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Abstract. Pedestrian moving direction recognition (PMDR) is a challenging task due to intra-class variation of pedes-
trian in clothing, backgrounds and walking pose. Deep convolutional neural networks (CNN) have demonstrated im-
pressive performance in image recognition. However, it is well known that no general algorithm can be fit for every 
application problem. For a new application task, it is very time-consuming for non-experts to design adequately network 
structure, hyper parameters and an ensemble of base models effectively. In this paper, we present the genetic algorithm 
(GA) based approach in order to automatically construct network structure, tune hyper parameters and generate base 
models. Then these base models with different network structure are performed to constitute an ensemble. Our original 
pedestrian moving direction dataset is considered as the numerical example to illustrate the performance of the proposed 
method. Convergence property, experiment results, as well as performance analysis in different directions are dis-
cussed. The results indicate that several single base models provided by genetic algorithm have strong classification 
ability for PMDR problem. An ensemble model which is constituted from these strong classifiers achieve better clas-
sification performance for PMDR problem than any single base model and VGG-Net. Furthermore, our results show 
that in some case of recognition task, networks are not “the deeper the better”. For ensemble constitution, base models 
are not “the more the better”. 

Keywords: Genetic algorithm (GA), Convolutional neural networks (CNN), Neural network ensemble (NNE), Pe-
destrian moving direction recognition (PMDR). 

1 Introduction 

Nowadays, smart life appliances are highly demanded, researches of computer vision and the implements have made 
remarkable evolution in the past few years. Pedestrian is the key element of some techniques such as accident avoidance 
and different surveillance task, which act as an essential factor of some future life appliances like self-diving car and 
intelligent transportation system. The study of pedestrian consists of many aspects, like pedestrian detection [1], fine-
grained classification, pose estimation [2] as well as moving direction recognition. In this work, we focus on the moving  
direction recognition of pedestrian, which contributes to the recognition of pedestrian moving intention in different envi-
ronments, so as to enhance the risk detection and automatic processing ability of Autonomous Driver Assistance System 
(ADAS) [3]. 

Since 2012, inspired by the ImageNet Large Scale Visual Recognition Challenge (ILSVRC), where software programs 
compete to correctly classify and detect objects and scenes, Alex Krizhevsky made dramatic breakthrough in solving the 
challenge by proposed the AlexNet [4]. The real capabilities of CNNs are brought to light and become dominant in various 
computer vision tasks. Research of pedestrian recognition also benefited from the progress of study in CNNs such as the 
proposal of DeepParts [5] which focus on complex occlusion problem. Recently, some state-of-the-art CNNs architectures 
such as AlexNet, GoogleNet [6], VGG [7] and ResNet [8] show significant power which achieve lower error rate than 
human for ILSVRC. For pedestrian recognition and related problems, most researches treat pedestrian detection as a 
single binary classification task, which may cause confusion because of the complex environments or hard negative sam-
ples. After reviewing the related works of pedestrian recognition problem, we can conclude that although significant 
progress has made in pedestrian detection area, the pedestrian moving direction recognition problem still has much room 
for improvement.  

In this work, the key contributions of our work are as follows: 
(1) Provide an original pedestrian dataset without complicated background.  
(2) Propose an approach which can automatically generate complex networks structure and tune hyper parameters of 
CNN by GA [9].  
(3) Propose an ensemble model of CNN which provides high recognition rates in the proposed dataset.   
(4) Evaluate the proposed model and state-of-the-art CNNs using original pedestrian dataset. 

The rest of this paper is organized as follows: In section 2, theoretical background is introduced. Proposal algorithms 
are described in Sect. 3. Numerical examples and results, as well as performance analysis and discussion are described in  
Sect. 4. In Sect. 5 the conclusion and future works are presented. 
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2 Theoretical background 

2.1 Convolutional neural network 

Convolutional neural network (CNN) [10] is a special type of feedforward artificial neural network (ANN) [11]. CNN 
performs feature extraction by applying two types of processing layers, which are convolution layers and subsampling  
layers.  

