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ABSTRACT 
Several recent studies have shown the possibilities of deep 

learning technologies for traffic forecasting problems. Most 
researchers in this domain notice that hyperparameter settings have 
a strong impact on the forecasting accuracy of a deep neural 
network (DNN) model. To address this issue, an effective 
metaheuristic algorithm based on grey wolf optimizer (GWO) is 
presented in this study for finding out a set of suitable 
hyperparameters for DNN because the design of GWO takes into 
account the trade-off between exploitation and exploration during 
the convergence process. To evaluate the performance of the 
proposed algorithm, it is used to find out a set of suitable 
hyperparameters of DNN for solving the so-called network-wide 
time series traffic forecasting problem. Experimental results show 
that the proposed method can obtain better hyperparameter 
configurations than other hyperparameter optimization algorithms 
compared in this study. 

KEYWORDS 
Grey wolf optimizer, Hyperparameter optimization, Deep neural 
network. 

1 INTRODUCTION 
Under limited road resources, the continuously rising number of 

vehicles may cause a large number of traffic congestions. To 
mitigate these problems, most countries have paid close attention 
to the development of intelligent transportation system (ITS) 
technologies [1] in the hope that they may use it to improve traffic 
conditions. In recent years, different deep neural network (DNN) 
methods [2–7] have been presented for solving various prediction 
problems in recent years. For the DNN model training process, the 
accuracy of the prediction model will be greatly affected by the 
external settings [8], such as weight initialization, hyperparameter 
selection, network architecture, and so forth. That is why we have 
to select and fine-tune the hyperparameters of DNN for training the 
model. These hyperparameters can be the type of optimizer, 
learning rate, batch size, or even the type of activation function. For 
the researcher who is not familiar with deep learning or the domain, 
finding out a set of appropriate hyperparameters is a difficult task. 
Even for an expert, she or he will need to give it a try to get a good 
set of hyperparameters.  

Most of the researchers in the machine learning domain know 

that the trial-and-error method is not a cost-effective method 
because DNN models take time to train. How to use a search 
algorithm to automatically find out a set of suitable 
hyperparameters has become a promising research topic for years 
[9–15]. Among the search algorithms, since metaheuristic 
algorithms provide an effective way to balance the searches of 
exploration and exploitation, they have been used in several recent 
studies to find out the suitable hyperparameters for DNNs. 
Examples are genetic algorithm (GA) [13–15], and particle swarm 
optimization (PSO) [16–18]. Different to traditional search 
methods (e.g., grid search or random search), metaheuristic 
algorithms are able to achieve better performance by maintaining a 
higher search diversity and using powerful search strategies. In this 
study, the grey wolf optimizer (GWO) [19] is used for tuning the 
hyperparameters of the DNN model equipped with long short-term 
memory (LSTM) and attention layer for the traffic forecasting 
problem. 

The remainder of this paper is structured as follows. Section II 
gives the definitions of hyperparameter optimization problems and 
the possible ways for solving this problem. Section III shows the 
architecture of DNN model with the proposed hyperparameter 
optimization algorithm. Section IV presents the experimental 
results and gives a detailed analysis. Finally, the concludes are 
drawn in Section V.  

2 RELATED WORK 

2.1 Problem Definition of Hyperparameter 
Optimization  

As we mentioned before, hyperparameters will greatly affect the 
training performance of DNN models. A slight difference of 
hyperparameters might degrade the accuracy of a prediction model. 
To find a high-quality set of hyperparameters with high efficiency, 
search algorithms were proposed for solving the hyperparameter 
optimization problem (HPO). Now, let ℋ denote all the possible 
combinations of hyperparameters of this optimization problem and 
ℎ�⃗ = (ℎ1, ℎ2, ℎ3, . . . ℎ𝑑𝑑)  denote a possible combination sampled 
from ℋ. The goal of HPO is to minimize the loss function ℒ by 
generating candidate solutions iteratively to obtain the optimal 
hyperparameter configuration ℎ�⃗ ∗ so as to boost the accuracy of the 
model on the traffic forecasting. The traffic data are time series data 
that are constantly detected by the sensors on the road, e.g., vehicle 
detector (VD) or camera.  

