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Abstract. Abalone is a marine snail found in the cold coastal regions. Age is a 

vital characteristic that is used to determine its worth. Currently, the only viable 

solution to determine the age of abalone is through very detailed steps in a labor-

atory. This paper exploits various machine learning models for determining its 

age. A comprehensive analysis of various machine learning algorithms for aba-

lone age prediction is performed which include, backpropagation feed-forward 

neural network (BPFFNN), K-Nearest Neighbors (KNN), Naive Bayes, Decision 

Tree, Random Forest, Gauss Naive Bayes, and Support Vector Machine (SVM). 

In addition, five different optimizers were also tested with BPFFNN to evaluate 

their effect on its performance. Comprehensive experiments were performed us-

ing our data set. 

Keywords: Machine Learning, Neural Networks, Abalone, Back Propagation 

Neural Networks 

1 Introduction 

Abalones are types of single-shelled marine snails found in the cold coastal waters 
worldwide, majorly found along the coastal regions of some countries such as Australia, 
Western North America, South Africa, New Zealand, and Japan [1]. The age of the 
abalone is highly correlated to its prices as it is the sole factor used to determine its worth 
[2]. However, determining the age of abalone is a highly involved process that is usually 
carried out in a laboratory. 

 Technically, rings are formed in the inner shell of the abalone as it grows gradually 
at a rate of one ring per year. To get access to the inner rings of an abalone, the shell's 
outer rings need to be cut. After polishing and staining, a lab technician examines a shell 
sample under a microscope and counts the rings. Because some rings are hard to make 
out using this method, 1.5 is traditionally added to the ring count as a reasonable approx-
imation of the age of the abalone [1]. Knowing the correct price of the abalone is im-
portant to both the farmers and consumers. In addition, knowing the correct age is also 
crucial to environmentalists who seek to protect this endangered species.  

Due to the inherent inaccuracy in the manual method of counting the rings and thus 
calculating the age, researchers have tried to employ physical characteristics of the aba-
lone such as sex, weight, height, and length to determine its age. Thus, by applying 

mailto:seda.guney@std.izu.edu.tr
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machine learning on a dataset containing a large number of training samples of physical 
measurements of abalone, its age can be predicted quickly and more accurately. 

Machine learning algorithms are data-driven approaches that can effectively recog-
nize certain patterns. Over the last decade, machine learning techniques have been suc-
cessfully applied across various domains such as for Unicode symbols identification [3], 
classification of large data sets [4], ordinal classification [5], etc. Among machine learn-
ing approaches, the most successful and widely used techniques include Artificial neural 
networks (ANN), KNN, random forest, Gauss Naïve Bayes and SVM. These techniques 
have been widely used to solve many pattern recognition problems, which include both 
classification and regression.  

The literature review indicates that the artificial intelligence approaches for abalone 
age prediction are not sufficient. A detailed search for literature for abalone on popular 
databases such as Google Scholar, Web of Science, and Scopus showed that only a few 
papers were found. In [6] authors proposed a feed-forward multi-layer perceptron model 
to predict the age of abalone. The model was trained with the Lavenberg-Marquardt 
backpropagation algorithm. Experimental demonstrated that the error rate gradually de-
creased as the number of hidden layers increased. Obtained results showed the robust-
ness and effectiveness of this model as it achieved high classification accuracy. 

Similarly, in [7], the authors proposed a regression-based artificial neural network to 
determine abalone age. They employed a relatively shallower network with three hidden 
layers for prediction. The physical measurements of the abalone were used as features, 
and the results were highly accurate.  

Similarly, in [8], the authors applied a convolutional neural network (CNN) model. 
The authors experimented with various network architectures and different types of con-
volutions. Also, the deep learning-based approach was compared with conventional ma-
chine learning methods. The deep learning-based method achieved 79.09% classifica-
tion accuracy, which was much better than conventional approaches. 

In this study, we exploit the power of seven different machine learning algorithms 
for abalone age prediction. The algorithms included BPFFNN, K-nearest neighbor, Na-
ive Bayes, decision tree, random forest, Gauss naive Bayes, and support vector machine. 
In addition, five different optimizers were also tested with BPFFNN to evaluate their 
effect on its performance. 

The rest of the paper is organized as follows: Section II describes the related works. 

Section 3 presents the proposed method and the dataset used. In Section 4, obtained 

experimental results are presented. Finally, we complete the paper with concluding re-

marks in section 5. 

