
 

 

 

  

Abstract— Scene understanding is an important and difficult 

problem in intelligent robotics and computer vision. Since visual 

information is uncertain due to several reasons, we need a novel 

method that has robustness to the uncertainty. Bayesian 

probabilistic approach is robust to manage the uncertainty and 

powerful to model high-level contexts. Moreover, Bayesian 

network can be adapted to environment efficiently by learning. 

In this paper, we propose a Bayesian network ensemble 

technique based on behavior selection network. The method 

includes how to handle uncertainty based on probabilistic 

approach, and how to combine multiple Bayesian networks. An 

experiment with a mobile robot simulation presents how the 

proposed ensemble method works and can be used effectively. 

I. INTRODUCTION 

HERE is an extensive research for robots ranging from 

industrial robot doing dangerous work instead of human 

to service robot entertaining or aiding person in diverse areas 

according to huge demand recently. For robot to serve 

effectively and efficiently, it is very important to recognize 

the scene data and reason the situation based on the semantic 

information. Traditional research extracted features based on 

the information contained in the image mostly in the fixed 

environments and conducted recognition method using the 

previously defined geometrical model for understanding 

image data. However, when the object image is occluded by 

something or blurred by own movement, it is highly likely to 

fail to detect semantic information and difficult to serve 

effectively by using only the methods. Therefore, the scene 

understanding technique that is robust against the uncertainty 

is important for the useful service of robot.  

Contextual information such as relation between place and 

object or between activity and object is important to solve 

scene understanding problem. For example, a beam-project 

exists in seminar room and washstands exist in toilet. These 

contexts between the components of scene help to extract 

semantic information and to overcome the uncertainty caused 

by insufficient information. If these semantic information can 

be extracted successfully, they can be used for higher level of 

context reasoning and understanding [1]. Therefore, a robust 

modeling method is required for overcoming the uncertainty 

and utilizing the contextual information well.  

The scene understanding using contextual information is 
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based on the common knowledge such as what kind of 

relations exist between places and objects and how they are 

organized in the real world. As Bayesian network is a 

graphical model suitable for modeling the common 

knowledge and multi-directional reasoning, it is used 

popularly in the scene understanding area [2]. However, the 

following problems have to be solved to utilize the Bayesian 

network in the real world. We need a Bayesian network 

design method that supports modeling of the complex real 

world and reasoning with multiple evidences under 

uncertainty. The research for the combination of diverse 

models and the application is also important because the 

Bayesian networks designed on different domains are hard to 

be integrated or extended. In this paper, we propose a 

Bayesian network combination and ensemble model for more 

robust scene understanding to overcome the problems.  

II. RELATED WORK 

Various studies for scene understanding and objects 

recognition using visual contexts have been actively 

conducted. The previous studies were based on the two 

assumptions: All objects in interest should be defined by 

fewer shape-models, and all objects should be measurable 

regionally [3][4]. Based on these assumptions, traditional 

systems mainly recognized objects in restricted 

environments. However, because recognizing scene in 

uncertain environments is difficult, there have been several 

methods proposed for scene understanding by using common 

knowledge of real world and geometric modeling. 

Context means indirect and inferred information about a 

scene image [5]. Contextual information from images can be 

relations between target objects and images, existence or 

position of objects around the target objects and sensor 

information like sound and temperature. Adding more 

contextual information makes uncertain information clearer. 

Recently, the research using contextual information with 

geometric models has advanced to improve the efficiency of 

object recognition. Torralba modeled possibilities of 

movements from current space to new space by hidden 

Markov model (HMM) that is used to consider spatial 

information [6][7]. They improved the efficiency of object 

recognition by utilizing the space and object information as 

contexts, but the methods were difficult to reflect expert’s 

knowledge on modeling. Luo et al. proposed Bayesian 

network framework which recognized scenes by detecting 

low level feature vectors like color and object-level semantic 

information [8]. However, the approach did not consider real 
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existence of objects but only possibilities. Song et al. modeled 

object relations by Bayesian network to detect occluded or 

hidden objects [2]. They proposed a design method of 

Bayesian networks using the concept of public and individual 

nodes, but it does not consider what models should be applied 

to the given environment.  