The dataset 𝒟𝒟 will be divided into three subsets; namely, the 
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training subset 𝒟𝒟𝑡𝑡, the validation subset 𝒟𝒟𝑣𝑣, and the testing subset 
𝒟𝒟𝑇𝑇  where 𝒟𝒟𝑡𝑡 ∩ 𝒟𝒟𝑣𝑣 ∩ 𝒟𝒟𝑇𝑇 = ∅ . The HPO problem can now be 
defined as follows: 

ℎ�⃗ ∗ = arg min
ℎ��⃗ ∈ℋ

ℒ(𝒟𝒟𝑇𝑇,ℳ(𝒟𝒟𝑡𝑡, 𝒟𝒟𝑣𝑣,𝒜𝒜, ℎ�⃗ )) , (1) 

where ℒ  is the loss function to evaluate the error between the 
ground truth 𝑌𝑌𝑡𝑡 and the prediction result by using model ℳ that is 
trained by the machine learning algorithm 𝒜𝒜  using the training 
dataset 𝒟𝒟𝑡𝑡 , the validation dataset 𝒟𝒟𝑣𝑣 , and the hyperparameter 
configuration ℎ�⃗ . 

2.2  The Hyperparameter Optimization 
Algorithms  

Most of the hyperparameter tuning methods in the early stage 
research use more intuitive ways, such as manual search [20], [21] 
and grid search [22] to find out the suitable hyperparameters. When 
training a DNN model, the cost for evaluating the performance of 
a set of hyperparameters is so high that makes it infeasible to use 
exhaustive approaches. Thus, researchers have turned to finding out 
an approximate solution in a limited time. In addition to grid search, 
Bergstra et al. [9] adopted random search for HPO problems to 
achieve a better result efficiently by avoiding searching for the 
same solutions. Sequential model-based optimization (SMBO) [12] 
is a framework of Bayesian Optimization (BO) for solving HPO 
problems. It leverages the past input and evaluation value to build 
a model for determining the next solution. By updating the model 
iteratively, the model will become stable and have fewer 
uncertainty regions. Spearmint [10] is a Gaussian process (GP) 
based algorithm for finetuning the hyperparameters. It works on 
both continuous and discrete solution spaces but is hard to be useful 
on conditional hyperparameter space or high-dimensional solution 
space. The tree-structured Parzen estimator (TPE) was first 
proposed in [11], which improve the ability of  solve HPO problems 
on non- continuous search space by constructing the two different 
distributions. 

Since metaheuristic algorithms are capable of finding an 
approximate solution in solving optimization problems within a 
reasonable time, some recent studies [13–15], [23] have attempted 
to apply it to HPO. For instance, Loshchilov et al. [23] used 
covariance matrix adaptation evolution strategy (CMA-ES) to 
search for the hyperparameters for a DNN model trained by using 
computer vision datasets. Of course, the genetic algorithm (GA) 
[13–15] was also used for solving HPO. In addition, some other 
swarm intelligence methods have also been used in solving HPO in 
recent years. In [16], [17], Lorenzo et al. used particle swarm 
optimization (PSO) for tuning hyperparameters of CNN models. 
The methods BOHB [24] and DEHB [25] have attempted to 
combine the Bayesian optimization and differential evolution (DE) 
with hyperband to further improve the performance and efficiency 
of tuning hyperparameters. 

3 PROPOSED METHOD 

3.1 The Basic Idea of GWO  

The grey wolf optimizer [19] is a novel metaheuristic algorithm 
inspired by the social hierarchy and cooperative prediction 
behavior of grey wolves. It aims to establish a mathematical model 
by imitating the group hunting process and social hierarchy of grey 
wolves. GWO regards the lowest level wolves, omega, as the 
search agents to approach the prey (global optimum). Search agents 
relocate their positions according to the distance from the global 
optimum step by step, as defined by  

𝑋⃗𝑋(𝑡𝑡 + 1) = 𝑋⃗𝑋(𝑡𝑡) − 𝐴𝐴 ∙ 𝐷𝐷��⃗ , (2) 

where 𝑋𝑋(𝑡𝑡) and 𝑋𝑋(𝑡𝑡 + 1) represent, respectively, the positions of 
wolves at iterations 𝑡𝑡 and 𝑡𝑡 + 1. The operator ∙ denotes element-
wise multiplication of two vectors, and 𝐷𝐷  is the distance vector 
between the optimal position and the current position and is 
affected by the coefficient vector 𝐴𝐴. It is computed as follows: 

