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Abstract 
The mango, a fruit of immense economic and dietary significance in numer-
ous tropical and subtropical regions, plays a pivotal role in our agricultural 
landscape. Accurate identification is not just a necessity, but a crucial step for 
effective classification, sorting, and marketing. This study delves into the po-
tential of machine learning for this task, comparing the performance of four 
models: MobileNetV2, Xception, VGG16, and ResNet50V2. These models 
were trained on a dataset of annotated mango images, and their performance 
was evaluated using precision, accuracy, F1 score, and recall, which are stan-
dard metrics for image classification. The Xception model, with its excep-
tional performance, outshone the other models on all performance indicators. 
It achieved a staggering accuracy of 99.47%, an F1 score of 99.43%, and a re-
call of 99.43%, showcasing its remarkable ability to accurately identify mango 
varieties. MobileNetV2 followed closely with performances of 98.95% accu-
racy, 98.85% F1 score, and 98.86% recall. ResNet50V2 also delivered satisfac-
tory results with 97.39% accuracy, 97.08% F1 score, and 97.17% recall. 
VGG16, however, was the least effective, with a precision rate of 83.25%, an 
F1 score of 83.25%, and a recall of 85.47%. These results confirm the supe-
riority of the Xception model in detecting mango varieties. Its advanced ar-
chitecture allows it to capture more distinguishing features of mango images, 
leading to greater precision and reliability. Xception’s robustness in identify-
ing true positives is another advantage, minimizing false positives and con-
tributing to more accurate classification. This study highlights the promising 
potential of machine learning, particularly the Xception model, for accurately 
identifying mango varieties. 
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1. Introduction 

The mango, an exotic fruit with a delicious taste and many virtues, is the subject 
of particular attention throughout its supply chain. From the selection of varie-
ties by producers to the choices made by consumers, precise identification is of 
vital importance. It guarantees taste quality, authenticity, and a fair price for 
each variety while meeting the individual expectations of mango lovers. Manual 
recognition of mango varieties, although common, is a laborious and imperfect 
process, especially when large volumes are involved. Machine learning offers a 
revolutionary alternative, providing an automated and robust solution to this 
crucial task. Based on the analysis of digital images of mangoes, machine learn-
ing algorithms learn to identify the distinctive characteristics of each variety, 
such as shape, color, texture, and size. These models, fed by labeled image data-
sets, become experts in variety recognition, often surpassing the accuracy of the 
human eye. Adopting machine learning to recognize mango varieties brings a 
host of benefits, including increased accuracy and tenfold efficiency. In this way, 
machine learning opens the way to numerous practical applications such as au-
tomated sorting and grading, enhanced quality control, variety authentication, 
and consumer information and marketing. In the face of these challenges, the 
considerable advantages of recognizing mango varieties using machine learning 
are motivating research and development efforts. By overcoming the obstacles 
and harnessing the full potential of this technology, we can expect a major 
transformation of the mango industry. This transformation will result in a more 
sustainable, transparent, and fair supply chain while offering consumers an im-
proved shopping experience and superior-quality products. 

In this fascinating field of mango variety identification, we conducted an 
in-depth review of the existing literature. We have explored previous work and 
unresolved issues. We then turn to the materials and methods section, revealing 
the tools and techniques that informed our research. We present the carefully 
selected database, the hardware configuration that powered our analyses, and a 
detailed explanation of the methodological approach we adopted. We reveal the 
results of our study and engage in an in-depth discussion of the performance of 
our system. To conclude this scientific adventure, we bring together the key 
points of our study and pave the way for future explorations. 

2. Related Works 

Mango growing, a crucial economic and food activity in many tropical and sub-
tropical regions, has made considerable progress thanks to technological ad-
vances. Among these advances, machine learning (ML) is emerging as a prom-
ising tool for optimizing farming practices and improving productivity. This 
study traces the major research efforts devoted to both mango cultivation and 
machine learning, focusing on the application of the latter in the field of mango 
cultivation. 

Worasawate, D et al. developed four common machine learning (ML) classifi-
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ers, the k-means, naive Bayes, support vector machine, and feed-forward artifi-
cial neural network (FANN), for classifying the maturity stage of mangoes at 
harvest. The results of their work showed that the FANN classifier performed 
best, with an average accuracy of 89.6% for the “unripe,” “ripe”, and “overripe” 
classes [1]. However, the study did not specify the mango varieties used, as ri-
pening characteristics can vary considerably from one variety to another. 

A new classification-based artificial intelligence approach for mango leaf rec-
ognition has been studied by Maqbool, I et al. [2]. They developed an artificial 
neural network system that extracts specific shape and morphology features 
from mango leaves based on reducing the dimensionality of the feature space. 
The resulting experiments achieved a classification rate of 96% to 98%. However, 
the lack of diversity in terms of mango cultivars, leaf age, and growing condi-
tions can bias the results and affect the performance of the system in real situa-
tions. 

Ibrahim M et al. [3] studied an online system for grading Harumanis mangoes 
using computer vision. It is a system capable of identifying the irregularity of the 
mango shape and its estimated mass. Some important features such as length, 
height, centroid, and parameters were extracted from each image, then the 
Fourier descriptor and the size and shape parameters were used to describe the 
shape of the mango. The results of this work gave 94% as the average success 
rate for mass-based classification. However, this study is limited to the Haruma-
nis variety. The performance of the system may vary for other mango varieties 
with different shapes and characteristics. 

