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Banana is one of the important commercial fruits and one of the 
favourite fruits in the world because of its high nutrition content and 
low cost. However, banana production has declined sharply in the last 
few years, with about 50% yield loss due to late disease detection. In 
order to help the farmers detect diseases, an android application for 
banana leaf disease detection is proposed. This application is not 
intended to replace the farmer but to assist the farmer in detecting the 
banana leaf disease efficiently. The method used in this project is the 
CNN MobileNet algorithm as the core to detect the disease and Android 
Studio as a platform to develop an application based on the algorithm. 
In image processing, there are a few steps: image pre-processing, 
feature extraction, and classification. This proposed system is believed 
to classify the banana leaf disease efficiently, thus helping the farmers in 
detecting banana leaf disease once completed. 
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1. Introduction 

Bananas are one of the most important fruits and one of the most popular fruits in the world due to their 
excellent nutritional value and low cost [1], [2], [3]. However, banana production has declined sharply in the last 
few years, with about 50% yield loss due to diseases [1], [2], [3], [4], [5], [6], [7]. In addition, the diseases 
contracted during the production process have a major negative impact on the quality of bananas produced [1], 
[2], [3], [4], [6], [8], [9], [10]. In the end, it can cause significant economic losses to the farmers and impede the 
growth of the banana industry, so it is essential to detect the diseases by detecting them to prevent the loss [1], 
[2], [3], [4], [10]. In addition to being costly, time-consuming and labour-intensive, the traditional method of 
detecting banana disease detection may produce inconsistent results due to subjective variables [1], [2], [3], [4], 
[6], [7]. Crop disease detection based on image processing using computer technology can be used to calculate 
and process the information of the plant disease images to achieve the purpose of intelligent detection, thereby 
increasing the efficiency and accuracy of disease detection [4], [8].  

In order to fulfil the need for sustainable agriculture, artificial intelligence technologies such as machine 
learning and deep learning are becoming common in the agriculture industry [1], [7], [10]. Image segmentation 
is a crucial stage in crop disease detection that segments the original image into target and background sections, 
and the performance of this process has a significant impact on image feature extraction and target recognition 
[1], [3], [4], [7], [10]. 

 
 
 

1.1 Problem Statement 
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Nowadays, the banana plant disease has become a major concern for the farmers, who need to sustain the 
quality of the bananas. If the disease isn’t found in the early stage of the plantation, it may lead to a banana 
epidemic on the farm, and it can reduce the production and quality of bananas. The current method to detect 
banana disease is through the farmer’s experiences by checking the banana leaf with their eyes, as the banana 
leaf disease detection system isn’t available in the market yet. 

1.2 Objective 

The objective of this project is to develop an Android application to help farmers detect banana leaf disease by 
implementing CNN MobileNet. 

2. Literature Review 

This section will discuss the previous and recent research based on the topic. It consists of the fundamental 
steps in image processing and the algorithm used in this project, MobileNet. 

2.1 Fundamental Steps in Image Processing 

2.1.1 Image Acquisition 

In image processing, the first step is image acquisition. This step aims to convert an optical image into an array 
of numerical data to be later processed on a computer. This implies it captures an image using a camera and 
converts it into a computer-manageable entity. The process uses the sensors in the cameras to convert light into 
electrical charges by measuring the reflected light energy on the scene being imaged. The value of each cell in 
the image will be turned into a digital value in binary form using an Analog-to-Digital converter (ADC). Finally, 
this digital image can be used for the following image processing steps [11]. 

2.1.2 Image Enhancement 

One of the most critical and complex steps in image processing is image enhancement, which is used to enhance 
the visual appearance of an image and provide a better representation of the image for image processing. High-
visibility input images are necessary for all image processing algorithms in order to produce accurate outputs. 
However, the results might turn out to be inaccurate if the images are typically shot in some particular 
conditions, such as dim light. Hence, the images should be enhanced before further processing [12]. The most 
common image enhancement technique is enhancing the contrast [12], [13].  

2.1.3 Image Restoration 

The process of image restoration in image preprocessing is to recover an unknown true image from its degraded 
measurement. In other words, it means that this technique restores the image back to its optimal form from 
degradations such as additive noise, space invariant or variant blur, aliasing, and compression artifact. These 
degradations mostly come from the process of image formation, transmission, and storage [14]. 

2.1.4 Colour image processing 

Besides image enhancement, colour image processing is another crucial technique in the image processing. This 
is due to the fact that the images dealt with everyday life consisting of intensity of brightness and chromaticity. 
The components that makeup chromaticity are hue and saturation. However, the image enhancement technique 
can only be applied to enhance the intensity but can’t be used to enhance the chromaticity. Hence, this technique 
is crucial for the accuracy of the model [15].  

2.1.5 Image Compression 

Image compression in image processing is a process to encode the image and reduce the size of the image for 
storage and transmission. This technique is mainly used in the medical field, such as X-ray films, MRI films and 
so on, without losing the details of the images. This is because, in order to perform compression on medical 
images, the effectiveness of resolution and perceptual quality must be restored [16]. 

