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Abstract
The research work presented here tackles the problem of finding the optimum value for hyper-parameters, such as num-
ber of layers and number of neurons per layer, for a fully-connected Artificial Neural Network (ANN), particularly in regres-
sion problems. A proposed optimization strategy is tested on different datasets related to diverse industrial applications: 
(1) prediction of the performance of exploration algorithms for mobile robots, (2) prediction of the compressive strength 
of concrete, (3) prediction of energy output from a power plant; and (4) prediction of wine quality. Different evaluation 
metrics, such as Pearson correlation coefficient (R), Square Correlation Coefficient  (R2), Absolute Relative Error (RAE), 
Root Mean Square Error (RMSE), and Mean Absolute Error (MAE), are used to determine the best performing prediction 
model when the hyper-parameter optimization algorithms are used. That result is compared to the performance of the 
best model previously reported in the literature on the same dataset in order to determine the gains achieved by using 
the hyper-parameter optimization strategy under test.

Keywords Machine learning · Artificial neural network · Optimization algorithms · Hyper-parameters

1 Introduction

When working on regression problems with feed-forward, 
fully-connected Neural Networks (FFNN) models, hyper-
parameters, such as number of layers, number of neurons 
per layer, learning rate, activation function, among oth-
ers, are set by the designer usually through hand tuning 
or trial and error method [1]. Unfortunately, the perfor-
mance of these networks is very sensitive to the value 
of hyper-parameters and a manual selection procedure 
is time-consuming and does not guarantee an optimal 
solution, since typically an exhaustive search is not prac-
tical due to the large number of possibilities involved. 
Several recent works in machine learning are focused on 
improving hyper-parameter optimization methods [2] to 
facilitate the automatic determination of optimal ANN 

hyper-parameters. In the literature we can found Bayes-
ian optimization [3, 4] random search [5], tree-structure 
parzen estimators [5], among others.

The general objective in this research work is to apply 
a hyper-parameter optimization method to determine 
two specific hyper-parameters, the number of layers and 
number of neurons per layer in a FFNN. In this paper we 
propose the Hill Climbing with random restart and Tabu 
List optimization methods as a strategy to optimize the 
hyper-parameters named above for a regression model 
based on a FFNN in applications of small data.

We test the performance of the optimization method 
using different datasets publicly available on the web, 
all with related existing literature, finding that the values 
of the evaluation metrics obtained when using our pro-
posed method are better than the values reported in the 
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references [6–9]. The regression models predicted the 
following target variables: Performance of the Random 
Walk (RW) exploration algorithm, performance of the 
Random Walk Without Step Back (RW_WSB) exploration 
algorithm, performance of the Q_Learning exploration 
algorithm in autonomous robots, compressive strength 
of concrete, power consumed by a full-load plant and 
quality of red wine.

In order to compare the performance obtained when 
using the proposed hyper-parameter optimization 
method against a hand tuning design, the same evalua-
tion metrics are used. The metrics involved are: Absolute 
Relative Error (%RAE), Pearson Correlation Coefficient (R), 
Root Mean Square Error (RMSE), Square Correlation Coef-
ficient  (R2) and Mean Absolute Error (MAE).

The machine learning technique used to design the 
predictor is a fully-connected, multilayer perceptron, 
artificial neural network (ANN) with one or two hidden 
layers, suitable to represent a non-linear model and con-
nected by feed-forward links. Small network structures, 
i.e., few layers (one or two) and few of neurons per layer 
(< 20), are sufficient to solve regression problems applied 
to small data (400–10,000 samples) with a low number 
of features (4–11).

This document is organized as follows: Sect. 2 describes 
the datasets used in the experiments; Sect. 3 presents the 
optimization methods based on Hill Climbing with ran-
dom restart and Tabu List; in Sect. 4, experimental results 
are presented and compared; and Sect. 5 contains the 
conclusions.

2  Small datasets

Many recent applications of Machine Learning focus on 
the use of big datasets for training, however, there are still 
many interesting problems where the available datasets 
are small. It can be argued that the same type of optimiza-
tion methods are not appropriate for both types of data-
bases (big and small), therefore in this paper we propose 
a low-complexity method with excellent results for small 
databases. Table 1 summarizes the main characteristics 
of the six datasets used in this work. Three of the data-
sets were obtained from our own simulations of the RW, 
RW_WSB and Q_Learning algorithms for a specific robotic 
exploration scenario. The variable to be predicted in this 
application is defined as the maximum number of steps in 
which the robot reaches the target object for a given set of 
conditions. The experimental setup is described in [6] and 

Table 1  Characteristics of the datasets used for testing

RW, RW_WSB and Q_learning dataset
5 inputs Inputs: Number of rows in the grid, Number of 

columns, Number of obstacles, Target object X 
coordinate, Target object Y coordinate.