2 Materials and Methodology 

2.1  Dataset 

   The abalone dataset was obtained from UCI Machine Learning Repository [9]. The 
dataset consists of 4176 samples with eight numerical features along with labels. These 
features represent the physical characteristics of abalone, such as gender, length, height, 
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diameter, whole weight, shucked weight, viscera weight, shell weight, and rings. The 
distances were measured millimetres, while the weight values were measured in grams. 
Gender, a categorical feature, has been converted into numerical features, and all values 
were transformed to numerical. 

We categorized the abalone into three age groups: G1: below 7, G2: between 7 and 
16, G3: above 16. These ages groups were represented as G1=1, G2=2 and G3 = 3. For 
some algorithms, such as ANN the input labels were proceeded to represent them as one 
hot-vector representation.  

2.2 Classification  

This section briefly summarizes the classification and optimization algorithms used 
in this study. 

Artificial Neural Networks (ANNs) ANNs consist of neurons arranged in layers. 
The first layer is called the input, while the last layer is referred to as the output layer. 
Hidden layers are placed between input and output layers to map the input to the output. 
The perceptron equation is as follows: 

𝑦 = 𝜑 (∑ 𝑊𝑖

𝑛

𝑖=1

∗  𝑥𝑖) (1)  

 

Where φ is the activation function, X is the input, and W is the weight vector. 

𝑝𝑐 =  
𝑒𝑊𝑟+𝑏        

∑ 𝑒𝐿
𝑖=1 𝑊

𝑖𝑟+𝑏𝑖  
  (2)  

We exploited both categorical hinge (3) as well as mean squared error (4) as loss 
functions in our experiments. In order to find an optimal accuracy and evaluate the ef-
fectiveness of optimization algorithms, proposed neural network model were trained 
separately with Stochastic Gradient Descent, Adagrad, RMSprop, Adam,  Nadam  opti-
mization algorithm respectively.  

 MSE = ∑(𝑦𝑖 − 𝑦̂𝑖)
2

𝑛

𝑖=1

 (3)  

In this study, five layers were used; one input, three hidden, and one output layer. 
The number of neurons on input and output were selected according to input feature size 
and output classes. The number of neurons at the hidden layers were empirically calcu-
lated and was set to 70. ReLu activation function was used in all layers except the output 
layer, which used softmax. The learning rate was set to 0.01.  

K-Nearest Neighbor KNN is one of the oldest, simple and efficient supervised ma-
chine learning algorithms. It has been applied in various applications, including prob-
lems of classification or regression. It is a non-parametric classification method that 
means it does not require any prior information about the data distribution.  

KNN employs distance measures to learn and classify the samples. We applied three 
distance measurements Euclidian, Minkowski , and Manhattan. We found that Euclidian 
distance was better for our data set [10]. For KNN algorithm, the selection of K, which 
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is the number of neighbours, plays a crucial role. For any point p, the closest K neigh-
bours are selected, and the decision is based on the majority vote of these k-neighbours. 

Naive Bayes Naïve Bayes is a classical classification algorithm that is based on 
Baye’s Theorem. It assumes that the predictors are independent. The main objective is 
to maximize the posterior probabilities for each class. Theoretically, it results in a mini-
mum error rate and has resulted in worked well for various real-world applications.  

Consider the input data X with hypothesis H, prior P(H|X); the posterior probability 
can be estimated as follows  

𝑃(𝐻|𝑋) = 𝑃(𝑋|𝐻)𝑃(𝐻)/𝑃(𝑋) (4)  

Decision Tree A decision tree is a simple supervised learning algorithm that can be 
employed for both classification and regression tasks.  It continuously split the data into 
smaller subset based on some criteria. Then a voting mechanism is followed to make the 
final decision [11] [12]. There are two main types of decision trees: classification trees 
and regression trees. The classification trees are the ones where the output variable is 
discrete, while in the case of regression trees, the output variable is continuous.  

To construct the decision tree, entropy and information gain are generally employed 
[13],[14]. The process iteratively continues splitting the data at each node until the leaves 
are pure. To avoid the overfitting problem, a limit on the depth of the decision tree is 
also introduced. 

The information gain for each attribute is calculated using the following equations:   

𝐺𝑖𝑛𝑖 𝑖𝑛𝑑𝑒𝑥 = 1 − ∑ 𝑝𝑖
2

𝑐

𝑖=1

 (5)  

 

𝐺𝑎𝑖𝑛 𝑟𝑎𝑡𝑖𝑜 =  
𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑔𝑎𝑖𝑛

𝑆𝑝𝑙𝑖𝑡 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛
 (6)  

Random Forest  Random forests are ensemble techniques that are widely used for 
both classification and regression. They employed multiple decision trees for training 
and testing. This makes them more robust compared to a single decision tree. The ran-
dom forest algorithm generates an independent random vector 𝜃𝑘 from the previous ran-
dom vectors which is then distributed to all trees. The trees are grown during training 
stage using the random vector 𝜃𝑘, that will result in a tree-structured classifiers 
{ℎ(𝑥, 𝜃𝑘), 𝑘 = 1,    . . . }. The generalization error is calculated by [16]: 

PE ∗ =  PX, Y(mg(X, Y)  <  0) (7)  

where X and Y are random vectors and mg is the margin function.  