A method based on near-infrared spectroscopy algorithms to detect a variety 
of mango fruits and vegetables was developed by Tripathi, M. K et al [4]. PCA 
techniques are used for data dimension reduction. The three machine learning 
techniques, such as ANN, SVM, and KNN, were used to build a detection model 
for a variety of mangoes. Experimentation shows that the proposed system can 
contribute significantly to the recognition of various fruits and vegetables. 
However, the study only used conventional near-infrared spectroscopy algo-
rithms. More recent algorithms, such as deep learning, could achieve better per-
formance. 

Tensor Flow Lite was used as a transfer learning tool by Mustaffa, M. R. [5]. 
This study focuses on six categories, in which four types of mangoes are classi-
fied (Harum Manis, Langra, Dasheri, and Sindhri), categories for other types of 
mangoes, and a “non-mango” category. It is carried out using a mobile applica-
tion that can be used to distinguish the different types of mangoes based on the 
category image. However, the study uses a relatively small dataset to train the 
model. This may limit the system’s ability to generalize to new mango varieties 
and varied environmental conditions. 

Truong Minh Long, N et al. [6] proposed a new internal quality assessment 
based on the external characteristics of the mango as well as its weight. Fruit 
classification is implemented by four machine learning models: Random Forest 
(RF), Linear Discriminant Analysis (LDA), Support Vector support (SVM), and 
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K-nearest neighbors (KNN). The results of their experiments show that the ma-
chine learning methods have a high accuracy of over 87.9%. In particular, the RF 
model achieves an accuracy of 98.1%. 

Koirala A. et al. [7] studied a method based on the YOLO technique for esti-
mating the number of panicles and their stage of development. By estimating the 
number of panicles and their stage of development, it is possible to calculate the 
time required for fruit ripening. Knowing the ripening time is essential for harv-
est management, as it enables cultivation operations to be planned and fruit 
quality to be maximized. However, this study does not compare the proposed 
method with other methods for estimating the number of panicles and their 
stage of development. 

Bhargava et al studied the automatic detection and classification of apples and 
mangoes using a support vector and multiple-feature classifier [8]. The results of 
their experiment give an accuracy of 98.48% and 95.72%.n However, methodo-
logical improvements and more in-depth analyses would be needed to confirm 
the robustness and generalizability of their approach in realistic scenarios. 

Baculo et al study the automated detection of a defect in mango caused by ce-
cidogenic flies, which can affect a significant part of the production yield. Their 
work also uses modified versions of R-CNN and FR-CNN by replacing the re-
gion search algorithms with segmentation-based region extraction [9]. 

Experimental results show comparable performance between the modified 
and existing state-of-the-art object detection frames. The results show that the 
faster R-CNN achieved the highest average accuracy of 0.901 at aP{50} while the 
modified FR-CNN has the highest average accuracy of 0.723 at aP{50}. 

The studies reviewed show a variety of machine learning and Deep Learning 
approaches for identifying mango fruit. 

3. Materials and Methods 

In this section, we describe the dataset, algorithms, parameters, methodology, 
and evaluation measures used in the study. 

3.1. Dataset Description 

The database used is named Mango Variety. It can be accessed at the following 
address https://data.mendeley.com/datasets/tk6d98f87d/2. This dataset contains 
1,661 images of mangoes taken in a controlled environment. The database is 
composed of 15 mango varieties presented in Table 1. 

The diversity of mangoes means that they come in different flavors, textures, 
sizes, shapes and colors. The illustration in Figure 1 gives a visual overview of 
these fifteen unique varieties. 

 
Table 1. Table of mango varieties. 

Variety Number of images 
Alphonso 211 
Ambika 100 
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Continued  

Amrapali 150 
Banzanpali 100 

Chausa 100 
Dasheri 100 

Himsagar 150 
Kesar 100 

Vanraj 100 
Langra, 100 
Malgova 150 
Mallika 100 
Neelam 100 
Raspuri 100 
Totapuri 100 

Full images 1661 

 

 
Figure 1. Illustration of mango varieties. 

3.2. Learning Algorithms 
3.2.1. MobileNetV2 
MobileNet V2 is a convolutional neural network (CNN) model [10] developed by 
Google AI for mobile devices [11] [12]. It is based on the MobileNet architecture 
but offers enhanced performance thanks to innovations such as the bottleneck 
block and transfer learning. MobileNet V2 is lighter and more energy-efficient 
than traditional CNN models while retaining comparable accuracy for image clas-
sification, object detection, and facial recognition [13]. In its development, Mobi-
leNet V2 uses a “bottleneck” convolution block that reduces the dimensionality of 
the data while retaining critical information. This reduces the number of model 
parameters and improves energy efficiency. Transfer learning is used to initialize 
model weights with knowledge gained from other tasks, improving performance 
and speeding up convergence when learning on new datasets [14]. Lightweight 
and energy-efficient, ideal for mobile devices with limited resources, the Mobile-
Net algorithm has a performance comparable to traditional CNN models for vari-
ous computer vision tasks [15]. Its application is in image classification, generally 
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in the identification of objects, people, and scenes in images, and in object detec-
tion by locating and identifying specific objects in images. MobileNet V2 is a po-
werful and versatile CNN model for mobile devices. Its lightweight and energy ef-
ficiency make it an ideal choice for embedded applications where performance and 
power consumption are critical factors.MobilenetV2 is a CNN designed for high 
computational efficiency, making it ideal for mobile and embedded applications. It 
uses “separable convolution blocks” and a “depth separable convolution” archi-
tecture to reduce the number of parameters and calculations. MobilenetV2 offers a 
good compromise between accuracy and speed, making it attractive for classifying 
mango varieties on mobile devices. 