𝐷𝐷��⃗ = �𝐶𝐶 ∙ 𝑋⃗𝑋𝑝𝑝(𝑡𝑡) − 𝑋⃗𝑋(𝑡𝑡)�, (3) 

where 𝑋⃗𝑋𝑝𝑝  represents the current position of the target and 𝐶𝐶  is a 
coefficient vector. The aforementioned 𝐴𝐴 and 𝐶𝐶 are generated with 
randomness to increase exploratory and are computed as follows: 

𝐴𝐴 = 2𝑎⃗𝑎 ∙ 𝑟𝑟1���⃗ − 𝑎⃗𝑎, (4) 

𝐶𝐶 = 2 ∙ 𝑟𝑟2���⃗ , (5) 

where 𝑟𝑟1���⃗  and 𝑟𝑟2���⃗  are both vectors randomly sampled from [0, 1], the 
values in 𝑎⃗𝑎  are linearly decayed from 2 to 0 over iterations. In 
practice, the global optimum is an unknown value. To substitute the 
unknown position of global optimum, the top three solutions so far 
should be distinguished and recorded for guiding the searchers. 
Each search agent will generate three auxiliary solutions at the 
neighborhood according to the guidances. The searchers will get 
deeper into the better region and the new guidance solutions can be 
determined for further exploitation. At later iterations of the 
proposed algorithm, the position of the swarm can be quite close to 
the optimum. To converge the solutions, the values in the 
coefficient vector 𝐴𝐴 displayed in Eq. (4) become small so that the 
auxiliary solutions can locate on the position that is not far off the 
guidances.  

3.2 GWO for Hyperparameter Optimization of 
DNN 

In this study, a DNN model is built for the time series vehicle 
speed prediction. To improve the accuracy of such a model, we 
proposed a method called grey wolf optimizer for hyperparameter 
optimization (GWOHPO), based on the grey wolf optimizer 
(GWO) [19], and used it to search the suitable hyperparameters so 
that the DNN model trained with this configuration can obtain a 
better result. The proposed method for solving the HPO problem is 
as outlined in Algorithm 1. The procedure can be roughly divided 
into four phases, namely, initialization, transition, evaluation, and 
determination. The details of each phase will be described in turn 
below. 

Initialization: At the beginning, several sets of hyperparameter 
combinations are randomly generated within the boundary of a 
uniform distribution according to the self-defined population size 
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𝑛𝑛 . Some hyperparameters, such as the activation functions and 
batch size, will be distributed in a discrete solution space. These 
real numbers have to be converted to a discrete space through the 
rounding-off procedure. After that, all the initial solutions 
(hyperparameter configurations) will be evaluated so that the top 
three best guidance solutions 𝑋⃗𝑋gd = {𝑋⃗𝑋𝛼𝛼, 𝑋⃗𝑋𝛽𝛽 , 𝑋⃗𝑋𝛿𝛿}  can be 
determined. The best model so far ℳ∗ that represents a model that 
has the lowest error ℰ∗ trained by the hyperparameter configuration 
𝑋⃗𝑋∗ is updated. 

 
Algorithm 1: The grey wolf optimizer for hyperparameter 
optimization 
01: Input: 𝑛𝑛,𝒟𝒟  
02: Output: 𝑋⃗𝑋∗ ,ℳ∗ ,ℰ∗  
03: 𝑋⃗𝑋 = Initialization(𝑛𝑛) 
04: Evaluation(𝑋⃗𝑋) 
05: Update 𝑋⃗𝑋gd, 𝑋⃗𝑋∗ ,ℳ∗ ,ℰ∗  
06: While: 𝑋⃗𝑋∗ ,ℳ∗ ,ℰ∗  
07:     Update 𝑎𝑎,𝐴𝐴,𝐶𝐶 
08:     Transition(𝑋⃗𝑋, 𝑋⃗𝑋gd) 
09:     Evaluation(𝑋⃗𝑋,𝒟𝒟) 
10:     Determination(𝑋⃗𝑋gd, 𝑋⃗𝑋∗ ,ℳ∗ ,ℰ∗) 
11: End While  
 
Transition: In this stage, each solution is updated using GWO. 