   Gauss Naive Bayes The Gaussian Naïve Bayes classifier is a special case of Naïve 
Bayes in continuous case. 

𝑓(𝑥) =
1

𝜎√2𝜋
𝑒

−(𝑥−𝜇)2

2𝜎2  
 (8)  

In practice, we assume that each of the probability function has a Gaussian distribu-
tion, only need to calculate mean 𝜇 and variance 𝜎² to obtain the density in Eq. (10).  

https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Decision_tree_learning
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(𝑥𝑖|𝜔𝑖) = 𝑓(𝑥𝑘) (9)  
 
This classifier is called Gaussian Naïve Bayes. In which we need to compute the 

mean 𝜇𝑖 and variance 𝜎² of each training samples of classes 𝜔𝑖.  

Support Vector Machines. Support Vector Machine (SVM) is a non-paramatric 
classifier. Basically, SVM is basically a  linear binary classifier that assigns a class label 
to test data for classification. It tries to maximize the margin between the two classes. 
However, it can also be adopted to non-linear data by applying kernel techniques. An 
SVM constructs a hyperplane in an infinite-dimensional space which is used for classi-
fication or regression. This hyperplane is obtained by finding the maximum separation 
between two classes with the nearest training data points. These data points are termed 
as support vectors. SVM is a highly powerful model that can produce optimal accuracy 
even in the presence of lower training samples.  

3 Experimental Results 

A number of experiments were performed to obtain the optimal parameters for each 
model. All the experiments were performed on the standard Intel (R) Core (TM) İ5-
7200U CPU @ 2.50GHz computer in an Anaconda environment with Python as the pro-
gramming language.    The training dataset consists of 4176 samples. These samples 
were divided into training consisting of 2923 samples (70%) and testing 1253 samples 
(30%) subsets.  

   The Training accuracy with different optimizers is shown fig. 1. BPFFNN model 
obtained high accuracy for both training and testing. Moreover, Adadelta optimizer 
scored better compared to other optimizers with BPFFNN (89% training and 88% test-
ing). The figure shows that all optimizers produced similar results except Sgd optimizer. 

   In fig. 2 the convergence of five different optimization algorithms is illustrated in 
terms of training loss over the epochs. BPFFNN model had a lower training loss with 
Adagrad optimizer. Sgd starts with a rapid descent, but after 150 epoch stops improving. 
Rmsprop, Adadelta and Adam optimizers seem to perform almost the same. 

Table 1 shows the confusion matrix for a multiclass classification problem with three 
classes (1, 2 and 3). As seen in the table, TP1 is the number of true positive samples in 
the class 1, that is, the number of samples that are correctly classified from class 1.  E12 

is misclassified samples, i.e., the samples from class 1 that were incorrectly classified as 
class 2. Accordingly, the false negative in the 1 class (FN1) is the sum of all class 1 
samples that were incorrectly classified as class 2 or 3, i.e., is the sum of E12 and E13. 

Briefly, FN of any class is equal to the sum of a row except value TP. The false 
positive (FP) of any class is equal to the sum of a column except the value TP. The true 
negative (TN) of any class is equal to the sum of values except row of true class and the 
column of predicted class.  

FN1=E21 + E31 
(10)  

FP1 = E12 + E13 
(11)  



6 

TN1 = TP2 + E32 + E23 + TP3 
(12)  

Table 2 summarizes the accuracy of all the classifiers. Generally, all classifiers per-
formed equally well, except the Gauss Naive Bayes, which obtained relatively lesser 
accuracy (60.88%).  Moreover, the Random Forest classifier produced the highest per-
formance on our dataset (87%) followed by SVM, which achieved an accuracy of 86.76 
%. Furthermore, KNN and Decision tree classifiers reach almost equal accuracy 86.28%, 
86.44%, respectively. Compared with the other classifiers, the performance of the pro-
posed model was relatively better. From the obtained results, we can conclude that the 
BPFFNN reached the best accuracy in the abalone age prediction task. 

Table 1 The confusion matrix for a multiclass classification problem with three classes. 

             Pred 

   True  
G1 G2 G3 

G1 TP1 E21 E31 

G2 E12 TP2 E32 

G3 E13 E23 TP3 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 

 
 

Fig.1. Training accuracy with different optimiz-

ers  
Fig. 2. Training loss for each optimizer. 