3.2.2. Xception 
Xception is a deep neural network architecture derived from Inception V3. It 
was developed by Google after the release of Inception V3 [16] [17]. Xception’s 
main innovation lies in the use of separable depth blocks to replace the standard 
convolution operations of Inception V3. The Inception architecture aims to op-
timize feature extraction and transfer through a combination of different trans-
formations. These transformations include convolution with kernels of different 
sizes (1 × 1, 3 × 3, and 5 × 5), pooling, and other techniques [18]. Inception’s 
conceptual structure enables the best combination of transformations to be se-
lected for each case, maximizing model efficiency. Inception’s architecture 
enables different feature extraction methods to be explored in parallel. This is 
done by simultaneously applying several transformations (convolution, pooling, 
etc.) to the model input [19]. The results of these transformations are then con-
catenated, creating an enriched feature representation. Learning allows the mod-
el to determine the optimal combination of transformations for each situation. 

Chollet et al. developed Xception [20] to tackle channel correlation in convo-
lutional networks. The Xception architecture replaces standard convolution with 
separable depth blocks. This approach allows the decoupling of spatial and 
channel transformations [21]. The convolution operation in the original con-
cept-v3 is substituted by the separable solution, which improves Xception’s con-
vergence process and delivers significantly higher accuracy. Xception, based on 
Google’s “Inception” architecture, stands out for its ability to extract contextual 
information at different spatial scales. This feature is made possible by its “In-
ception modules”, which combine convolutions of multiple sizes, thus improv-
ing the model’s learning capacity. Xception is particularly well suited to the task 
of classifying images that vary in size and scale, such as different varieties of 
mango. 

3.2.3. VGG16 
VGG16, a revolutionary convolutional neural network (CNN) developed in 2014 
by the Visual Geometry Group (VGG) team at the University of Oxford, marked 
a turning point in image classification thanks to its remarkable depth and per-
formance on the ImageNet dataset. In other words, we exploit the pre-trained 
weights of VGG16, the fruit of its training on the vast ImageNet dataset [22]. 
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Our network is based on the initial weights of the ImageNet pre-trained mod-
el. In effect, we replace the final layers of the original VGG16 architecture with a 
new fully connected layer (FCL). To preserve the knowledge acquired during 
training on ImageNet, all layers of the VGG16 network are “frozen”. Thus, only 
the process of learning the new FCL layer is carried out using the training set 
specific to our problem. This approach, known as transfer learning, considerably 
speeds up training time without compromising classifier accuracy. Indeed, the 
FCL is the only layer to be trained, and it uses a softmax function to generate the 
final outputs. 

Although the VGG16 is a 16-layer convolutional neural network [23] and re-
quires complex training, it is quick to use on a personal computer. Indeed, 
CNNs rely on parameterized learning: once the network weights have been 
trained (which is done on a dedicated deep learning server, thus avoiding a sig-
nificant computational load for the user), the prediction of the class of a new 
fruit sample is made by a simple multiplication of these stored weights. The aim 
of this research is, therefore, to develop an accurate, fast-to-run model designed 
for mobile applications or lightweight software capable of recognizing mango 
varieties from images. With its simple architecture and large number of convo-
lutional layers, VGG16 is a high-performance convolutional neural network 
(CNN) for feature extraction. This capability makes it particularly useful for 
classifying complex images, such as those of different varieties of mango. While 
VGG16 can be computationally intensive, it offers exceptional accuracy in clas-
sifying mango varieties. 

3.2.4. ResNet50V2 
ResNet-50 is a deep convolutional neural network trained on over a million im-
age databases. The network can classify images into 1,000 objects, including 
keyboards, mice, pencils, etc. [24]. ResNet50V2 is an enhanced variant of Res-
Net50 that outperforms ResNet50 and ResNet101 on the ImageNet dataset. In 
ResNet50V2, the concept of proposing links between blocks has been modified. 
ResNet50V2 achieves excellent results on the ImageNet dataset. ResNet50V2, an 
improved variant, outperforms ResNet-50 on the ImageNet dataset. Overall, 
ResNet-50 and its variants represent significant advances in image classification, 
demonstrating the potential of Deep Learning to revolutionize computer vision 
tasks. The network uses “short paths” to link deep and superficial layers, opti-
mizing the propagation of information and boosting model performance. Res-
Net50V2 is particularly well suited to complex classification tasks, such as dis-
tinguishing between subtle varieties of mango. 

3.2.5. Comparison of Convolutional Neural Network Parameters 
Table 2 details the parameters of the convolutional neural network used in this 
study. It compares four convolutional neural network models (ResNet50 V2, 
Mo-bileNetV2, VGG16 and Xception) as a function of several parameters. The 
trainable parameters are shown for each model.  

https://doi.org/10.4236/ojapps.2024.147109


A. B. Ballo et al. 
 

 

DOI: 10.4236/ojapps.2024.147109 1673 Open Journal of Applied Sciences 
 

Table 2. Parameters of the convolutional neural network. 

Model Name 
Trainable 

parameters 
Non Trainable 

parameters 
Total  

Parameters 
Size Epoch 

ResNet50 V2 24,389,777 45,440 24,435,217 4 10 
MobileNetV2 2,767,889 34,112 2,802,001 8 10 

VGG16 14,853,969 0 14,853,969 4 10 
Xception 21,677,369 54,528 21,731,897 4 10 

 
These are the model parameters that can be adjusted during the training 

process. The higher the number, the more flexible the model is likely to be and 
the more likely it is to learn from the training data. 