III. BAYESIAN NETWORK ENSEMBLE TECHNIQUE BASED ON 

BEHAVIOR SELECTION NETWORK 

A Bayesian network ensemble method is proposed for 

robust scene understanding for robotic intelligence.  

A. Low-level feature extraction using PCA 

To compute low-level texture-features, a steerable pyramid 

is used with 6 orientations and 4 scales applied to the 

gray-scale image [6]. We take the mean value of the 

magnitude of the local features averaged over large spatial 

regions. The result is down-sampled to have a spatial 

resolution of 4x4 pixels, whose dimension is reduced by PCA 

(principle component analysis). Then, we have to compute 

the most likely location of the visual features acquired at each 

time by using hidden Markov model (HMM). The transition 

matrix is simply learned from labeled training data. 

B. High-level feature extraction with SIFT 

Scale-Invariant Feature Transform (SIFT) is used to 

compute object existence information as a high-level feature 

[9]. To efficiently detect stable key-point locations in scale 

space, scale-space extreme in the difference-of-Gaussian 

function are convolved with the multi-scale images, which 

can be computed from the difference of two nearby scales 

separated. Extracted key-points are examined in each scene 

image, and the algorithm decides that the object exists if 

match score is larger than a threshold. We extracted each 

reference image manually from the training image sequence. 

C. Bayesian network design 

Because robots working in real world not in restricted 

experimental environment should overcome the uncertainty 

of environments, so robust recognition technique for 

uncertainty is needed [10]. Bayesian network is a very robust 

model to deal with the uncertainty and used widely in image 

processing area [11]. A Bayesian network has a shape of 

DAG (directed acyclic graph) expressing the relations of 

nodes and describes a large probabilistic relations with CPTs 

(conditional probability tables) constrained by the structure 

[12]. The belief value can be easily calculated by using the 

Bayes' rule. 

To model the Bayesian networks for scene understanding, 

we utilized the probabilistic evidence handling method [13] 

and polytree structure based design method for reducing 

computation [2], because the polytree structure can omit 

some steps at inference time [12]. At higher level context 

reasoning, simple layered approach was used with several 

Bayesian networks. This presents several advantages that are 

relevant to modeling high dimensional visual information: 

learning each level independently with less computation, and 

although environment changes, only first layer requires new 

learning with the remaining unchanged [14]. Moreover the 

uncertain evidence handling method [13] can be adopted 

more easily on the model. Fig. 1 shows the Bayesian network 

built by the design method.  

For Feature 1 (places)

For Feature 2 (objects)
 

Fig. 1. The structure of BN for place recognition 

(Place-object Bayesian network) 

D. Behavior selection network for Bayesian network 

ensemble 

We need combination of multiple Bayesian networks to get 

higher level of context reasoning. The Bayesian networks 

have to be combined as the relations of contexts extracted in 

the networks. To achieve the combination, we propose the 

Bayesian network ensemble method based on behavior 

selection network as shown in Fig. 2.  

Behavior selection network proposed by P. Maes offers for 

an agent how to select the best behaviors for its condition to 

get its goal [15]. Behavior selection network is a method that 

is robust to environmental and sensory changes. By using the 

model, we could select appropriate inference behavior the 

with its related Bayesian network for a target service. 

