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Abstract – For an assistive robot, accurately understanding the 

user’s intention with minimal user involvement is critical in 

human-robot interaction. Especially for the elderly in their 

Activities of Daily Living (ADL), implicit intention recognition 

using subtle cues could provide them great convenience as well as 

improving quality of life. Usually user intentions in ADL are 

closely connected with specific context. For example, the user’s 

intention for a cup on a hot day is likely to be drinking. Therefore, 

the relation between intention and context should be emphasized. 

The goal of our research is to effectively infer implicit human 

intention using the object that the user attends to and its subtle 

context. The context helps to filter the coarse intentions. Towards 

this goal, a new context-specific implicit intention recognition (IR) 

model has been established based on a Bayesian Network (BN) 

algorithm. Using set of questionnaires, the strongly intention-

related context features have been selected and their conditional 

values for different intentions have been calculated. Then another 

set of questionnaires were used to verify the model’s effectiveness. 

The results showed the BN based context-specific implicit IR 

model could help the robot to proactively get a good understanding 

of a user’s implicit intentions with merely subtle context cues. 

 

 Index Terms – assistive robot; ADL; context-specific implicit 

intention recognition; BN; Human-Robot Interaction; 

 

I.  INTRODUCTION 

A.  Assistive Robot 

 Currently the world population is in the aging trend. It’s 

estimated that about 10% of current population are over 60 

years old; by 2050, the proportion of the old population would 

exceed 20% [1]. This situation prompts the intelligent 

technologies such as assistive robots to play a crucial role in 

assisting the aging people with some daily activities. A robot 

walker provides mobility assistance and navigation service [2]. 

The Kinect-based guidance robot could help the elderly with 

their neurorehabilitations [3]. Auto-reminder alerts the elderly 

to process the daily schedule [4].  

B.  Intention Recognition (IR)   

 Robot assistance in activities of daily living (ADL), 

especially for the elderly, should be executed in an intuitive and 

natural way [1][5][6][7]. This requires a robot can proactively 

understand the user’s intention and automatically provide the 

desired service. Moreover the robot should be able to predict 

human intention and then choose the most reasonable actions to 

cooperate with humans [8]. So satisfied assistance is based on 

accurate and real-time intention recognition (IR) technologies. 

For example, a smart wheelchair could detect human’s sight 

paths to adjust its direction and speed in a more cooperating and 

a less frustrating way [9][10][11]. Surveillance robots have 

memory of the past sub-plans to help them recognize intention 

[8][13]. Recognizing system in a fighter distinguishes the most 

dangerous hypotheses in a very short time to assist the pilot’s 

manipulation [8][14]. IR generally relies on action recognition 

[15][16], voice recognition [16], biological motion recognition 

[17], plan recognition [11][18], and activity or behavior 

recognition [19]. These features could be extracted by using 

various image processing [20], gesture detecting [21], motion-

calculating technology [20][22] and object affordance [23][24]. 

(The affordance is a relation of action/activity/intention and a 

specific object used to predict the next action/activity [25][26]. ) 

C.  Context-Aware IR Technologies     

 In recent years, context awareness has been introduced 

into IR models, which allows robots to use context information 

to infer human intention. The context information includes 

location, people, objects, time, weather, season, temperature, 

user’s emotional states, focus, etc [18][19][27][28]. Based on 

analyzing the environment and situations, the auto reminder 

robot could calculate the proper reminding time to initiate a 

proper reminder manner [29]. By gathering information such as 

hospital worker location, activity, and artifacts being used, the 

robot could conduct the clinical case assessment [28]. Based on 

time and location, the monitory robot infers a moving user’s 

intended destination from his/her spatial behaviors [30]. 

Combining a person’s actions with the surrounding 

environment, whether the user desires to cook or not could be 

judged by the robot [31]. 