Non-trainable parameters indicate the number of model parameters that re-
main fixed during training. The total number of parameters is the sum of the 
trainable and non-trainable parameters, reflecting the overall complexity of the 
model.  

Batch size indicates the number of training samples processed simultaneously 
by the model during training. 

Epochs represent the number of complete runs performed on the training da-
taset during training. 

3.3. Methodology 

The methodology used in our study is shown in Figure 2. 
 

 
Figure 2. Illustration of our methodology for recognizing mango varieties. 

 
The study’s methodology is organized into distinct and clearly defined phases, 

guaranteeing a rigorous approach to our research. This research explores the 
potential of four classification algorithms, namely Xception, Random Forest, 
MobileNetV2, and ResNet50V2, to enable a system to recognize different mango 
varieties. Figure 1 shows the various stages involved: 

Our methodology is based on a rigorous approach articulated around careful-
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ly designed and planned steps: 
• Database preparation: In this phase, each image was segmented to identify 

each fruit in the database precisely. To improve the quality of our data, each 
fruit image was resized and also subjected to a data augmentation step. 

• Data augmentation: Our approach relies on data augmentation to improve 
the quality and robustness of our results. This step aims to expose the models 
to a wider variety of cases by randomly inverting the images along random 
vertical axes, enabling left and right inversions as well as 90-degree clockwise 
rotations. 

• Data division: To ensure rigorous evaluation of our models, we have divided 
our data into three distinct sets: a training set used for learning the models, a 
validation set for adjusting the hyper parameters, and a test set for final per-
formance evaluation. 

• Use of various algorithms: To tackle our mango variety identification task, 
we adopted an approach using the Xception, Random Forest, MobileNetV2, 
and ResNet50V2 algorithms, as well as deep methods based on data analysis 
with feature extraction Classification is a supervised learning technique in 
which a model is trained to predict an example’s membership of a predefined 
class from a set of possible classes [25]. To do this, the model learns to iden-
tify patterns and relationships between data features and the corresponding 
class labels. 

• ResNet50V2 is a convolutional neural network (CNN) architecture derived 
from ResNet50, a widely used model for image recognition. The key element 
of ResNet50V2 is the use of “residual blocks”. Each residual block is made up 
of one or more “convolutional units. Identity shortcuts” link the outputs of 
some convolutional units directly to the inputs of their respective residual 
blocks. These shortcuts maintain a direct flow of information and prevent 
gradients from disappearing, thus improving model performance. Grouping 
layers are used to reduce the dimensionality of features and control model 
complexity. A fully connected output layer is added at the end of the network 
to map the extracted features to the mango variety classification. The sto-
chastic gradient back-propagation (SGD) algorithm is used to adjust the 
model parameters to minimize the loss function. 

The performance of the model is evaluated on a separate test dataset to meas-
ure its accuracy and generalizability. 
• At the heart of MobileNetV2 are “separable convolution blocks”. These in-

genious blocks dismantle standard convolutions into two distinct steps: a 
depth convolution and a point convolution. This clever strategy drastically 
reduces the number of parameters and computational operations, giving the 
model exceptional efficiency. Grouping layers are used to reduce the dimen-
sionality of features and control the complexity of the model. A fully con-
nected output layer is added at the end of the network to map the extracted 
features to the classification of mango varieties. An optimization algorithm, 
such as SGD, is used to adjust the model parameters to minimize the loss 
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function. Its efficient architecture, optimized learning techniques, and rigor-
ous evaluation techniques make it possible to achieve satisfactory perform-
ance while limiting the computing resources required. 

• VGG16 stands out as a deep convolutional neural network (CNN) architec-
ture, renowned for its simplicity and remarkable performance in various im-
age recognition tasks. Its operation is based on “convolutional blocks”, which 
combine convolutional, pooling and batch normalization layers. These blocks 
are used to extract crucial features from input data at different spatial scales. 
Pooling layers are then integrated to reduce feature dimensionality and con-
trol model complexity. VGG16 uses max pooling layers, which select the 
maximum value in each pooling window. This simplifies the model and im-
proves efficiency. Batch normalization layers are also used to stabilize model 
learning and speed convergence. These layers normalize the activations of the 
previous layers, making it easier to learn the model parameters. Finally, fully 
connected layers are present at the end of the architecture to classify images 
according to the different varieties of mango. These layers learn to map the 
features extracted by the convolutional blocks to the corresponding mango 
variety classes. 

• The key element of Xception is the use of “Inception blocks”. These blocks 
combine convolutions of different kernel sizes (1 × 1, 3 × 3, 5 × 5) and max 
grouping into a single structure, allowing features to be extracted at different 
spatial scales and reducing the dimensionality of the data. Xception uses a 
“multi-path data stream” that divides input data into several parallel branches, 
each passing through a series of Inception blocks. Output from these branches 
is then combined to generate a richer representation of features. Clustering 
layers are used to reduce feature dimensionality and control model complexity. 
Xception uses max and avg grouping layers to extract global and local features 
from the input data. At the end of the architecture, fully connected layers are 
used to classify images into different mango varieties. These layers learn to 
map the features extracted by the Inception blocks to mango variety classes. 
The performance of the model is evaluated on a separate test dataset to 
measure its accuracy and generalizability. 

