could be 

processed with the NN. 

 

3.2. Efficient Neural Network 

To start creating the files we needed to load the Neural Network on our application, we 

first had to understand the NN we would be use as basis. After some research we were 

able to understand the procedure he was following to diagnose Tuberculosis. 

As explained, we are using the OpenCV module to enable the app to understand a 

Neural Network, and we found that with this module is not recommendable to use Keras 

Figure 10: Android main 
activity 
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Figure 11: Image segmentation 

as programming language of the NN, Caffe is the best one for this specific use. So, what 

was next was to convert the Neural Network model and its weights from Keras to Caffe. 

First, we created a prototxt file with the NN model description in Caffe, following the 

architecture from the one we had in Keras, and setting the same layer name for each 

layer. The only missing thing was to have the trained parameters in Caffe. To do this 

transfer learning, a program was developed in python, that goes layer by layer comparing 

the layer names between the Keras model and the Caffe model and looks for the layer 

type. If the layer is a learnable layer (convolutional or batchnorm), the weights from the 

Keras model are loaded and processed to become Caffe parameters. As we couldn’t run 

this code, as the Caffe installation was not working as expected, we tried to convert the 

Keras model into TensorFlow. 

TensorFlow is a similar language to Keras, so the procedure was a lot easier than doing 

a transfer learning to Caffe. We only had to save the Keras model as TensorFlow .pb file 

by getting its computational graph. We developed a python function to do so, and once 

we got the .pb file, we were able to test it. First, we wanted to test it on the server to be 

sure the performance was the expected and then load it in the Android application. 

The only remaining problem is that as explained in the State of the art section, a pre and 

post image processing must be done to improve the system performance, and we 

implemented this in python, when we were testing the Keras model to see how it worked. 

In these tests we were able to see what the output of the network was, so we could start 

thinking on how the app should manage it, and what we got was a segmentation of the 

original image, as shown in figure 11.  

      

 

 

 

 

In our Android app, the pre and post processing operations must be implemented in Java, 

as the OpenCV module only loads the network and gets a prediction from the input image. 

We haven’t figured out yet how the detection of contours could be implemented there, to 
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show the user the original image with the bacillus surrounded by a marker, instead of the 

actual black and white segmentation. Dealing with the pre-processing, the normalization 

should be done with the images from the database we are using, but since this database 

is not in the app, and new images aren’t loaded in it, there are no images to take for the 

normalization. 

 

3.3. NN integration in the App 

The final step was to integrate the modified Neural Network into the Application that we 

already built. To do so, we had to make some changes in the app as to do the tests, we 

used an already trained MobileNet, but it was trained to detect objects from the ImageNet 

Database. 

The main application scheme, using the trained U-Net for diagnosing tuberculosis, would 

be the following: 

 

Figure 12: App scheme 

The main changes had to be done in the output processing step. Instead of having a 

vector for every detected object with its class and the vertices of its bounding boxes, we 

had the segmentation.  

As explained, when diagnosing a disease, it may be useful for the doctor to provide 

him/her an output picture with some bounding boxes printed, indicating the parts of the 

image where the disease was detected. Usually, to do so, the Neural Network returns a 

segmentation and from this we can compute a contours detection function, but we 

weren’t able to compute it inside the Android app. Even though, the segmentation can be 

plotted so the doctor can have an idea on which are the areas of the image where the 

disease could be detected. 
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4. Results 

4.1. Android application 

4.1.1. User Interface 

During the implementation process the app structure suffered lots of modifications, but at 

the end the app has four different activities described below: 

- Main activity: the user can select which functionality wants to use: take a photo 

with the camera from the device or select an existing photo that is stored in the 

device. 

- Take photo: the camera android app is open, and the user can take a photo and 

press the tick or repeat the photo. 

- Load photo activity: the device files folder is open, and the user can navigate 

through it until he finds the image he wants and selects it. 

- Process image activity: the prediction result is plotted in the screen, so the user 

can see it. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 13: Android app activities 
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As we couldn’t load the trained U-Net for diagnosing tuberculosis, these screenshots are 

from the application we built using a pretrained MobileNet, that detects the objects 

included in the ImageNet database. 

 

4.1.2. Application back-end 

A communication between activities is needed so when the user has the photo it is 

transferred to the Process Image class. To do so, we transfer the image URI through an 

activity intent. Using the URI instead of transferring the image itself allowed us to work 

with higher quality images. 

Another important back-end implementation is the loading of the Neural Network. As 

mentioned, all the deep learning steps are computed using the OpenCV module which 

has many options when loading the network. From OpenCV we used the Dnn class 

(Dense Neural Networks), which can load a NN from the following languages: Caffe, 

Darknet, ONNX, TensorFlow and Torch, but not Keras. As explained in the methodology 

section, we tried to develop a transfer learning from the Keras model to a Caffe model, 

but it didn’t work, and to a TensorFlow model. 

We couldn’t test the application with a Neural Network designed to diagnose TB, but at 

least we know that it works with NNs that are developed in the proper language. 

