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Abstract— It is very important to ensure that elder people 

can perform safe outdoor activities, especially crossing the 

crosswalk. In this paper, we propose a novel system that can 

recognize intentions of the elder pedestrians in the vicinity of 

traffic lights to support the safe crossing. In order to recognize 

the intention, we applied Hidden Semi-Markov Model 

(HSMM), which is the most widely adopted method in this field 

of research. Our system consists of three functions: spatial 

context identification, HSMM-based learning, and intention 

recognition. To implement our system, we used GPS data 

collected from sensors embedded in the elder pedestrians’ 

smartphone, traffic lights data collected through Open API, 

and pre-classified activity data for activity learning. In the 

experimental section, to evaluate the performance of our 

system, we conducted experiments to find optimum k of k-

prototype clustering and to determine the number of hidden 

states. The key contribution of this paper is to recognize the 

intentions from the pedestrians’ point of view for the safety of 

the pedestrians, not the intention of the driver for safe driving 

of the car. 

 

Index Terms— Human Intention Recognition; Machine 

Learning; Hidden Semi Markov Model; Elder Pedestrian. 

 

I. INTRODUCTION 

 

The rapid aging of our society creates a demand to deliver 

quality daily life for the elderly. To meet the requirement, 

many researchers have studied on the information 

communication technologies (ICTs) for the elderly, more 

specifically the gerontechnologies [1,2]. However, most of 

the researches related to gerontechnologies are interested to 

focus on supporting indoor activities, in spite of the elderly 

over the age 65 in Korea spend nearly 34 percent of their 

daytime outdoor [3]. As the proportion of outdoor activities 

by the elderly increases, more and more elderly people are 

killed or injured while walking [4]. To reduce the risk, we 

propose a framework to ensure "the ability to cross the road 

alone" during outdoor activities. The reason why we are 

interested in "the ability to cross the road alone" is because 

it is an important indicator of the autonomous capacity of 

the elderly [5]. 

To do so, we tried to recognize the intention of the elderly 

to cross the road, and to adjust the traffic signal of the 

crosswalk that the elderly want to cross according to the 

elderly's walking speed. We are particularly interested to 

understand the intentions of the elderly when crossing the 

road. Among the research related to human intention 

recognition (HIR), research that is most relevant to gain 

intention is one that recognizes the driver's intention. 

However, the purpose of the research is not on 

understanding the pedestrians’ safety but the prevention of 

car accidents. Therefore, there is little interest in recognizing 

the pedestrians’ intentions. 

To overcome the limitation of existing research, we 

propose a novel framework that can recognize the 

pedestrians’ intentions, especially in the vicinity of traffic 

lights to support safe crossing walks, from the pedestrian's 

point of view. At this time, the pedestrian's intention is 

recognized using the smartphone sensor carried by the 

pedestrians. In addition, the data required to control the 

traffic light were collected using Open API. In order to 

perform the intention recognition, we adopted Hidden Semi-

Markov Model (HSMM), which is most widely adopted 

method in this field. 

The preliminary version of this paper has been presented 

as a conference paper [6]. As compared with the previous 

version, the differences and major contributions are as 

follows.  

In the previous version, we performed k-means clustering 

after data discretization. However, we noticed that the 

activity data were arbitrary classified categorical data. 

Therefore, it was difficult to define the distance measure 

even though it is a discrete variable. Thus, we adopted k-

prototype clustering to recognize the activities.  

In the previous version, to recognize the intention, we 

used HMM, in which one observable state determines only 

one hidden state time-independently. However, in the case 

of walking, one activity does not determine one hidden state 

but a series of activities are considered to determine a 

hidden state. Therefore, a variable corresponding to duration 

was additionally required. So, we adopted HSMM for 

recognizing the human’s intention.  

To verify our framework, we performed the experiments. 

To do so, we collected real data using application 

GPSLogger in iPhone X. Through the experiments, we 

found the optimum k of k-prototype clustering and 

determined the number of observable states.  