• In our work, we used the Softmax classifier and SGD optimizer. The Softmax 
classifier is used to perform multiclass classification, assigning each input 
example a probability for each of the possible classes. Deep learning and 
computer vision have widely adopted the Softmax classifier for classifying 
vectors into various categories [26]. The matching function F plays a crucial 
role in the classification process. It takes an input dataset x and transforms it 
into class labels by performing a scalar product between x and the weight 
matrix W 

( ),F xi W W xi= ∗                        (1) 

As for SGD (Stochastic Gradient Descent), it has demonstrated its effective-
ness in solving large-scale, sparse machine learning problems typical of text clas-
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sification and natural language processing [27]. It is an efficient classifier and is 
easy to implement, with several possibilities for code tuning. SGD has gained pop-
ularity thanks to its state-of-the-art performance in a variety of machine-learning 
tasks, demonstrating its versatility and efficiency [28]. SGD momentum incor-
porates the notion of inertia to guide parameter updates in the gradient direc-
tion, taking into account previous iterations. At each step (Δw), the next is cal-
culated as a linear combination of the current gradient and the modification. If 
we denote nW  the coefficients obtained after n iterations, as well as nW∆  the 
n-th parameter update: 

( )1n i nW n Q W W+∆ = ∆ + ∆                      (2) 

1 1Δn n nW W W+ += −                        (3) 

Let’s imagine the parameter vector as a particle moving through a vast, often 
high-dimensional parameter space. Under the influence of the gradient, which 
acts as a driving force, the particle accelerates towards the optimal solution. Un-
like the classical SGD method, this variant tends to continue its trajectory in the 
same direction, thus minimizing oscillations. The momentum SGD method, 
which has been used successfully for several decades, is particularly effective in 
this field. 
• Performance evaluation: The evaluation of the models was based on their 

ability to correctly identify mango varieties. This crucial evaluation phase 
quantified the performance of each approach in terms of precision, recall, 
and other relevant measures, enabling an objective comparison of their effi-
ciencies. 

Our methodology is based on a solid foundation, from meticulous data prep-
aration to in-depth model evaluation, including precise identification and rec-
ognition of mango varieties. 

3.4. Performance Metric 

The effectiveness of the model developed in this study will be assessed using the 
following indicators. 

Accuracy: This performance measure indicates the extent to which the system 
has classified data into the correct categories or classes. 

Precision: This represents the ratio between the number of correctly classified 
positive images and the total number of positive images. 

Recall: This criterion measures a classifier’s ability to identify real positive 
results. 

The F1 score: It gives a weighted average of precision and recall, providing a 
balanced measure of performance. 

The Matthews Correlation Coefficient (MCC): Evaluates the quality of 
classifications in machine learning, taking into account false positives and false 
negatives. 

Mean Squared Error (MSE): measures the mean squared error between es-
timated and actual values, allowing us to assess the precision of estimates. 
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Using these measures, we can quantify the performance of the model in our 
study and assess its ability to accurately classify images of mango varieties. 

The equations for the various measurements are specified as follows. 

( ) ( )Accuracy TP TN TP FP TN FN= + + + +              (4) 

( )Pr ecision TP TP FP= +                     (5) 

( )Recall TP TP FN= +                      (6) 

( ) ( )F1Score 2 Precision Recall Precision Recall= ∗ ∗ +          (7) 

( )( )( )( )
MCC TP TN FP FN

TP Fp TP FN TN FP TN FN
∗ − ∗

=
+ + + +

         (8) 

( )2

1

1 ˆ
n

i
MSE Yi Yi

n =

= −∑                       (9) 

(5) Where TP, FP, FN, P, R, and F1 represent true positives, false positives, 
false negatives, precision, recall, and F-1 score, respectively. 

The precision in equation (3) is the percentage accuracy of detecting the true 
positive TP over the total of predicted positives TP + FN. 

Recall that equation (4) is based on the detection of true positives out of the 
total of true positives + FN. The f1 score in equation (5) is intended to balance 
the results. Equation (6) balances precision and recall in the case of unevenly 
distributed data sets. 

The confusion matrix is a table that summarizes the results of a classification 
model’s predictions. It evaluates the model’s predictions against the actual values 
of the data set, and classifies them into four categories: true positives, true nega-
tives, false positives and false negatives. The confusion matrix is used to compare 
the overall precision, recall, specificity and accuracy of a model. This choice al-
lows a complete analysis of the model’s performance. We can assess its ability to 
distinguish between positive and negative elements, while avoiding false classifi-
cations (false positives and false negatives). 

4. Results 

The first part of our results will be devoted to evaluating and comparing the 
performance of the different algorithms we have used. These algorithms are 
MobileNetV2, Xception, VGG16, and ResNet50V2. Each algorithm was tested 
and analyzed, enabling us to determine its specific effectiveness in identifying 
and recognizing mango varieties. We will evaluate the main parameters of each 
algorithm, which will give us an overview of its ability to meet the needs of the 
study and this challenge. 

Precision measures the proportion of correct predictions among elements 
identified as positive by the model (true positives). It assesses the model’s ability 
to avoid false positives (negative elements classified as positive). Sensitivity or 
recall represents the proportion of positive elements correctly identified by the 
model (true positives). It assesses the model’s ability to avoid missing positive 
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elements (false negatives). Specificity indicates the proportion of negative ele-
ments correctly identified by the model (true negatives). It measures the model’s 
ability to avoid false positives (negative elements classified as positive).F1 Score 
combines accuracy and sensitivity in a single measure, calculated as the har-
monic mean of the two. It provides a balance for assessing the model’s ability to 
correctly identify positive and negative elements. 

This choice allows a complete analysis of the model’s performance. We can 
assess its ability to distinguish between positive and negative elements, while 
avoiding false classifications (false positives and false negatives). 

Table 3 shows the metric measurements for each model. 
 