The input to a convolution layer is an h * w * c image where h and w are the height and the width of the image, respec-
tively, and c is the number of channels, e.g. an RGB image has c = 3. The convolution layer has k  filters of size n * n 
where n is smaller than the dimension of the image. The n * n matrix is also called a kernel and the matrix formed by 
sliding the filter over the image and computing the dot product is called the feature map. The  number of filters determines  
how many image features are extracted. An additional operation called non-linear activation function has been used after 
every convolution operation to help prevent overfitting. Each map is then subsampled typically with mean or max pooling 
over p * p contiguous regions where p ranges 2 for small images and is usually not more th an 5 for larger inputs. Either 
before or after the subsampling layer an additive bias and nonlinearity are applied to each feature map  [12]. The fully  
connected layer is a traditional multi-layer perceptron that uses a softmax activation function in the ou tput layer. Each  
fully connected layer has n neurons (i.e. nodes). Every neuron in the previous layer is connected to every neuron on the 
next layer. Recently, dropout methods  [13] was proposed to help CNN prevent overfitting. The total error at the output 
layer is calculated by an error function. Backpropagation is used to calculate the gradients of the error with respect to all 
weights in the network. Gradient descent optimization algorithms (i.e. Optimizer) are used to minimize the output error,  
such as adagrad, adadelta, rmsprop, adam and so on [14]. 

2.2 Neural network ensemble 

Neural network ensemble (NNE) uses a finite number of neural networks for the same learning task, and the final output 
is decided by a combination of the different networks outputs [15].  

We take regression as an example to explain how NNE works. Suppose the input 𝑥 ∈ 𝑅𝑚 meets the distribution 𝑝(𝑥) . 
The expected output of  𝑥 is 𝑑(𝑥) . The actual output of individual neural network 𝑓𝑖   (i = 1,2, ⋯ , N) is 𝑓𝑖 (𝑥), the weighs  
corresponding to  𝑓𝑖 (𝑥)  is ω𝑖, then the output  𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒

(𝑥)  of NNE is: 

𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) = ∑ ω𝑖𝑓𝑖 (𝑥)

𝑁

𝑖=1
  (1) 

The generalization error 𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) of NNE on the input 𝑥  is: 

𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = ∫ 𝑝(𝑥) (𝑓𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒
(𝑥) − 𝑑(𝑥))2𝑑𝑥 (2) 

The generalization error  𝐸𝑖
(𝑥)  of  𝑓𝑖  on the input 𝑥  is: 

𝐸𝑖 = ∫ 𝑝(𝑥) (𝑓𝑖 (𝑥) − 𝑑(𝑥))2𝑑𝑥  (3) 

The average generalization error of 𝑓𝑖  on the input 𝑥  is: 

�̅� = ∑ ω𝑖𝐸𝑖(𝑥)
𝑁

𝑖=1
  (4) 

The diversity 𝐴𝑖
(𝑥) of  𝑓𝑖   on the input 𝑥  is: 

𝐴𝑖 = ∫ 𝑝(𝑥) (𝑓𝑖 (𝑥) − 𝑑(𝑥))2𝑑𝑥  (5) 

The diversity 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  of NNE is: 

𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = ∑ ω𝑖𝐴𝑖
𝑁
𝑖=1   (6) 

Sollich et al. summarize the error computational formula of NNE: 

𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = �̅� − 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒    (7) 

Since the diversity of each network is nonnegative, the generalization  error 𝐸𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  is not greater than the individual 
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neural networks weighted average of generalization error �̅�. Increasing of the diversity  𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒  (i. e. increasing the 
diversity 𝐴𝑖  ) can effectively reduce the generalization error of NNE. 

The averaging is the most popular and fundamental ensemble method for NNE. It takes simple average of the output 
probability for all the base neural networks, and reports it  as the predicted probability. Suppose score vector  𝑆𝑖

⃗⃗⃗   is the 
output from the last layer of the neural network for 𝑖-th unit, 𝑆𝑖

⃗⃗⃗  [𝑘] is the score corresponding to 𝑘-th class, and  𝑝𝑖𝑗  is the 
predicted probability for unit 𝑖 in class 𝑗. The softmax function is presented in below:  

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑆𝑖
⃗⃗⃗  ) = 𝑝𝑖 =

𝑒𝑥𝑝(𝑠𝑖)

∑ 𝑒𝑥𝑝(𝑠𝑗)𝑗
  (8) 

The predicted probability after softmax transformation: 

𝑝𝑖𝑗 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑆𝑖
⃗⃗⃗  )[𝑗] =

(𝑆𝑖⃗⃗  ⃗) [𝑗]

∑ (𝑒𝑥𝑝 (𝑆𝑖[𝑘]))𝑘
𝑘=1

    (9) 