2.1.6 Wavelets and multi-resolution processing 

In image processing, wavelet is a mathematical function that is used in the compression of images. It serves as a 
foundation to represent images at various resolutions. Different degrees of detail can be made for multiple 
objects using multi-resolution analysis, and the rendering time can be reduced by ignoring dine details. It is an 
efficient tool that can assist in data compression [17]. 
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2.1.7 Morphological processing 

Morphological processing is a process that analyses the images from the perspective of set theory and geometry. 
The fundamental operations of morphological processing are dilation, erosion and algorithms. Hence, 
morphological processing can be used to detect edges of objects and mark and count objects based on the image 
[18]. 

2.1.8 Image Segmentation 

One of the most important processes in image processing is image segmentation. This process divides or 
partitions the images based on similar characteristics such as colour, intensity, and texture. The aim of this 
process is to simplify the representation of an image into a more meaningful and easily analysable one [19]. 

2.1.9 Representation and description 

After the image segmentation process, representation and description is a process that describes and represents 
the segmented region in a way that is acceptable for further computer processing. While description works by 
extracting fundamental attributes to distinguish one class of objects from another, representation determines 
whether the segmented region should be depicted as a boundary or as a complete region [20]. 

2.1.10 Object recognition 

In image processing, object recognition is one of the crucial processes. Object recognition is a process of 
determining the identity of an object being observed in the segmentation, representation, and description 
process. In other words, it labels the segmented region in the image segmentation process in order to allow the 
user to know what has been detected. However, object recognition will become less effective due to the 
positioning, scaling, alignment, and occlusion of objects that are not fully visible in an image [21]. 

2.2 MobileNet 

Among the Convolutional Neural Network (CNN), MobileNet is also one of the CNN image processing algorithms 
that is an efficient and lightweight model that consists of a smaller number of parameters. In the first few layers 
of the MobileNet algorithm, it uses depthwise separable convolutions to decrease the computational task which 
results in lighter weight [22].  

In the structure of the MobileNet, It consists of two different kinds of core layers, which are depthwise 
convolutions and pointwise convolutions. The depthwise convolutions are used to 16 filter the input without 
creating new features, whereas the pointwise convolutions are the function to create new features. Hence, the 
depthwise separable convolutions are the combination of both of the functions. Each depthwise separable 
convolution layer started with the depthwise convolution layer and was followed by the batch normalisation 
layer and ReLU activation layer. After ReLU activation, pointwise convolution layer is used to create the new 
features and followed by normalisation layer and ReLU activation [22].  

After the depthwise separable convolutional layer, the global average pooling layer will sum up the identical 
information in the local region generated by the convolutional layers and produce an output of a single value 
within that region. Then, the reshape layer and dropout are used to prevent overfitting. After that, a 
convolutional layer is used followed by a softmax activation layer and reshape layer. Finally, the structure of 
AlexNet is ended with an output layer. This model contains about four million parameters, which is much 
smaller than other models [22]. 

3. Methodology 

Fig. 1 shows a flowchart of the project on developing a banana leaf disease detection system in Jupyter Notebook 
and Android Studio. The process is started with acquiring image datasets that contained images of healthy 
banana leaf and banana leaf with Black Sigatoka and Fusarium Wilt from the Harvard Dataverse website. The 
dataset is split into 3 sets, which are the training set, validation set and testing set with 3000 samples each class.  

After splitting the datasets, the training set and validation set are pre-processed and are used to train 
MobileNet for 50 epochs. For this phase, the aim is to achieve an accuracy of 90% and a loss value of less than 1. 
If the trained model does not achieve the following conditions, the mode will repeatedly train with a bigger 
epoch until the conditions were fulfilled.  

After training, the model is tested and evaluated based on its performance metrics. Then, the trained 
MobileNet model is deployed and converted to TFLite format so that it can be imported into Android studio. 
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Fig. 1 Process flow of MobileNet model development 

Fig. 2 shows the process flow for developing an Android application using Android Studio. The process 
begins with installing Android Studio from their official website and setting up a project environment for 
developing an application. Following that, the trained MobileNet model in TFLite format is imported into the 
project.  

 

 

Fig. 2 Process flow of android application development 
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After importing the model, the next step is writing code in the “MainActivity.java” file using the Java 
programming language to implement the model into the application. Then, the graphical user interface (GUI) is 
designed and implemented for the application in the “layout.xml” file. The GUI is used as the interaction platform 
for the user to provide input to the application and provide output to the user. The GUI is designed to allow the 
user to take a new banana leaf picture for detection or select a picture in the gallery for detection, followed by 
the result shown in the GUI.  

To ensure stability, reliability and accuracy, the application is tested and debugged so that any issues and 
improvements can be resolved before proceeding to the next step. After that, the application is built and 
transferred to the mobile phone in Android package kit (.APK) file format.  