 In most of existing context-aware IR models, context 

features would firstly be combined with a BN model to get a set 

of coarse intentions [32]; and then human actions would be 

observed [31]; next mapping procedure is performed: if the 

sequence of these actions is coincident with the stored standard 

patterns in the robot’s knowledge database, these actions would 

be recognized; lastly combining with coarse intentions and 

recognized actions, actual human intention is inferred 

[11][32][33][34]. 

D.  BN Based Context-Specific Implicit Intention Recognition 

 Although robot could assist human in a more intelligent 

way by inferring a person’s intention from observing his/her 

actions or activities, this kind of IR relies on the user’s explicit 

inputs. For the elderly who are suffering from the physical 

impairment and even fully lost motion ability, it’s unrealistic for 

them to perform such explicit motion tasks in the ADL 

assistances. Therefore implicit intention recognition with 

minimal human activity requirements is in an urgent need.  

 To meet this requirement, a new context-specific implicit 

IR model is proposed, shown as Fig.1. In this model the context 



information has been emphasized to filter the coarse intentions. 

The user would no longer need to take actions/behaviors. The 

user merely needs to give a concise and ambiguous command 

which could just be a vocabulary, a nod or even a gaze to 

indicate the intention-related object. The object affordances, 

which are the possible intentions related to the object, are 

known from the database. Then the intention-related context 

features would be extracted from the surrounding environment. 

Based on a BN algorithm and these specific context features, 

the most likely intention would be inferred. Taking the windows 

for example, when “window” is mentioned in an ambiguous 

command, the possible intentions would be closing or opening 

some windows; combining with the context information that the 

noise level is very high only in windows A and air in other 

widows is fresh, the robot would infer that the user’s intention 

is to close the window A. This new context-specific implicit IR 

model would provide a relative simple and effective way to 

infer user intentions.  

 
Fig.1 BN based context-specific implicit IR model in this paper 

 

 Research on integrating object affordances and context 

information into IR technologies is very rare. Based on the 

object that the user wants to manipulate, the likely human 

actions such as eating or drinking could be predicted [26]. 

However, the context features were not considered. Combining 

the context features such as the object shape and status with 

object affordances, the hand manipulation actions could be 

recognized [25]. However, its goal was limited to the simple 

action recognition level, not the intention level. In addition, it 

needs complex image processing work. In this paper, our 

objective is to effectively understand human implicit intentions 

using more subtle cues, such as the relation of user implicit 

intention related to an object and in what kind of context the 

user creates that specific intention. Our goal is to design a 

natural and intuitive Human-Robot Interaction Interface with 

the minimal effort from the user. 

 

II.  BN BASED CONTEXT-SPECIFIC IMPLICIT IR MODEL 

 In [30], the context is defined as any context information 

that could be used to characterize the situation of the entity. As 

Fig. 2 shows, there are various context features ranging from 

environment, user, to involved objects. In our model only the 

object intention-related context features would be taken into 

account. Selecting context features based on the intention-

related object has three advantages: (1) The IR accuracy would 

be ensured. The selected context features are more targeted at 

each specific intention, so the correlation between context and 

intention is strong; (2) The IR computation efficiency would be 

improved. Only correlated context features are used for 

recognition; (3) The IR process could be simplified as the 

irrelevant context features will be eliminated and the      

           
Fig. 2 Context features used in general IR models 

dimensionality of the IR model is reduced. 

      In the real living environment, to build the relationship 

between the object-related intentions and correlated context is 

complex and challenging. That is because one object-based 

intention may be caused by more than one context features. On 

the other hand, a context feature cloud be correlated to more 

than one intentions. To solve this problem, a BN algorithm [31] 

is used to build the model. The BN algorithm could accurately 

describe complex probabilistic dependence relationships 

among many parameters and supply a natural method to solve 

problems under uncertainties.  

 We used a probability value to represent the correlation 

strength of a context feature to a specific intention. A higher 

probability value describes a stronger correlation, and vice 

versa. When multiple intentions share context features, the 

intention probabilities could be calculated to compare the 

relative probability degree.  