2.3 Genetic algorithm 

Genetic algorithm (GA) is an evolutionary computation firstly presented by J.H. Holland [9] and inspired from the process 
of natural selection. GA defines candidates for solutions (design variables) for a given problem as individuals. The char-
acter of each individual is determined as a binary string called chromosome (Chromosome) which is a collection of genes 
(Gene). At this time, the pattern of gene arrangement is called genotype, and the trait and characteristic of individual 
determined by genotype is called phenotype. Then, a population by a plurality of individuals is generated, and a process 
called generation alternation is performed. The algorithm of GA is illustrated as blow: (1) Construct an initial population 
by individuals with randomly defined chromosomes. (2) Estimate individuals’ fitness. (3) Select parents from the popu-
lation according to the selection of the fitness value. (4) Generate two offspring from the parents by crossover operator. 
(5) Apply mutation operator to all offspring. (6) Go to step 2 unless convergence criterion is satisfied. 

3 Proposed method 

The proposed method is divided into 2 steps. Firstly, the generation of base models. 5-fold cross validation is used for 
training base models. In one fold, one base model is generated and its network structure and hyper-parameters are auto-
matically constructed by GA. Totally, five base models (GABM) with different structure of networks can be generated 
in this step. Secondly, the ensemble of base models. We manually examine the various (26) combinations of these 5 
base models on test data. Process flowchart of how proposed method works is showed in Fig. 1. 
 

 
Fig. 1. Process flowchart. 

3.1 Genetic operations 

The GA progress performs three operations: selection, crossover and mutation. The fitness function of each individual is 
evaluated on the test dataset. 
Representation and initialization: The first phase of genetic algorithm is to create the initial population of individuals. 
We describe a way of representing the network structure and hyper parameters by a fixed-length string as the individual.  
The genotype of the individual is defined as a set of the structure and hyper parameters, such as number of filters, activa-
tion function, max-pooling, the number of nodes, dropout rate and optimizer. The individual example is shown in Fig.2.  
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Fig. 2. Individual example. The upper and lower figures denote the genotype and phenotype of an individual, respectively. 

Here, we will explain the meaning of layer symbol in genotype. If the length of individual with different structure is 
non-fixed, it is difficult to do genetic operations. To solve this problem, we first set a maximum number of convolutional 
layers and fully connected layers based on the application. The fixed-length of individual is determined by the maximu m 
number of convolutional layers and fully connected layers. Then, we set a layer symbol in every convolutional layer and 
fully connected layer. When layer symbol is 1, hyper parameters in this layer make sense. When layer symbol is 0, 
although this layer will not be calculated, these hyper parameters are still meaningful for subsequent operations. Figure 2 
shows the network structure has two convolutional layers and one fully connected layer. 

The definition of the genes and their values are listed in Table 1. The genes are defined in integer numbers. For examples , 
considering the size and complexity of the image, also referring to the parameters of VGG-Net [7], we set the maximu m 
number of convolutional layers to 16, set the maximum number of fully connected layers to 3. The maximum number of 
filters and nodes is 512. Since the dropout method is used, too few filters or nodes may have a negative impact on feature 
extraction. We set the lower limit to 8. The genes on the numbers of filters and nodes take the number 8, 16, 32 to 512, 
respectively. The gene on the dropout rate takes the number 0, 1 to 20, which are related to the real dropout rate of 0.00 
to 1.0, respectively.  

Table 1. Definition and range of genes. 

Variables Values (Integer)  Definition 
Layer-Symbol 0,1  0:No, 1:Yes 

Number of filters [8,512]  - 
Activation function 0,1,2  0:ReLU, 1:sigmoid, 2:tanh 

Max-Pooling 0,1  0:No, 1:Yes 
Number of nodes [8,512]  - 

Dropout rate [0,20]  0:0.00,…, 10:0.5,…, 20:1.0 
Optimizer 0,1,2  0:rmsprop, 1:adagrad, 2:adadelta 

 
Evaluation: In evaluation process, the fitness function of each individual is  evaluated. This function value denotes  the 
performance of individuals. The fitness function is given as follows. 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 (𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 ) =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (10) 

TP and FP denote the true positive and the false positive cases, respectively, which are labeled correctly and incorrectly 
by the classifier. 
Selection: The selection process is performed at every generation. Parents are selected from the individuals in the whole 
population by the roulette selection process of their fitness .  