4. Results and discussion 

4.1 Results 

Fig. 3(a) depicts the graphs showcasing the accuracy of the MobileNet model. The graph shows that the training 
accuracy of the models ended with training accuracy of 0.9578 and validation accuracy of 0.9489. Fig. 3(b) 
depicts the graphs showcasing the loss of the MobileNet model. The graph shows that the training loss of the 
models ended with training loss of 0.1167 and validation loss of 0.1484. Fig. 3(c) shows the confusion matrix of 
the MobileNet model. It shows how accurate the MobileNet model classify the classes. 

Fig. 3 Performance of MobileNet model (a) Accuracy; (b) Loss; (c) Confusion Matrix 

In the design of the application, the user interface is crucial for the users as it serves as a platform for the 
user to interact with the application. Fig. 4(a) shows the home page of the application that the user encountered 
after launching the app. The Android application can be downloaded from this link: 
https://drive.google.com/file/d/1Odtrml8aWjdvL_S5SDPO-_gvbD05LBer/ . 

On the home page, there are two selections for the user to choose from, which are “Take Picture” and 
“Launch Gallery”. These selections allow the user to take a new picture of the banana leaf using the camera or 
select a saved picture of a banana leaf from the phone. 

After the user successfully takes a picture of the banana leaf using the camera or selects a picture of the 
banana leaf from the gallery in the phone, the application will detect and classify the condition of the banana leaf 
and show the result of the detection to the user. Fig. 4(b) shows the results of the banana leaf disease after 
detection. In this figure, it shows that the banana leaf is classified as a banana leaf with Black Sigatoka disease. 

 

  

(a) (b) 

Fig. 4 HealthyBanaLeaf application (a) Home page; (b) Result after detection 

   
(a) (b) (c) 

https://drive.google.com/file/d/1Odtrml8aWjdvL_S5SDPO-_gvbD05LBer/
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To test the performance of the Android application, the application is tested with 20 samples of banana leaf 
images with Black Sigatoka, Fusarium Wilt and healthy banana leaf images. Table 1 shows the results obtained 
from the application after detecting the selected samples of banana leaf images.  

Table 1 Application test results 

Sample Results Disease Detection Accuracy 

1 

 

Black 
Sigatoka 

Black 
Sigatoka 

Accurate 

2 

 

Black 
Sigatoka 

Black 
Sigatoka 

Accurate 

3 

 

Black 
Sigatoka 

Healthy Inaccurate 

4 

 

Black 
Sigatoka 

Black 
Sigatoka 

Accurate 

5 

 

Black 
Sigatoka 

Black 
Sigatoka 

Accurate 

6 

 

Black 
Sigatoka 

Black 
Sigatoka 

Accurate 

7 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 
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Table 1 Application test results (continued) 

Sample Results Disease Detection Accuracy 

8 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 

9 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 

10 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 

11 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 

12 

 

Fusarium 
Wilt 

Fusarium Wilt Accurate 

13 

 

Fusarium 
Wilt 

Black 
Sigatoka 

Inaccurate 

14 

 

Healthy Healthy Accurate 

15 

 

Healthy Healthy Accurate 
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Table 1 Application test results (continued) 

Sample Results Disease Detection Accuracy 

16 

 

Healthy Healthy Accurate 

17 

 

Healthy Healthy Accurate 

18 

 

Healthy Healthy Accurate 

19 

 

Healthy Healthy Accurate 

20 

 

Healthy Healthy Accurate 

4.2 Discussion 

In Fig. 2(a), It shows that the MobileNet model has a high validation accuracy of 94.89% and high training 
accuracy of 95.78%, which are more than 90%. Whereas in Fig. 2(b), It shows that the MobileNet model has a 
low validation loss of 0.1484 and low training loss of 0.1167, which are less than 0.15. In Fig. 2(c), it shows that 
the MobileNet model only had trouble in classifying class 1 (Fusarium Wilt), where almost half of class 1 
(Fusarium Wilt) was classified as class 0 (Black Sigatoka) and class 2 (Healthy). 

Table 1 shows that the application has an overall 90% accuracy in detecting banana leaf diseases. Based on 
the results, the application has no problem in detecting healthy banana leaves, but it misclassifies Black Sigatoka 
and Fusarium Wilt into the other, with an accuracy of 83.33% in detecting Black Sigatoka and 85.71% in 
detecting Fusarium Wilt. Due to the sample size of this test is small, the performance of the application shows 
that it has similar accuracy with the classification result of the model. 

5. Conclusion 

In conclusion, the CNN MobileNet implemented Android Application, HealthyBanaLeaf has been proven through 
analysis to be able to detect banana leaf disease with an outstanding performance of 90% accuracy by using a 
smartphone. Based on the findings and outcomes of this research, there is a recommendation for further 
enhancing the mobile application by providing banana leaf disease treatment suggestions after detection. This 
extends the functionality of the mobile application by just providing the farmers with disease treatment 
recommendations to treat the banana leaf disease. 
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