The three best so far solutions 𝑋⃗𝑋gd  are referred to relocate the 
omega solution to a better position. In order to tap into the potential 
of the search space between the best solutions and the current one, 
the formula mentioned before are modified, as follows: 

𝐷𝐷��⃗ gd = �𝐶𝐶𝑗𝑗 ∙ 𝑋⃗𝑋gd − 𝑋⃗𝑋�, (6) 

𝑋⃗𝑋𝑗𝑗 = 𝑋⃗𝑋gd − 𝐴𝐴𝑗𝑗 ∙ 𝐷𝐷��⃗ gd, (7) 

where 𝐴𝐴𝑗𝑗 and 𝐶𝐶𝑗𝑗 are the coefficient vectors calculated using Eq. (4) 
and Eq. (5), and 𝑋⃗𝑋𝑗𝑗  for 𝑗𝑗 = 1, 2, 3 will be the relocated position 
calculated based on the distance 𝐷𝐷��⃗ gd between the current position 
and the guidance positions 𝛼𝛼, β, and 𝛿𝛿, respectively. Given these 
three positions, the updated location  𝑋⃗𝑋(𝑡𝑡 + 1)  is defined as 
follows: 

𝑋⃗𝑋(𝑡𝑡 + 1) =
𝑋⃗𝑋1 + 𝑋⃗𝑋2 + 𝑋⃗𝑋3

3  . (8) 

For each search agent, the fetched coefficients need to be 
updated. The coefficient vector 𝐴𝐴  in this method is the main 
component to directly impact the performance. The absolute value 
of each element in 𝐴𝐴 is linearly decreased from 2 to 0 as the number 
of iterations increases. It decides how close the solution may 
migrate to the optimum, which means that the population of 
GWOHPO will explore less as the number of iterations increases 
and converge finally. New solutions must be checked again 
whether it exceeds the boundary. Certain hyperparameters should 
be rounded off and eventually be delivered to the neural network 

for evaluation. Fig. 1 illustrates the transition process of 
GWOHPO. The current solution 𝑋⃗𝑋𝜔𝜔(𝑡𝑡)  obtains three auxiliary 
positions according to the guidance 𝑋⃗𝑋𝛼𝛼, 𝑋⃗𝑋𝛽𝛽, and 𝑋⃗𝑋𝛿𝛿for increasing 
stochasticity. Then, the next position 𝑋⃗𝑋𝜔𝜔(𝑡𝑡 + 1) can be determined 
by these auxiliary positions to migrate the 𝑋⃗𝑋𝜔𝜔(𝑡𝑡)  to the 
neighborhood of the guidance solutions.  

 

 

Figure 1: Update strategy in GWOHPO. 

Evaluation: In this study, a prediction model constructed by the 
attention-based LSTM architecture will be used to predict traffic 
time series data. The main components, LSTM and self-attention 
mechanism, are used to capture the temporal correlation between 
traffic states and filter the noise. Dropout layers provide 
regularization to prevent the network from overfitting. Finally, the 
features are mapped to the output space by fully connected layer. 
To speed up the training process, the dataset 𝒟𝒟  is divided into 
batches. A hyperparameter configuration consists of learning rate, 
batch size, dropout rate, the number of units in LSTM and self-
attention layer, and the activation functions. To avoid overfitting, a 
set of data are prepared for validation in each batch.  

Determination: With the testing result of each solution, all the 
solutions can be ranked by their qualities. Thus, the top three best 
solutions can be updated after evaluating the hyperparameter 
configurations. According to the new guidance solutions, the 
population of the GWOHPO can relocate to a better area. If a better 
hyperparameter is found, the best solution so far 𝑋⃗𝑋∗ and the best 
model ℳ∗ with the loss value ℰ∗ should be replaced.  