Target variable Maximum number of steps
Type of data Integer
Type of variables Quantitative
No. instances 475
Prediction model evaluation (metrics) RAE and R

Concrete compressive strength data set
8 inputs Inputs: Cement, Blast furnace slag, Fly ash, Water, 

Superplasticizer, Coarse aggregate, Fine aggregate, 
Age.

Target variable Concrete compressive strength
Type of data Real
Type of variables Quantitative
No. instances 1030
Prediction model evaluation (metrics) RMSE and  R2

Combined cycle power plant data set
4 inputs Inputs:  Temperature, Ambient pressure, Relative 

humidity, Exhaust vacuum.
Target variable Energy output
Type of data Real
Type of variables Quantitative
No. instances 9568
Prediction model evaluation (metrics) MAE and RMSE

Wine quality data set
11 inputs Inputs:  Fixed acidity, Volatile acidity, Citric acid, 

Residual sugar, Chlorides, Free sulfur dioxide, Total 
sulfur dioxide, Density, pH, Sulphates, Alcohol.

Target variable Quality [0–10]
Type of data Real
Type of variables Quantitative
No. instances 1599
Prediction model evaluation (metrics) MAE
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[10]. The other three datasets were downloaded from the 
public UCI repository [11]. One of them is used to predict 
the compressive strength of concrete from the quantities 
of each ingredient used in production [7]. Another data-
set is used to predict the full-load electrical power out-
put required for a power plant based on several features 
collected during a period of 6 years (2006–2011) [8]. The 
last dataset is used to predict the quality of red wine from 
some physiochemical properties [9]. The target variable is 
a valuation between 0 (very bad wine) and 10 (very excel-
lent wine), made by wine experts.

3  Hyper‑parameter optimization

Often, the hyper-parameters are determined by a random 
search inside a limited set of possibilities, picking the val-
ues that achieve the best performance. However, there is 
a optimization method proposed in [6] which calculates 
the number of layers and neurons per layer that maximizes 
the performance of the neural network for one or two lay-
ers and therefore, gets the best descriptive metrics of sys-
tem behavior. This previous work detailed in [6] shows an 
improvement in predictor performance when Hill Climb-
ing with Random Restart algorithm is applied to find the 
optimal ANN architecture comparing the results with a 
simple Hill Climbing algorithm, demonstrating that the 
results with the introduction of Random Restart are bet-
ter. Hill Climbing is restarted several times using randomly 
chosen starting points, i.e. Random Restart method [12].

The prediction process include an optimization sub-
process as shown in Fig. 1. This process consists in the 
application of an optimization algorithm to calculate the 
number of layers and number of neurons per layer in a 
neural network model. The Hill Climbing- Random Restart 
and Tabu List algorithms originally presented in [12] are 
proposed to search for the ANN topology that minimizes 
error metrics and maximizes, at the same time, the correla-
tion between the predicted data ŷi and the actual data yi 
in a number of experimental conditions N.

The Fig. 2 shows a grid with the all possible struc-
tures of the neural networks to be trained, validated 
and tested. The number of neurons has been limited to 
an integer number in the range [1,20] and the number 
of layers has been limited to the integer range [1,2]. To 
ensure that optimization algorithms include single and 
two layer neural network structures, we vary the num-
ber of neurons in layer two between zero and twenty 
[0–20]. If a local optimum is found in the zero column of 
the search grid, it means that the structure of the neu-
ral network is single layer. Variations with respect to the 
rows of the zero column between one and twenty [1–20] 
determine the number of neurons in layer 1 when these 

structures are presented. For example, for the coordi-
nate (20,0) shown in Fig. 2, a structure of 20 neurons in 
layer 1 and zero neurons in layer 2 (structure that does 
not have layer 2) is tested, obtaining a prediction model 
which is evaluated according to the metrics (% RAE, MAE, 
RMSE, R,  R2) defined. Now, for the coordinate (20,10) of 
the same figure a neural network structure of 20 neurons 
in layer 1 and 10 neurons in layer 2 is tested.

Prediction
model

The stop 
condition hasn’t 
been met and the 
maximum num-
ber of iterations 
hasn’t been ex-

ceeded?