Table 3. Parameters of the convolutional neural network. 

Model 
Accuracy 

(%) 
Precision 

(%) 
F1-Score 

Recall 
(%) 

MCC 
(%) 

MSE 
Time 
(ms) 

MobileNetV2 98.86 98.95 98.86 98.86 98.77 
17.0

9 
7255 

Xception 99.43 99.47 99.43 99.48 99.38 9.11 200 

ResNet50 V2 97.15 97.39 97.08 97.15 96.94 
0.00

2 
160 

VGG16 99.15 83.25 83.25 85.47 15.44 
31.4

4 
360 

 
Analysis of the above table highlights the performance and trends of the dif-

ferent models. Each model has different characteristics in terms of accuracy, 
precision, F1 score, recall, Matthews correlation coefficient (MCC) and mean 
square error (MSE). 

Figure 3 shows a broken-line graph representing the relationship between the 
“learning accuracy” and “validation accuracy” of the MobileNetV2 model. 

 

 
Figure 3. Training accuracy graphs for MobileNetV2. 

 
The two axes are graduated from 0 to 100%. The curve starts at around 60% 

training accuracy and gradually rises until it reaches a peak of around 99% 
training accuracy. The curve then falls slightly to stabilize at around 98.95% va-
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lidation accuracy. 
At the beginning of the curve, the training accuracy is relatively low (around 

60%). This indicates that the machine learning model is not yet well adapted to 
the training data. As the model learns, the training accuracy increases, indicating 
a better ability to correctly predict the labels in the data. 

The curve peaks at around 99% training accuracy. This means that the model 
is getting very accurate results on the training data. After reaching its peak, the 
curve falls slightly to stabilize at around 98.95% validation accuracy. This sug-
gests that the model generalizes well to the validation data, which is an impor-
tant indicator of its performance in real-life situations. The slight difference be-
tween training accuracy and validation accuracy may be due to a slight 
over-fitting of the model to the training data. 

Figure 4 shows a broken-line graph representing the relationship between 
“training jobs” and “validation losses” of the MobileNetV2 model. At the start of 
the curve, validation losses are high, indicating that the machine learning model 
is failing to correctly predict the labels in the data. As the number of learning 
tasks increases, validation losses decrease, indicating that the model is getting 
better at predicting labels. The curve shows a downward trend in validation 
losses, indicating that the model is converging towards an optimal solution. 
Convergence implies that the model is learning efficiently and that validation 
losses no longer fluctuate significantly. 

The curve reaches a minimum validation loss value of around 0.2. This means 
that the model reaches its best performance at this learning point. 

 

 
Figure 4. Training loss graphs for MobileNetV2. 

 
The curve shows that the machine learning model converges towards an op-

timal solution, with validation losses decreasing as the number of training jobs 
increases. 

Figure 5 shows the confusion matrix for our two-class classification model using 
the MobiNetV2 algorithm. The two classes are represented by the rows and col-
umns of the matrix. The cells of the matrix indicate the number of examples classi-
fied by the model in a given class, when they actually belong to another class. 
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Figure 5. Confusion Matrix for MobileNetV2. 

 
Figure 6 shows the training graph for the Xception model. The results reveal a 

high-performance model with a precision of 99.47% and an overall accuracy of 
99.43%. The F1 score is 99.43%, while recall is 99.48%. Finally, the Matthews 
correlation coefficient (MCC) is 99.38% for Xception, confirming the model’s 
excellent performance. 

Analysis of the learning curve for the Xception algorithm reveals encouraging 
results for mango variety detection. The model shows rapid convergence to-
wards an optimal solution, better performance on training data than on valida-
tion data, and satisfactory generalization capability. 

Figure 6 illustrates the learning curve of the Xception algorithm, highlighting 
the evolution of learning and validation losses as a function of epochs. The 
Xception model converges 

 

 
Figure 6. Training accuracy graphs for Xception. 

 
Figure 7 shows the loss curve of the Xception algorithm for an image classifi-

cation task. The curve represents the relationship between the x-axis, which cor-
responds to the number of training epochs, and the y-axis, which represents the 
training loss. Training loss is a measure of the model’s error on training data. A 
lower training loss indicates that the model predicts image labels better. 
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Figure 7. Training loss graphs for Xception. 

 
Figure 8 shows the confusion matrix for the Xception model, used to evaluate 

its performance in classifying mango varieties. The matrix represents the rela-
tionship between the model’s predictions and the actual image labels. The col-
umns represent the actual image classes. Each cell of the matrix contains the 
number of images belonging to a real class and predicted by the model as be-
longing to another class. The confusion matrix reveals a high overall classifica-
tion performance for the Xception model. 

 

 
Figure 8. Confusion Matrix for Xception. 

 
The VGG16 model was tested on a separate validation dataset, and the results 

are presented in Figures 9-11, namely the training curve, the loss curve and the 
confusion matrix. 

The VGG16 model achieved an impressive accuracy score of 99.15%, indicat-
ing its ability to correctly classify the majority of images in the dataset. The pre-
cision score of 83.25% reinforces this point, underlining the model’s ability to 
accurately identify positive examples (images belonging to the target class) while 
minimizing false positives. 

The F1-Score, which combines precision and recall, reached 83.25%, demon-
strates the model’s balanced performance in both identifying positive examples 
and avoiding false negatives. The recall score of 85.47% specifically indicates the 
model’s ability to correctly identify all positive examples. 
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Figure 9 shows a graph representing the learning and validation accuracy of 
the VGG16 model for an image classification task. The fact that the validation 
accuracy curve exceeds the learning accuracy curve at one point suggests that the 
model may be overlearning the training data. 