3.3 The Flowchart of GWOHPO 
The flow of the proposed method is as shown in Fig. 2 that can 

be divided into two parts. The left half is the process of GWOHPO 
updating hyperparameters, and the right half is the process of black-
box evaluation (that is, the result of establishing and training the 
model based on the hyperparameters). The connection of the two 
parts is the input of hyperparameters and the output of model 
evaluation results. Treating the training process of DNN model as 
a black-box, GWOHPO is used for optimizing the input 
hyperparameters. Moreover, GWOHPO will record better solutions 
to attract the search agents for boosting convergence and also 
provide a decayed coefficient to balance exploration and 

𝑋𝑋𝛼𝛼(𝑡𝑡) 

𝑋𝑋𝜔𝜔(𝑡𝑡) 𝑋𝑋𝛽𝛽(𝑡𝑡) 

𝑋𝑋𝜔𝜔(𝑡𝑡 + 1) 

𝑋𝑋𝛿𝛿(𝑡𝑡) 
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exploitation. Search agents will be continuously updated to 
improve the hyperparameters until the termination condition is 
reached, and the hyperparameter combination that makes the model 
have the best evaluation value is retained. In short, given a certain 
hyperparameter setting for a model, training and testing are 
regarded as a black-box operation. The external algorithm, GWO, 
can use the output of the black-box (verification of DNN model) as 
the objective value of solutions and efficiently optimize the 
hyperparameter sets with its powerful searching mechanism. 
Finally, we can obtain the best hyperparameter setting to train a 
DNN model that can be effectively applied on time series 
forecasting problems. 

 

 

Figure 2: The flowchart of proposed method. 

4 EXPERIMENT AND RESULT 

4.1 Environment and Parameter Settings 
To solve time series problem, we build a DNN model equipped 

with LSTM and self-attention mechanism. To standardize the 
performance of the models, we use the opensource framework, 
Tensorflow, for machine learning. All of the empirical analysis is 
conducted on the Intel Core i7- 11700K 3.6 GHz CPU with 64 GB 
of memory and NVIDIA GeForce RTX3070 Ti GAMING OC with 
8 GB memory running on Ubuntu 20.04.1. All programs are written 
in Python 3.8.10 with machine learning library Tensorflow-GPU 
2.5.1 and Keras 2.6.0. To measure the applicability of GWOHPO 
to this problem, five search algorithms will be compared with the 
GWOHPO. They are random search (RS) [9], Gaussian process 
(GP) [10], tree-structured Parzen estimator (TPE) [26], genetic 
algorithm (GA) [15], and particle swarm optimization (PSO) [16]. 
For fair comparison of GWO and other algorithms, the number of 
evaluations is set equal to 500 as the termination condition of the 
HPO search algorithms. All the algorithms are carried out for 5 
runs. 

The selection of hyperparameters and boundary settings is 
shown in Table 1. because certain hyperparameters, such as batch 

size, number of neurons, and activation function, should be input 
as integers, these values are rounded to fit the format of the solution 
encoding. 

Table 1: Boundary Setting of Hyperparameters  

Hyperparameter Magnitude 
Batch size Uniform (20, 500) 

Learning rate Uniform (0, 0.1) 
# of LSTM neurons Uniform (20, 700) 

Dropout rate Uniform (0, 0.5) 
# of Attention neurons Uniform (20, 700) 

# of Dense neurons Uniform (200, 3000) 
Activation function [ ReLU, ELU, softmax, tanh, 

sigmoid, SELU, GELU ] 
 
The model training process will be shut down at the 50-th epoch 

or once the loss value increasing for 5 consecutive epochs to 
prevent the model from overfitting and shorten the experiment 
time. We keep the model with the lowest validation loss for 
evaluation of the HPO optimization. The widely used optimizer for 
updating the weights in the neural network, adaptive movement 
estimation (Adam) [27], is adopted for the model with the gradient 
calculated by backpropagation method. And, the mean square error 
(MSE) is served as the loss function with the mean average error 
(MAE) and the mean average percentage error (MAPE) as 
supplement to analyze the performance of the model.  

4.2 The Traffic Dataset 
The data employed in the experiment are extracted from the 

traffic database of the Freeway Bureau, Ministry of Transportation 
and Communications (MOTC), Taiwan [28]. These data are 
collected by the vehicle detectors on the highway system every 5 
minutes, include average vehicle speed, traffic volume, vehicle 
type, and so on. In this study, the forecasting target of DNN model 
is the average vehicle speed at the next timestamp. Loss value of 
the model is to evaluate the performance of hyperparameters on 
optimization problem. To generate the large-scale traffic prediction 
problem, traffic status data detected from 300 sensor nodes which 
record the section from Keelung to Zhongli is adopted. The traffic 
data are captured for the entire year of 2019. The data of the first 
11 months are used to train the DNN model, 20% of which are 
selected for validation, and the entire December data are used to 
test the performance of the model. 