Proposed Hyper-parameters

Data collection

ANN
Training

Validation
Testing

Calculating of 
metric evaluation 

of the 
prediction model

Optimization 
Hill Climbing Random Restart 

and Tabu List algorithms

False

True

Fig. 1  Flowchart of the prediction model

Fig. 2  Search grid of the optimal neural network structure
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In an optimization problem, it is possible to find good 
solutions (local optimum), or the best overall solution 
(global optimum) [13]. For the work presented here, Hill 
Climbing and Tabu List optimization are proposed to 
search for the number of layers and neurons per layer that 
maximizes R,  R2 and minimizes  %RAE, RMSE, MAE accord-
ing to the case.

The Fig. 3 shows that Hill Climbing Random Restart and 
Tabu List algorithms converge and find the same minimum 
RAE, RMSE or MAE error on the search grid that satisfies the 
requirements of the problem. However, when comparing 
the two algorithms we note that Tabu List converges with 

less iterations than those spent by Hill Climbing Random 
Restart.

For Fig. 3a it shows in the blue line curves that Tabu 
List spends approximately 50% less iterations than those 
spent by Hill Climbing Random Restart shown with red 
lines. Figure 3b, c and d show that each optimization algo-
rithm finds in each application area the same minimum 
errors (RMSE and MAE) independently. A minimum RMSE 
of 1891 and 3,385 is found for the prediction model of the 
compressive strength of concrete and of the energy out-
put from a power plant respectively. A minimum MAE of 
0.2395 is found for the prediction model of wine quality.

In Fig. 4, the Y axis represents the number of neurons 
in layer 1, the X axis represents the number of neurons in 
layer 2, the Z axis is the value of the metric. The highlighted 
point in each figure are the maximum or minimum found 
by the optimization algorithms. The color scale shows in 
blue tones magnitudes close to zero and in red tones large 
magnitudes indicated by the scale next to the color map. 
In the case of the  % RAE, RMSE and MAE metrics, where a 
value close to zero is desired, the blue areas provide good 
architectures, on the contrary, for the R and  R2 metrics, 
where a large value (close to 1) is desired, red areas pro-
vide good architectures.

In the case of RW exploration algorithm, the color maps 
in Fig. 4a and b indicate that an optimal structure is found 
when there are 19 neurons in layer 1 and 19 neurons in 
layer 2. At this point, [19:19], the  %RAE is a minimum of 
2.550%. The R is a maximum of 0.9957 when the structure 
is [16:10], that is, 16 neurons in layer 1 and 10 neurons in 
layer 2. However, the structure [19:19] is selected because 
for this structure,  %RAE is higher than the other one and 
the difference between both R’s is close to zero.

In the case of the RW_WSB exploration algorithm, 
Fig. 5a and b indicate that an optimal structure is found 
when there are 18 neurons in layer 1 and 20 neurons in 
layer 2, with a minimum  %RAE of 3.307%. The R is a maxi-
mum of 0.9957 when the structure is [14:10]. The structure 
[18:20] is selected by the same reasons described above.

For the Q_Learning algorithm, the optimal structure is 
[19:18] in Fig. 6a, 19 neurons in layer 1 and 18 neurons 
in layer 2. The minimum  %RAE presented at this point 
is 5.412%. With regard to R in Fig. 6b, the maximum was 
found for the [14:19] structure, however the former is 
selected because the difference between both R is negli-
gible but the difference between both  %RAE is significant.

In the concrete compressive strength prediction, a mini-
mum RMSE of 1.891 MPa and a maximum R2 of 0.9868 was 
found at [17:18], therefore, the optimal structure has 17 
neurons in layer 1 and 18 neurons in layer 2. See Fig. 7a 
and b.

For the power plant prediction, a minimum RMSE of 
3.39 MWh were located at point [20:20]. See Fig. 8.

Fig. 3  Convergence curves to compare Hill Climbing Random 
Restart and Tabu List
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Finally, for the case of wine quality prediction a mini-
mum MAE of 0.239 was located at [20:20]. See Fig. 9.

4  Results and comparisons

In this section the results obtained when hyper-param-
eter optimization is used are compared against the best 

(a) (b)

Fig. 4  Location of the minimum  %RAE (a) and maximum R (b) that presents the optimal structure ANN for the performance predictor of the 
RW exploration algorithm

(a) (b)

Fig. 5  Location of the minimum  %RAE (a) and maximum R (b) that presents the optimal structure ANN for the performance predictor of the 
RW_WSB exploration algorithm

(a) (b)

Fig. 6  Location of the minimum  %RAE (a) and maximum R (b) that presents the optimal structure ANN for the performance predictor of the 
Q_Learning exploration algorithm
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previously reported results for each dataset, beginning 
with the RW, RW_WSB and Q_Learning exploration 
algorithms. The model used in the state of the art is an 
ANN whose number of neurons per layer is found using 
hand tuning while in the proposed model a Hill Climb-
ing with Random restart and Tabu List algorithms were 
used. Table 2 presents the corresponding  %RAE and 

R reported in [6] and the  %RAE and R reported in this 
work.