Figure 10 shows the loss curve of the VGG16 model for an image classifica-
tion task. Loss is a measure of model error when predicting image classes. A loss 
curve can be used to evaluate the model’s performance during training, and to 
detect possible under- or over-learning problems. 

The confusion matrix presented in Figure 11 shows an average classification 
performance for the VGG16 model. The majority of images are correctly classi-
fied, with some misclassification. The main diagonal contains moderate values, 
with 83% of images correctly classified. 

 

 
Figure 9. Training accuracy graphs for VGG16. 

 

 
Figure 10. Training loss graphs for VGG16. 

 

 
Figure 11. Confusion Matrix for VGG16. 

https://doi.org/10.4236/ojapps.2024.147109


A. B. Ballo et al. 
 

 

DOI: 10.4236/ojapps.2024.147109 1683 Open Journal of Applied Sciences 
 

The ResNet50V2 model was evaluated on a dedicated test dataset. The model 
achieves a precision score of 97.39% and an F1 score of 97.08%, indicating an 
outstanding ability to correctly identify the classes present in the images. Recall, 
slightly lower than precision, reflects the proportion of correctly identified im-
ages among those actually present in the class. 

Accuracy (97.15%) and recall (97.15%) are not the only relevant performance 
measures. The ResNet50V2 model also scored 96.94% for the Matthews Correla-
tion Coefficient (MCC), which takes into account both accuracy and recall. The 
MSE (Mean Squared Error) shows a value of 0.0029, indicating a low mean 
squared error. 

In addition to its excellent classification performance, the ResNet50V2 model 
stands out for its speed of execution. The average execution time over ten epochs 
is 160 ms, making it ideally suited to applications requiring high reactivity. 

Figure 12 of training and validation accuracy of the ResNet50V2 model shows 
promising learning performance for the image classification task. The model 
converges quickly to an optimal solution, performs better on training data than 
on validation data, and shows no signs of overlearning. 

Figure 13 shows the loss curve during training of the ResNet50V2 model. The 
model learns efficiently from the data, and its prediction error gradually de-
creases during training. The model converges rapidly to an optimal solution, 
achieves a low training loss, and shows no signs of overlearning. 

Figure 14 shows a confusion matrix for the ResNet50V2 model, used to evaluate 
its performance in classifying mango varieties. The matrix represents the relation-
ship between the model’s predictions and the true labels of the mango images. 

 

 
Figure 12. Training accuracy graphs for ResNet50V2. 

 

 
Figure 13. Training loss graphs for ResNet50V2. 
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Figure 14. Confusion Matrix for ResNet50V2. 

5. Discussion 

Analysis of the results highlights key points concerning the performance of the 
different models evaluated in the mango variety detection task. 

In our study, we examined four models for identifying mango varieties. In 
terms of performance, MobileNetV2 achieved interesting results with an accu-
racy rate of 98.95%. This indicates that our approach with the MobileNetV2 al-
gorithm is capable of recognizing mango varieties with an accuracy of 98.95%. 
In addition, its F1 Score and balanced recall at 98.85% and 98.86%, respectively, 
indicate its ability to identify true positives while maintaining a balance with 
false negatives. 

The Xception machine learning model stands out for its excellent, balanced 
performance in mango variety recognition. Indeed, it achieves an accuracy rate 
of 99.47%, an accuracy of 99.43%, an F1-Score of 99.43%, and a recall of 99.43%, 
clearly outperforming the MobileNetV2 model. What’s more, Xception demon-
strated notable robustness in detecting true positives, confirming its reliability in 
this crucial task. 

The results of this study clearly demonstrate the superiority of the Xception 
model over MobileNetV2 for mango variety recognition. Key performance indi-
cators such as precision, F1-Score, and recall testify to Xception’s ability to ac-
curately identify different mango varieties. This outstanding performance is due 
to Xception’s advanced architecture, which enables it to capture more discrimi-
nating characteristics of mango images. Xception’s robustness in detecting true 
positives is another major asset. This means that the model is able to minimize 
false positives. 

The model based on the VGG16 algorithm has a precision of 83.25%, an 
F1-Score of 83.25%, and a recall of 85.47%. While these results are not negligible, 
they remain lower than those of the MobileNetV2 and Xception models. This 
observation suggests a tendency to generate false positives, i.e., cases where a 
mango variety is incorrectly identified. Indeed, VGG16 displays the lowest pre-
cision of all the models studied, which is corroborated by its low recall and 
F1-Score, indicating difficulty in correctly identifying all true positives. 
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The performance of the VGG16 model for mango variety recognition raises 
questions about its effectiveness and reliability compared with the MobileNetV2 
and Xception models. The propensity to generate false positives can be proble-
matic in practical applications, such as mango sorting and grading, as it can lead 
to costly errors. In addition, the low precision, recall, and F1-Score of the 
VGG16 model indicate a difficulty in capturing the distinctive characteristics of 
different mango varieties. This could be due to the architecture of the VGG16 
model, which is less suited to the fruit image recognition task than more recent 
architectures such as MobileNetV2 and Xception. 

The study highlights the limitations of the VGG16 model for mango variety 
recognition. Although the model has some accuracy, it is outperformed by the 
MobileNetV2 and Xception models in terms of performance and reliability. 

The ResNet50V2 model stands out for its remarkable performance in recog-
nizing mango varieties, with an accuracy of 97.39%, an F1-Score of 97.08% and a 
recall of 97.17%. These results demonstrate the model’s ability to correctly iden-
tify different mango varieties with high accuracy. 