 The BN based context-specific implicit IR model 𝑀𝑂𝑗
 is 

shown in Fig.3. It builds a relationship between context 

𝐶𝑂𝑗
(𝑐𝑓1~𝑐𝑓𝑠) (s is the number of total context features) and the 

intentions 𝐼 ( 𝑖1~𝑖𝑁 , N is the number of the total possible 

intentions). When an object 𝑂𝑗  is attended by the user, the 

affordances 𝐴𝑂𝑗
(𝑎1~𝑎𝑁  )  would be evaluated by a specific 

context features 𝑐i . Then the probability 𝑓𝑖(𝑖𝑖|𝑐𝑖)  that the 

intention 𝑖𝑖  happens in context 𝑐𝑖(i=1~N) is calculated. The 

intention with the greatest probability value would be 

considered as the user’s actual intention 𝐼𝑖 .  

 The specific context 𝑐𝑖  consists of 𝑠𝑖  features 

𝑐𝑓1𝑖 ~ 𝑐𝑓𝑠𝑖𝑖  which are strongly related to the intention 𝑖𝑖 . 

𝑓(𝑐𝑓𝑝𝑖)  means how likely would the context feature 𝑐𝑓𝑝𝑖 

appear in set 𝑐𝑖. As equations (1)-(5) show,  𝐼𝑖  means a single 

IR process of the context-specific implicit IR model 𝑀𝑂𝑗
. 

When information of 𝑂𝑗 , 𝑎𝑖 , 𝑐𝑖  has been provided, the 

corresponding intention 𝑖𝑖 would be identified. 

𝑀𝑂𝑗
= [𝑂𝑗 , 𝐴𝑂𝑗

, 𝐶𝑂𝑗
, 𝐼] = [𝑂𝑗 , 𝑎1~𝑎𝑁 , 𝑐1~𝑐𝑁 , 𝑖1~𝑖𝑁] 

        = ∑ [𝑂𝑗 , 𝑎𝑖 , 𝑐𝑖 , 𝑖𝑖]
𝑁
𝑖=1 =∑ 𝐼𝑖

𝑁
𝑖=1      (1) 

𝐼𝑖 = [𝑂𝑗 , 𝑎𝑖 , 𝑐𝑖 , 𝑖𝑖]        (2) 

𝑐𝑖 = {𝑐𝑓1𝑖 , 𝑐𝑓2𝑖 , … , 𝑐𝑓𝑠𝑖𝑖}        (3) 

𝑓𝑖(𝑖𝑖|𝑐𝑖)= ∑ 𝑓(𝑖𝑖|𝑐𝑓𝑝𝑖)𝑓(𝑐𝑓𝑝𝑖)
𝑠𝑖
𝑝=1        (4) 
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𝑓(𝑖𝑖|𝑐𝑖 , 𝑂𝑗 , 𝑎𝑖) = max (𝑓
𝑖
(𝑖𝑖|𝑐𝑖

) )      (5)         

 
Fig. 3 BN based context-specific implicit IR model 

 

III.   EXPERIMENT 

 To build and validate our context-specific implicit IR 

model, conceptual experiments were preformed to recognize 

human implicit intentions using object affordances and context 

information. The simulated experimental environments are 

typical scenes in a daily living space with two task-related 

objects: cup and window, respectively. The two scenes are 

shown in Fig.4 and Fig.5.  

A.   Build the Context-Specific Implicit IR Model 

 The context-specific implicit model including objects cup 

and window with the correlated context information was first 

built. The frequently related affordance set of a cup is 𝐴𝐶𝑢𝑝; 

the frequently related affordance set of a window is 𝐴𝑤𝑖𝑛𝑑𝑜𝑤. 