4.3 Results 
Since the population size may affect GWOHPO performance 

for finding the hyperparameters of the DNN model, we conducted 
parameter experiments on the swarm size first, and the swarm size 
is starting from 5 and increasing to 20 at intervals of 5. Due to the 
constant termination condition, the number of iterations will 
decrease when the swarm size increases. Moreover, if we set swarm 
size equal to 20, GWOHPO cannot obtain an effective 
configuration due to insufficient number of iterations. On the other 
hand, since the elements in coefficient vector 𝐴𝐴  will gradually 
converge to 0 in the later stage, the algorithm will start to exploit 
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the solution space even though the exploratory search is insufficient 
that the swarm cannot get enough information to relocate to a better 
position. From the results of the  Table 2, when we set the number 
of evaluations equal to 500, there is a trend that the smaller the 
swarm size, the better the result. For each swarm size, we 
conducted 5 trials and averaged the results of each run. As shown 
in, GWOHPO can obtain the best results when the swarm size is 5. 

Table 2: Result of GWOHPO with Different Swarm Size on 
Average  

Swarm size MAE MSE MAPE 
5 1.710 14.713 2.899 

10 1.768 15.032 3.019 
15 1.727 15.004 2.958 
20 3.316 45.138 5.757 

 
The convergence curves for all the algorithms compared in this 

study are as shown in Fig. 3. At the very beginning of the 
convergence process, GA first converges to a slightly better 
solution, but the premature searchers and incompatibility for 
continuous encoding of GA would make it get the worst 
performance among all the algorithms. Compared to RS, GP 
obtains the posterior probability by fewer solutions to estimate the 
next possible solution. Although GP can efficiently find out an 
acceptable hyperparameter configuration set, it also may be stuck 
in a local optimum and cause unstable performance in each run. 
Moreover, PSO and TPE are not only efficient but also more stable 
to find better solutions. The former updates the position by 
referring to the historical best solution and can constantly discover 
a better position on every iteration, the latter divides the samples 
into two groups and requires more attempts to build the distribution 
in the midterm of the convergence process. 

Table 3 shows that the final average results for 5 runs on MAE, 
MSE, and MAPE are 1.710, 14.713, 2.899, respectively. This 
indicates that GWOHPO outperforms all the other algorithms 
compared in this study for finding out the hyperparameters. As 
shown in Fig. 4, GWOHPO can not only make the model reach a 
lower loss value but also have more stable performance on final 
result. In summary, compared to other methods, GWOHPO reports 
similar hyperparameter values and keeps high-quality and stable 
performance. 

5 CONCLUSIONS 
In this research, GWOHPO is presented for optimizing the 

hyperparameters to find out the most suitable architecture and 
configuration of a neural network that minimize the loss value. 
LSTM and self-attention mechanism are utilized in the DNN model 
to solve the time series problem and predict the future traffic status. 
The data are collected from the highway system in Taiwan and 
consists of vehicle speed of 300 vehicle detectors with 5-minute 
time interval to simulate the largescale dataset for evaluating the 
performance of a DNN model. In the experiment, GWOHPO is first 
tested on the swarm size. It shows that GWOHPO can get the best 

performance when the swarm size is set equal to 5 if the number of 
evaluations is set equal to 500. The experimental results show that 
GWOHPO can obtain better hyperparameter configurations for the 
DNN model in traffic forecasting in terms of MAE, MSE, and 
MAPE. In the future, we will endeavor to improve GWOHPO with 
a better mechanism to balance the exploration and exploitation and 
automatically adapt to a parameter setting befitting GWOHPO. 

 

 

 

 

Figure 3: Convergence of MSE, MAE, and MAPE on average. 

Table 3: Comparison of Hyperparameter Optimization 
Algorithm on Average 

Algorithm MAE MSE MAPE 
RS 2.317 20.700 3.951 
GP 2.559 25.442 4.428 
TPE 1.894 16.591 3.251 
GA 3.438 41.125 5.836 
PSO 1.980 17.318 3.390 

GWOHPO 1.710 14.713 2.899 
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Figure 4: Variation of the output errors on average. 
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