In this study, elitism [16] is used in order to survive better individuals at the next population. First, the individuals are 
sorted in descending order of the fitness of individuals. Then, some better individuals are selected as elitists from the top 
of fitness ranking. The elitists from current population are copied into the next population without crossover process. 
Crossover: Crossover process means that two individuals (parents) exchange their partial genes in a certain way  accord-
ing to the crossover probability. Crossover, which is one of key roles in GA, generates new individuals (offspring) from 
the parents. The genotype and the phenotype of the individuals before/after the crossover operation are illustrated in Fig. 
3. 
Mutation: Mutation process performs some replacement of certain gene values in individual with other gene values based 
on the probability of mutation. The mutation process  is an auxiliary method to generate new individuals, which determines  
the local search ability while maintaining the diversity of the population. The genotype and the phenotype of the individ-
uals before after the mutation operation are illustrated in Fig.4. 
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Fig. 3. Crossover example. The left and right figures denote the genotype and phenotype of crossover operation, respectively. 

 
Fig. 4. Mutation example. The left and right figures denote the genotype and phenotype of mutation operation, respectively. 

3.2 Ensemble 

In this research, averaging method is used. Ensemble model uses the same input layer that is shared between base mod-
els and computes the average of outputs. Every combination of base models is examined on test data manually. 

4 Numerical example 

4.1 Dataset 

We present our pedestrian moving direction recognition (PMDR) dataset. This dataset is used for the training and the 
evaluation of the proposed method. In order to recognize more generic motion types, 8 different moving directions are 
considered in data collecting process. More specifically, the 360-degree possible moving direction of a person is divided 
into 8 different parts. As a consequence, images are classified according to 8 different categories, including 0, 45, 90, 
135, 180, 225, 270 and 315 degree. 

In most cases, complex environments with cluttered background undoubtedly deprive the performance of pedestrian 
recognition. In order to reduce the influence, the background removal process of pedestrian moving direction images is 
proposed. Since depth camera of the Kinect sensor [17] is able to determine a pedestrian’s body by depth value and the 
RGB camera provides with the color value, by using CoordinateMapper, a Kinect property, can help us determine which  
color values correspond to each depth distances and extract the pixels that constitute the part of pedestrian. The sample 
of pedestrian moving direction images is shown in Fig. 5. 

4.2 Experimental details 

The research program, in this study, is developed in Anaconda [20], TensorFlow  [21] and Keras [22]. A parallel test is 
used to examine the parameters of GA. Firstly, we set generation and population size as 50, and confirm the results with  
crossover rate and mutation rate by 0.1 increments. The best fitness is observed when crossover rate is 0.9 and mutation  
rate is 0.3. Secondly, we fix the crossover rate by 0.9 and mutation rate by 0.3, and confirm the convergence property 
when population size is 10, 30, 50,100 and generation is 10, 50, and 100. According to the result of parallel test, we set 
parameters of GA as follows: generation = 100, population size = 100, crossover rate = 0.9 mutation rate = 0.3, each CNN 
is trained by 20 epochs. 

60 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 16, No. 1



 

Fig. 5. Pedestrian moving direction images. 

4.3 Convergence property of genetic algorithm 

Since 5-fold cross validation is performed, 5 base models are determined by GA. Figure 6 shows the convergence property 
of the best individual fitness values in GA progress. The label “Fold-1” to “Fold-5” denote the number of the cross -
validation. In all cases, the best individual fitness values increase gradually according to the increase of the generation. 
Figure 7 shows the distribution of the generational best individual fitness values. The best base models in each fold and 
their fitness values are listed in Table 2.  

The best base model is observed in GABM3. The best base model of GA is shown in Fig.7. This model has 10 convo-
lutional layers, 1 fully connected layer and 1 softmax layer. In the convolutional layers, the maximum and min imum 
number of filters are 128 and 16, respectively. The max pooling layers are behind 3rd convolutional layer, 4th convolu-
tional layer, 5th convolutional layer and 9th convolutional layer, respectively. The dense layer has 256 nodes with dropout 
rate of 0.35. For the activation function, Tanh function and ReLU function make better performance than sigmoid fu nction 
in convolutional layers, but sigmoid function works well in dense layer. Rmsprop is the highest performing optimizer. 

Table 2. The base models determined by GA. 

Base models Number of  
convolutional layers 

Number of  
dense layers 

Best fit-
ness 

GABM1 8 1 0.9919 
GABM2 6 2 0.9956 
GABM3 10 1 0.9981 
GABM4 8 1 0.9944 
GABM5 8 1 0.9944 
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Fig. 6. The convergence of the best individual fitness with respect to the generation number. 

 
Fig. 7. The distribution of the generational best individual fitness. 