R is close to 1 when the proposed method is used. With 
respect to  %RAE for RW, RW_WSB and Q_Learning, it was 
reduced by 92,47%, 90.41% and 87.38% respectively.

For the following application, prediction of concrete 
compressive strength, the reference method used an 
ANN too, but the searching of hyper-parameters was 
made using hand tuning. Table 3 presents the correspond-
ing RMSE and  R2 reported in [7] versus the RMSE and  R2 
reported in this work.

The structure obtained with the reference method was 
simpler than with our proposed method, but the metric 
RMSE was reduced in a 56.25% and  R2 was increased in 
a 5.85%.

With respect to power prediction both methods used 
ANNs and cross validation. Table 4 presents the corre-
sponding RMSE reported in [8] versus the RMSE reported 
in this work. The proposed hyper-parameter optimization 
achieved a decrease of 37.3% in the RMSE. 

Finally, Table  5 presents the corresponding MAE 
reported in [9] versus the MAE reported in this work. For 
the prediction model of red wine quality a reduction of 
53.03% in MAE was achieved when the proposed optimi-
zation algorithm is used.

In general, the results show an improvement in the 
performance of the prediction model when optimization 
methods that calculates the hyper-parameters of the neu-
ral network (number of layers and number of neurons per 
layer) are included.

5  Conclusions

This research work extends previous work by the authors, 
[6, 11], demonstrating that an ANN can predict bet-
ter when an optimization algorithm to determine the 

(a) (b)

Fig. 7  Location of the minimum RMSE (a) and maximum  R2 (b) that presents the optimal structure ANN for the concrete compressive 
strength predictor

Fig. 8  Location of the minimum RMSE that presents the optimal 
structure ANN for the predictor of power consumed by a full-load 
plant

Fig. 9  Location of the minimum MAE that presents the optimal 
structure ANN for the predictor of wine quality
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hyper-parameter (number of layers and number of neu-
rons per layer) is applied. Three different optimization 
strategies were compared: hand tuning versus Hill Climb-
ing-Random Restart and Tabu List. Although Hill Climbing-
Random Restart and Tabu List reach the same target, we 
observed in the convergence curves that Tabu List con-
verges faster than Hill Climbing-Random Restart.

In general, the comparison of the resulting evaluation 
metrics shows evidence that the proposed optimization 
methods have a significant and positive impact on model 
performance.

Reference results presented in the state of the art 
were obtained using hand tuning. With the proposed 
optimization algorithms, improvements were achieved 
on the performance metrics: Pearson correlation coef-
ficient is close to one and MAE, RMSE and  %RAE are 
reduced by 80% with respect to previous results. This 

work focuses on optimizing the topology of a neural net-
work, that is, number of layers and neurons per layer in 
order to improve the initial results reported in different 
references. It is necessary to compare the performance 
of the proposed method with others found in the lit-
erature, taking into account that such state-of-the-art 
methods are typically designed for big datasets and their 
performance may be hindered when there is less data 
available.
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Table 2  Comparative table of 
results in testing for prediction 
of the RW, RW_WSB and Q_
Learning performance

Area of
application

Results Referenced 
method

Proposed method

Prediction of performance for algorithm RW %RAE 33.89 2.55
R 0.9194 0.9898
Structure ANN 8 [19:19]

Prediction of performance for algorithm RW_WSB %RAE 34.54 3.31
R: 0.9203 0.9881
Structure ANN 12 [18:20]

Prediction of performance Q_Learning %RAE 42.89 5.41
R: 0.8830 0.9717
Structure ANN 9 [18:19]

Table 3  Comparative table of results in testing for prediction of the compressive strength of concrete

Area of application Results Referenced method Proposed method

Prediction of the compressive strength of concrete RMSE 4.32 MPa 1.89 MPa
R2 0.929 0.9868
Structure ANN 4 [17:18]

Table 4  Comparative table of results in testing for prediction of the power consumed by a full-load plant

Area of application Results Referenced method Proposed method

Prediction of the power consumed by a full-load plant RMSE 5.399 M Wh 3.385 M Wh
Structure ANN It was not specified [20:20]

Table 5  Comparative table of 
results in testing for prediction 
of the quality of red wine

Area of application Results Referenced method Proposed method

Prediction of the quality of red wine MAE 0.51 0.2395
Structure ANN It was not specified [20:20]
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