 

4.2. Neural Network 

As explained in the methodology section, all the Neural Network tests were computed in 

the Calcula server from GPI department. First, a test for the available NN in Keras was 

developed, to understand how it worked. In this test we were able to see that its output 

was an image segmentation. 

After that we started developing code to implement a transfer learning function from 

Keras to Caffe, to test the NN in our Android application. After many tries, we couldn’t run 

it as the server didn’t have the needed modules installed, and a lot of problems went out. 

Finally, we tried to implement a transfer learning from Keras to TensorFlow, as the 

OpenCV module is also able to load Neural networks from a .pb file. The function worked, 

but once we loaded the file into the application, it didn’t work, and a lot of errors appeared. 
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5. Budget 

In this section we analyse the costs of this project, focusing on its development. Basically, 

the costs of the projects are the personnel who developed it and some other direct and 

indirect costs. 

The needed personnel are one junior engineer that would be me, and two project 

coordinators. Considering the degree thesis has a value of 18 ECTS, we will make the 

cost analysis as if the project developer worked 540 hours, and the two coordinators 

worked about 50 hours. 

Personnel   Total  

    Junior Engineer 540hx10€/h   5.400,00 €  

    Project Coordinators 2x50hx20€/h   2.000,00 €  

   

Subtotal    7.400,00 €  
Table 2: Personnel expenses 

Other direct costs we should consider are the laptop used in the development and the 

server with a GPU used when working with the Neural Network. 

Other direct costs   Total  

    Laptop 4 months x 90€/month      360,00 €  

    Server with GPU 2 months x 150€/month      300,00 €  

   

Subtotal       660,00 €  
Table 3: Other direct costs 

Finally, the indirect costs we considered are the office rent where the project would be 

developed and the light and internet expenses. These expenses should be calculated 

taking into account the duration of the project is about 4 months. 

Indirect costs   Total  

    Office rent 4 months x 400€/month   1.600,00 €  

    Light & Internet 4 months x 90€/month      360,00 €  

   

Subtotal    1.960,00 €  
Table 4: Indirect costs 

 

Having all these costs in mind, we can compute the final cost of the project which, as you 

can see in the table below, is 10.020,00 €. 
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Costs Total 

Personnel     7.400,00 €  

Other direct costs        660,00 €  

Indirect costs     1.960,00 €  

  

   10.020,00 €  
Table 5: Total costs 

It is important to know that these expenses only contemplate the developing process of 

the project, but if it was finally distributed, the application must be maintained, and that 

would have an additional cost. Even thought, having in mind the actual procedures used 

in developing countries, this would be a great improvement, so it is not a high cost for that. 
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6. Conclusions and future development:  

Here we are going to explain the final conclusions of the whole project, in addition to the 

specific conclusions showed in the results section. We will present the achieved 

objectives, general conclusions and some future improvements that could be done. 

6.1. Achieved objectives 

First, a reminder of the initial objectives we set: 

1.- Make the already designed NN for tuberculosis diagnosing more efficient without 

losing much accuracy, find the best trade-off between latency and accuracy. 

2.- Train the NN model with good and bad samples to make sure the system is robust for 

samples acquired in developing countries. 

As we finally used the available Neural Network without changing any parameters, the 

first two objectives weren’t project goals anymore. Instead of that, we focused on 

implementing a transfer learning from Keras to different languages to be able to integrate 

the Neural Network in the Android app. 

3.- Build an app with a user-friendly interface so doctors and technicians will be able to 

use it. 

This third objective was perfectly achieved as the application offers the user not one, but 

two different functionalities. It is so easy to use and intuitive. 

4.- Be able to test it with new samples. 

The last objective was not achieved as we couldn’t integrate the Neural Network into the 

application. 

6.2. General conclusions 

After finishing the project, we can take some general conclusions from it: 

- Considering that Deep Learning Tools are commonly developed in python, it is not 

simple to integrate them into an Android app, which is developed in Java. Some 

extra module must be used, and it can lead to compatibility problems. 

- Despite having an already trained Neural Network with a good performance, if it is 

not implemented in the needed language, it is not a good idea to use transfer 

learning techniques to get the same NN in another language. It is better to train a 

model in the needed language from the start. 
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It can be so difficult to build a robust Android application able to load a Neural Network 

and return a prediction, but it is so important to follow the research on this field, as it can 

lead up to a very useful tool for developing countries, where the infectious diseases are 

more common. 

 

6.3. Future development 

In this final section, we are going to purpose some possible future projects that could 

improve the obtained results: 

- Train a MobileNet and U-Net with the existing Tuberculosis database and 

compare them, not only considering the accuracy. The main idea would be to 

compare its performance on the Android application to test the efficiency, so it 

would be interesting to use both languages: Caffe and TensorFlow, and compare 

its performance. 

- Extend the Android application so the user could select which disease he wants to 

diagnose, and the proper Neural Network would be loaded. It could contain the 

diseases that are more common in developing countries, so with a single app 

doctors would be able to test different things. 

- Develop pre and post processing image tools in Android, so the prediction has a 

better performance. 
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Glossary 

TB: Tuberculosis 

NN: Neural Network 

CNN: Convolutional Neural Network 

 