 
Fig. 8. The best base model determined by GA 

4.4 Results of ensemble models 

When the ensemble model is employed, the better results are summarized in Table 3. There are 26 different combinations 
with 5 different base models. 2 models denote 2 out of 5 base models are selected and performed various combinations. 
5 models denote all of 5 base models are performed an ensemble. In Table 3, the result of the best ensemble is 0.9994, 4 
models combination of the base model [1, 2, 4, 5], which represents for an ensemble of 1 base model in 10 convolutional 
layers and 3 base models in 8 convolutional layers. As expected, the ensemble has a higher fitness than any single base 
model. 

4.5 Discussion 

The comparison results with state-of-the-art CNNs are summarized in Table 4. Compares to Network in Network [18], All-
CNN [19], VGG-11, VGG-13, VGG-16 and ResNet-18, any single base model can achieve better fitness than state-of-the-
art CNN. By using an ensemble (Ensemble of GABM1, GABM2, GABM4, GABM5), a lower error rate is achieved than 
any model. This proves the effectiveness of our base models which determined by GA. 

Table 3. The ensemble results 

Number of  
models 

Base models Fitness Number of  
models 

Base models Fitness 

2 models 

[1,2] 0.9969 

3 models 

[1,2,3] 0.9981 
[1,3] 0.9981 [1,2,4] 0.9944 
[1,4] 0.9944 [1,2,5] 0.9969 
[1,5] 0.9969 [1,3,4] 0.9981 
[2,3] 0.9981 [1,3,5] 0.9981 
[2,4] 0.9944 [1,4,5] 0.9944 
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[2,5] 0.9944 [2,3,4] 0.9981 
[3,4] 0.9956 [2,3,5] 0.9981 
[3,5] 0.9981 [2,4,5] 0.9956 
[4,5] 0.9956 [3,4,5] 0.9969 

4 models 

[1,2,3,4] 0.9981 

5 models [1,2,3,4,5] 0.9981 
[1,2,3,5] 0.9994 
[1,2,4,5] 0.9956 
[1,3,4,5] 0.9981 
[2,3,4,5] 0.9981 

Table 4. Comparison with the state-of-the-art CNNs. 

Model Manually tune parameters on CNN Fitness 
Network in Network Needed 0.9638 

All-CNN Needed 0.9675 
VGG-11 Needed 0.9753 
VGG-13 Needed 0.9756 
VGG-16 Needed 0.9753 

ResNet-18 Needed 0.9856 
GABM1 Not needed 0.9919 
GABM2 Not needed 0.9956 
GABM3 Not needed 0.9981 
GABM4 Not needed 0.9944 
GABM5 Not needed 0.9944 
Ensemble Not needed 0.9994 

5 Conclusion 

This paper presents a pedestrian moving direction dataset in consideration of background removal. In order to find an 
advanced knowledge of pedestrian moving intention, several single strong classifiers are firstly provided in this paper 
based on the network structure design and hyper parameters tuning by GA, and an ensemble model is constituted from 
these strong classifiers to classify the moving direction of pedestrians .  

Through the numerical examples, we learn that our results particularly disagree with thos e of “the deeper the better”. 
The base model with fewer convolutional layers is better than the model with deeper network structure. As we perform 
experiments with 5-fold cross validation, 50000 network models in total are tested. Even if 50000 network models are 
not enough, this research confirms more possibilities of tuning parameters for a single model. 

Besides, we observe the features of all the individuals. In fact, although many models have similar structures, their 
results are quite different. The results strongly suggest that even a tiny difference of structures or parameters can play  a 
crucial role for prediction. A little change in a certain parameter, the fitness values of models may drop greatly. Such a 
set of individuals would have far-reaching consequences for our understanding of the mechanisms of building network.  
For the neural network ensemble, we find out that component models are no t “the more the better”. Some excellent base 
models constitute an ensemble which achieved a lower error rate than themselves and all the models. On the result of the 
numerical examples, the proposal ensemble model reaches a better accuracy than all evaluated methods including GA 
single base models and the other state-of-the-art CNNs such as Network in Network, All-CNN, VGG-11, VGG-13, VGG-
16 and ResNet-18. 

In the near future, there are some works left to do. More experiments and more complete analysis are needed. Firstly, it 
is still much room for improvement of our GA base models for testing very deep network model. Secondly, for the 
proposal ensemble model, it would also be needed to explore deeper with more different  and complex ensemble strategy. 
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