Although the ResNet50V2 model shows promising performance, it is impor-
tant to point out that it is slightly outperformed by the MobileNetV2 and Xcep-
tion models in terms of accuracy and F1-Score. Nevertheless, ResNet50V2’s 
performance remains highly satisfactory, confirming its potential for mango va-
riety recognition. Its high efficiency in terms of precision, recall, and F1-Score 
indicates its ability to capture the distinctive characteristics of different mango 
varieties with great reliability. The study highlights the promising performance 
of the ResNet50V2 model for mango variety recognition. Although slightly out-
performed by the MobileNetV2 and Xception models, ResNet50V2 remains an 
effective and reliable tool for this task. Figure 15 shows the metric histogram of 
the different models studied for mango variety recognition. 

 

 
Figure 15. Histogram of the metrics of our different machine learning models. 
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The Xception model stands out for its exceptional accuracy of 99.47% in de-
tecting mangoes. Its complex architectural structure enables it to extract distinc-
tive features from mango images with great finesse, which explains its excellent 
accuracy performance. However, this complexity results in an inference time of 
200 ms, the second slowest of the models analysed. This means that image 
processing takes longer with Xception, which can be a drawback for some appli-
cations. 

MobileNetV2 offers an excellent compromise between accuracy and inference 
speed. Its accuracy of 98.95% is close to that of Xception, while its inference time 
of 7255 ms is significantly faster. This compromise is made possible by its 
lightweight, optimized structure, which enables the model to achieve high accu-
racy while maintaining relatively fast execution. 

ResNet50V2 favours speed of inference over absolute accuracy. Its accuracy of 
97.15% is the lowest of the high-performance models, but its inference time of 
160 ms is the fastest. 

This model offers a good balance between accuracy and inference speed, 
making it suitable for applications where real-time performance is crucial. 

VGG16 has the third fastest inference speed (360 ms), but its accuracy for 
mangoes is significantly lower than the other models (83.25%). This low accura-
cy for mangoes suggests a potential over-fitting of the model to the training data, 
which limits its ability to generalize to new images. 

Xception is the best choice, but if speed of inference is also crucial, Mobile-
NetV2 offers an excellent compromise. ResNet50V2 may be an alternative if a 
slightly tighter balance towards accuracy is required. VGG16, despite its speed, is 
not recommended for mango detection due to its low accuracy for this category. 

6. Comparison between Existing Methods 

Our study demonstrates superior performance to previous work in the field of 
mango variety detection and identification. 

Table 4 shows the results obtained when comparing the performance of the 
different models. An in-depth analysis of the data reveals that our models out-
perform the models proposed by the other three authors. 

 
Table 4. Comparison table. 

Method Accuracy (%) 
Gururaj, N et al. [29] 93.23 
Bhole, V et al. [30] 93.33 

H. C. Pichhika et [31] 94.4 
Our method with ResNet50V2 97.39 

Our method with MobileNetV2 98.95 
Our method with Xception 99.47 

 
The results presented in Table 4 clearly illustrate the superiority of our mod-

els in terms of performance. Indeed, our models achieve a significantly higher 
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level of accuracy than those of the comparative models. This observation con-
firms the validity of our approach and highlights the effectiveness of our models 
in the mango variety recognition task. 

The study presents an interesting analysis of the use of deep learning for 
mango variety detection. However, a comparison with traditional methods of 
variety detection, such as visual analysis by experts or the use of techniques 
based on predefined rules. Business rules, defined by experts in the field, could 
be integrated into the models to guide the classification process. This compari-
son would enable us to better situate the real contribution of deep learning in 
this field and to determine whether it offers significant advantages over existing 
approaches. 

7. Conclusions 

Accurate identification of mango varieties is crucial for efficient classification, 
sorting, and marketing. This study compares the performance of four machine 
learning models (MobileNetV2, Xception, VGG16, and ResNet50V2) in the 
mango variety detection task. 

Our machine-learning models were trained on a dataset of annotated mango 
images. Model performance was evaluated in terms of precision, F1 score, and 
recall. 

The Xception model outperformed the other models in terms of precision, F1 
score, and recall, with a precision rate of 99.47%, an accuracy of 99.43%, an F1 
score of 99.43%, and a recall of 99.43%, followed respectively by the Mobile-
NetV2 model with performances of 98.95%, 98.85%, and 98.86% and the Res-
Net50V2 with 97.39%, 97.08% and 97.17% as respective performances. Finally, 
the VGG16 model has the lowest performance, with a precision rate of 83.25%, 
an F1 score of 83.25%, and a recall of 85.47%. 

Our study opens up promising prospects for mango variety recognition using 
machine learning. The results obtained, in particular the exceptional perfor-
mance of the Xception model, demonstrate the potential of this technology to 
optimize mango classification and sorting processes. 

Integrating high-performance machine learning models like Xception into 
mango sorting and grading systems could revolutionize the industry. It would 
automate these tedious, human error-prone tasks, leading to increased produc-
tivity, reduced costs and improved end-product quality. 

In addition, machine learning could facilitate the precise identification of rare 
or valuable mango varieties, promoting their commercialization and valorization 
in specialized markets. This technology could also be extended to the recogni-
tion of other fruits and agricultural products, helping to improve the efficiency 
of sorting and grading processes in various agri-food sectors. 

In our view, a study could effectively integrate machine learning models into 
existing sorting and grading systems, and an extension of machine learning to 
the detection of fruit diseases and defects could provide additional added value. 
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