Competition of behaviors is the basic characteristics of 

behavior selection network. Each behavior attempts to get 

higher activation level than other behaviors from activation 

spreading in forward and backward. Among candidate 

behaviors, one that has the highest activation level is selected 

and has control of robot. To get more precise recognition, we 

should utilize not only low-level sensor input but also 

inference results of Bayesian network. The proposed 

framework allows the both as input data since the behavior 

selection model has the following behavior nodes as shown in 

table 1. The sub-module node is for linking to another 

sub-module of behavior network [16]. Fig. 2 is the behavior 

selection network designed for a service robot to find a target 

object in this paper with applying the proposed method.  
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Table 1. The behavior selection nodes definition 
Node Description 

Inference node Inference node for Bayesian network 

Activity node Node for activity definition of robot 

Sub-module 

node 

Node for linking to sub-module of behavior 

selection network 

IV. EXPERIMENTAL RESULTS 

To show the usability of the proposed method, we have 

conducted experiments as follows. We simulated a mobile 

robot finding hidden or occluded object with scene 

recognition. Fig. 3 shows the virtual environment developed 

in WEBOT simulator, which is a commercial product 

supplied as a standard development tool [17].  

The environment contains different colors of four rooms 

and one corridor and the diverse objects in the rooms. An 

target object ‘beam projector’ is occluded and hidden by a 

brown color object so the search robot have to search the 

object with reasoning. In the experiment, the robot goes 

around the rooms in the random order and gathers 

information for searching the target object. The robot uses a 

place probability for each room and detects objects by 

analyzing randomly selected image taken from real world. 

Fig. 4 shows a case of the results of the mobile robot. The 

upper line on the graph denotes behavior transition of object 

finding module and the lower line describes the changes of 

existence probability of target object ‘beam projector.  

   

Fig. 3. The simulation settings of WEBOT simulator. There 

are 5 places and 10 objects. A: Toilet, B: seminar room, C: 

laboratory, D: elevator, E: corridor. Each place contains its 

related objects. We discriminated them from color. 

Table 2 describes the behaviors in detail. The robot moved 

the rooms in the order A (Toilet) E (corridor) C 

(laboratory) E (corridor) B (seminar room) and it infers 

the position of target objects only if the existence probability 

of target object is high. The graph shows that the robot 
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Fig. 2. Behavior selection network for a mobile robot to search for a target object with obstacle avoidance. 
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Fig. 4. The simulation results. The blue line denotes 

behaviors described in table 2 and the red line shows the 

probabilities of the target object ‘beam projector.’ 

estimated the existence of target object in room B (seminar 

room) and cleared the obstacles occluding the target object 

and grasped it step by step. We tested this experiment ten 

times and got the results of 100% successful search.  

Table 2. The behaviors defined in the behavior selection 

network  

Num Node name Description 

1 Move other place Move to another place 

2 Move little Move a little to get more sight when 

occluded objects are expected 

3 Place inference Infer for place recognition 

4 Avoiding obstacle Avoid obstacle  

5 Place & object 

inference 

Infer contexts with place-object 

Bayesian network 

6 Target location 

inference 

Infer location of target object with the 

object-location Bayesian network 

7 Move to loc & 

rearranging 

Clear obstacles to reach the target 

object 

8 Grip target Grip the object with a robot arm. 

V. CONCLUSION 

In this paper, we propose a Bayesian network ensemble 

method for understanding high level contexts of scene. We 

proposed a modular approach based on ensemble with 

behavior selection network and Bayesian network. We also 

studied how to design and infer the Bayesian networks with 

uncertain evidences and define the behavior selection 

network to combine the networks. The proposed method 

offered a method for fusion of different levels of evidences 

and operation of complex tasks with multiple Bayesian 

networks. 

To evaluate the proposed method, we conducted an 

experiment. In the experiment, we confirmed that the 

proposed framework offers how to develop the mobile robot 

agent based on high-level scene understanding system with 

complex and multiple processes. The robot went around 

diverse rooms and estimated a hidden target object and tried 

to find the object and lastly got it. 

However, the recognition performance was not so good 

itself because the SIFT algorithm required a detail image with 

distinct features to detect object and the performance of the 

PCA algorithm was limited. To get better performance, we 

should utilize not only more image features but also diverse 

domain knowledge. It is also required to experiments in real 

world with real robots.  
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