The context features strongly related to intentions of cup 

are C𝑐𝑢𝑝; the context features strongly related to intentions of 

window are C𝑤𝑖𝑛𝑑𝑜𝑤 . Based on life experience, 𝐴𝐶𝑢𝑝 , 

𝐴𝑤𝑖𝑛𝑑𝑜𝑤  could be defined as {drink, wash, transfer} and {open, 

close}, respectively; C𝑐𝑢𝑝,  C𝑤𝑖𝑛𝑑𝑜𝑤  could be initially defined 

as { hot day, low drinking frequency, cup was used, near sink, 

in cabinet, medicine taking time } and {nice weather (sunny, air 

is fresh), poor weather (snowy, rainy), outside is quiet, outside 

is noisy, low room temperature, high room temp } respectively. 

 To establish the IR model 𝑀𝑂𝑗
, the model’s basic element 

𝐼𝑖  should be firstly created. According to these intentions, their 

related context feature sets 𝑐1~𝑐𝑁  should be identified from 

the whole context feature set 𝐶𝑂𝑗
. To calculate the relative 

possibility of each intention with a specific context, the 

conditional possibility of each context feature 𝑐𝑓𝑝𝑖 would also 

be gained. The standard forms of cup and window IR models 

are as equations (6)~(9). 

  𝐶𝐶𝑢𝑝={𝑐1, 𝑐2, 𝑐3}={∑ 𝑐𝑓
𝑠1
𝑝=1 𝑝1

, ∑ 𝑐𝑓
𝑠2
𝑝=1 𝑝2

, ∑ 𝑐𝑓
𝑠3
𝑝=1 𝑝3

}(6)  

  M𝐶𝑢𝑝=∑ 𝐼𝑖
3
𝑖=1          (7) 

  𝐶𝑤𝑖𝑛𝑑𝑜𝑤={𝑐1,  𝑐2}={∑ 𝑐𝑓
𝑠1′
𝑝=1 𝑝1

, ∑ 𝑐𝑓
𝑠2′
𝑝=1 𝑝2

}    (8) 

  M𝑤𝑖𝑛𝑑𝑜𝑤=∑ 𝐼𝑖
2
𝑖=1          (9) 

B.  Selection of strongly Intention-Related Context Features 

and Their Conditional Possibility Values 

 In our preliminary studies, we adopted the questionnaire 

method to identify the strongly related context features and gain 

their conditional possibility values. 60 copies of questionnaires 

have been filled by 60 participants with different ages ranging 

from 19~60 and different genders. The selection of the strongly 

intention-related context features and gaining of the probability 

values were based on the first set questionnaires.  

   
Fig. 4 Scene of daily living for the cup-related IR 

    
Fig. 5 Scene of daily living for the window-related IR 

 

  In the two scenes, for an intention, each context feature 

has four different probability levels ‘highly likely’, ‘likely’, ‘not 

sure’, ‘impossible’ and their corresponding possibility values 

are ‘0.9’, ‘0.7’, ‘0.5’, ‘0.1’. A bigger value represents a stronger 

relationship between a context feature and an intention. The 

final conditional possibility value is obtained by training the BN 

model using the questionnaire results. More frequently a 

context feature is selected to indicate an intention with a bigger 

possibility value, more closely the context feature is connected 

with that intention. The training process could be expressed by 

equation (10). 𝑛𝑙𝑒𝑣𝑙𝑒  means the number of people choosing a 

specific probability level for the context feature 𝑐𝑓𝑝𝑖  related to 

intention 𝑖𝑖 ; 𝑓𝑙𝑒𝑣𝑙𝑒  stands for the corresponding possibility value 

towards a specific level. When the model training procedure has 

been finished, the strongly intention-related context feature set 

would be gained.  