 

 

Fig. 3 Mean Square Error for different optimizers  



7 

Table 2 Comparison of applied algorithms. 

No Method Accuracy % 

1 KNN 86.28 

2 Gaus Naive Bayes 60.84 

3 Decision Tree 86.44 

4 Random Forest 87.00 

5 Support Vector Machine 86.76 

6 Proposed (BPFFNN) 88.25 

 

The confusion matrix of the Random Forest algorithm is presented in Table 3. Ob-
tained results demonstrate that it performs the best results for Group-2 class of the da-
taset. There only 8 data in Group-2 that are misclassified. One thousand forty-one data 
in Group 2 are classified correctly. Only 3 data classified correctly in Group-3, which 
shows it does not perform well. 

Table 3 Confusion matrix for Random Forest.  

            Pred 
 True  

G1 G2 G3 

G1 35 31 0 

G2 7 1041 1 

G3 0 136 3 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 

 
Confusion matrix of SVM algorithm is presented in Table 4. Obtained results 

demonstrates that, the SVM algorithm gave the worst results after the Gauss Naïve 
Bayes algorithm for class 2 (between 7 and 16 age of abalone).  59 data in class 2 are 
misclassified, that is, FN2.    

Table 4 Confusion matrix for SVM. 

             Pred 

   True  
G1 G2 G3 

G1 44 22 0 

G2 11 990 48 

G3 0 85 54 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 

 
Confusion matrix of KNN algorithm is presented in Table 5. Obtained results 

demonstrates that, 1006 data in class 2 are classified correctly, i.e. TP2. Only 35 data 
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classified correctly in the 3(above 16 age of abalone) class, that is, TP3. The KNN and 
decision tree algorithms gave the worst results for class 1. 

Table 5 Confusion matrix for KNN. 

             Pred 

   True  
G1 G2 G3 

G1 41 25 0 

G2 11 1006 32 

G3 0 104 35 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 

 
Confusion matrix of Gauss Naive Bayes algorithm is presented in Table 6. Obtained 

results demonstrates that, relevant algorithm preform the best results for 1(below 7 age 
of abalone) and 3 (above 16 age of abalone) class of the dataset. There only 4 data in 
class 1 (below 7 age of abalone) that are misclassified, that is, FN1. The Gauss Naive 
Bayes algorithm gave the worst results for class 2.  Only 629 data classified correctly in 
the 2((between 7 and 16 age of abalone)) class, i.e. TP2. 420 data in class 2 are misclas-
sified, that is, FN2. 

Table 6 Classification result for  Gauss Naive Bayes  

             Pred 

   True  
G1 G2 G3 

G1 62 4 0 

G2 108 629 312 

G3 0 67 72 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 

The confusion matrix of the decision tree algorithm is presented in Table 7. Obtained 
results demonstrate that 1018 data in class 2 are classified correctly, i.e. TP2. Only 31 
data in class 2(between 7 and 16 age of abalone) are misclassified, that is, FN2. The 
decision tree algorithm gave the best results after the random forest algorithm for class 
2. Only 24 data classified correctly in the Group 3. The decision tree algorithm gave the 
worst results after the random forest algorithm for class 3. While for 3 class, it does not 
perform well.  

Table 7 Classification result for  Decision Tree. 

             Pred 

   True  
G1 G2 G3 

G1 41 25 0 

G2 10 1018 21 

G3 0 115 24 

G1: age < 7, G2: 7 ≤ age ≤, and G3: age > 16 
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The overall results obtained for abalone classification using the six conventional 
classifiers were satisfactory except Gauss Naive Bayes classifier. The proposed 
BPFFNN outperformed all other classifiers in terms of classification accuracy. In addi-
tion, we compared our approach with CNN based method proposed by authors in [8], 
which reported 79.09% accuracy. We believe that for simple datasets such as the one we 
used in this study, the conventional machine learning approaches are more effective than 
deep learning-based approaches. Even though deep learning-based approaches have 
shown high classification accuracy for many problems, yet they are data intensive. We 
prefer conventional machine learning approaches over deep learning methods for both 
ease of implementation and classification accuracy in scenarios like this where the da-
taset is small. 

4 Conclusion 

    This paper focused on abalone age prediction using machine learning techniques. 
Six state-of-the-art models were employed, which are commonly used for classification 
tasks. We further quantified the performance of BPFFNN using five different optimizers 
to select the one that performs best. For our dataset, BPNN yielded the highest accuracy 
(88%), followed by the random forest classifier (87%). In the future, we would like to 
extend our method by employing an automatic feature extraction step from images of 
the abalone for its age prediction.  
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