𝑓(𝑖𝑖|𝑐𝑓𝑝𝑖) =
∑ 𝑛𝑙𝑒𝑣𝑙𝑒∗𝑓𝑙𝑒𝑣𝑙𝑒

4
𝑘=1

∑ 𝑛𝑙𝑒𝑣𝑙𝑒
4
𝑘=1

     (10) 

C.  Validation for Model Effectiveness 

 The second set of questionnaires (10 copies) was used to 

verify the effectiveness of the established models. Based on the 

context features and their intention-related conditional 

possibility values, the user intentions (cup 𝑖1 ~ 𝑖3 , window 

𝑪𝑶𝒋
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𝑖1 ~𝑖2 ) have been inferred by our IR model. Only when the 

inferred intention is the same as that in the questionnaire, the 

intention recognition could be considered successful. 

 

IV.   RESULTS 

 Figures 6 and 7 show the conditional possibility values for 

each context feature related to cup-related intentions and 

window-related intentions, respectively. The context feature 

whose average possibility value is bigger than 0.6 was selected 

as the strongly intention-related context feature. They are 

marked by different color respectively.    

  

 
Fig. 6 Conditional probability values of context features for cup-related IR 

 

 
Fig. 7 Conditional probability values of features for window-related IR 

 

 We conclude that, (1) as to cup intentions, 𝑐1={ hot day, 

low drinking frequency, medicine taking time}, 𝑐2={ cup was 

used, near sink}, 𝑐3={ in cabinet, medicine taking time}; (2) as 

to window intentions, 𝑐1={ nice weather (sunny, air is fresh), 

outside is quiet, high room temp}, 𝑐2={ poor weather(snowy, 

rainy), outside is noisy, low room temperature}. Then the 

completed BN based context-specific implicit IR models 𝑀𝑐𝑢𝑝 

and 𝑀𝑤𝑖𝑛𝑑𝑜𝑤 (shown in equations 6-9) have been successfully 

established. Figures 8 and 9 show the processes to infer ‘drink’, 

‘close’ intentions in these two situations. 

 As Figs.10 and11 show, they are the comparison of the 

user’s real intentions and the inferred intentions by the model 

  

 
Fig.8 Recognizing the intention ‘drink’ in specific context by IR model 

 

 
Fig.9 Recognizing the intention ‘open’ in specific context by IR model 
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in specific situations. Although the user’s intention is not only 

decided by the context, in most situations the intention could be 

recognized accurately.  

 

    
(a) User’s actual intentions in specific situations by statistics  

 

 
(b) Inferred intentions by the IR model in specific situations 

Fig.10 Cup-related IR results in specific situations 

 

   
(a) User’s real intentions in specific situations by statistics 

 

 
(b) Inferred intentions by the IR model in specific situations 

Fig.11 Window-related IR results in specific situations 

 

 Because intention various with the context, in a given 

situation with one intention-related object the IR model solves 

only one real user real intention. Therefore, in Fig.10(b) and 

11(b), there is only one intention inferred by the model for each 

specific context.  

 Fig.12 shows the IR accuracy of the model in specific 

situations. The average IR accuracy is more than 80% showing 

the effectiveness of this new model. 

 

 
Fig.12 IR accuracy of the model in specific situations 

 

V.    CONCLUSION 

 In this paper, a new BN based context-specific implicit IR 

model is established. The strongly intention-related context 

features are used to calculate the probabilities of the object-

related intentions. Features’ conditional probability values 

related to a specific intention are gained from the questionnaires. 

The intention with the greatest probability value would be 

considered to be the user’s real intention. The experiment 

results showed that the model could be reliable in assisting the 

robot to recognize the user’s implicit intentions. 

 This new IR model only requires minimal user 

performances and context information. It would bring the user 

especially the elderly great benefits by offering a natural and 

intuitive interaction means for Human-Robot Interactions in 

the ADL. In addition, the assistance could be provided 

accurately and timely based on the good IR performances of 

the model.  

 When a completed model has been established towards all 

objects which would be frequently used in ADL, the completed 

IR system would be established to help users with every aspects 

of the daily living. Moreover, this model could also be 

combined with other action/behavior-recognition-based IR 

models to improve the IR performance.  
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