The paper is structured as follows. The next section 

discusses related works. Section 3 offers detailed 

descriptions about recognition method the pedestrians’ 

intentions in the vicinity of traffic lights to support a safe 

crossing. The experimentation will be presented in Section 

4. Finally, Section 5 puts forth the conclusions and suggests 

further research. 
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II. LITERATURE REVIEW 

 

A. Human Intention Recognition 

Many researchers have been interested in 

human intention recognition (HIR) in terms of intelligent 

systems such as autonomous vehicle. As shown in Table 1, 

most HIR research had been interested in recognizing the 

intentions of the drivers or the pedestrians. The mainstream 

of research shows that the driver grasps the pedestrian 

intentions. The purpose of previous research is mostly to 

prevent car accidents. According, this field of research is 

becoming more active due to the proliferation of 

autonomous vehicles.  
 

Table 1 

 Classification of HIR Research 
 

Perspective 

Driver 

Infrastructure 

(Camera on the 
traffic light) 

Pedestrian 
Recognition  
target 

Drivers’ 

 intention 

[8], [9], [10], 

[12], [14] 
[19], [20] - 

Pedestrians’ 

intention 

[7], [15], 
[16], 

[17], [18] 

[21] 
This 

research 

 

However, another related area of research is the 

pedestrians’ jaywalking caused by improper traffic light 

control as well as cars, which are the causes of the elderly 

pedestrians’ accidents on the crosswalk. Therefore, to 

address this issue, it is very important to recognize the 

pedestrian's intention from the viewpoint of the pedestrian. 

Unfortunately, studies in this field of research are still 

lacking, implying that research to ensure the pedestrians' 

safety walking from the pedestrians’ point of view is unique 

and novel.  

 

B. HIR Methods  

To recognize the humans’ intention, the researchers 

applied a variety of classification methods. As summarized 

in Table 2, each method has its advantages and 

disadvantages. 

 
Table 2 

Comparison of HIR Method 

 

Method  Characteristics Ref  

Bayesian 
Network 

(BN) 

− Pros: Strength in small size and incomplete 

data; Fast response 

− Cons: No feedback loop due to acyclic 

property of BN; Difficulty of collection and 

structuring the expert knowledge  

[7], 
[22] 

Support 

Vector 

Machine 
(SVM) 

− Pros: High Accuracy; Low cost; Robust from 

data  

− Cons: Low efficiency at high dimension data; 

Need to preprocess (e.g., feature selection); 
Inadequate to time-dependent data 

[12], 

[13], 

[14], 
[19], 

[20] 

Neural 

Network 
(NN) 

− Pros: Black box; Unable to understanding 

important features; Need to large data; High 

computational cost 

− Cons: No feedback loop due to acyclic 

property of the BN; Difficulty of collection 

and structuring the expert knowledge 

[11], 

[18], 
[19] 

Hidden 
Markov 

Model 

(HMM) 

− Pros: Very useful for sequential data analysis 

− Cons: No guarantee the convergence to the 

global minimum; Unable to consider the 
duration of a state 

[8], 
[9], 

[10], 

[19], 
[23] 

The pedestrians’ intention to be recognized in this research 

has a sequential characteristic [23]. However, SVM and NN 

are inadequate for this research because they assume that 

intentions are time independent. To solve this problem, He 

L. is applied the Hidden Markov Model (HMM), which has 

the strength in dynamic time series modeling [10]. However, 

in HMM, one observable state determines only one hidden 

state. However, in the case of walking, one activity does not 

determine one hidden state, but a series of activities are 

gathered to determine one hidden state. Therefore, a variable 

corresponding to duration is required. In this case, the 

Markov model with duration is called the semi-Markov 

model. For the purpose of this study, we adopted HSMM for 

recognizing human intention. 

 

III. OVERALL ARCHITECTURE 

 

A. System Architecture 

The architecture of this system consists of two phases, 

such as learning and recognition. Learning phase carries out 

learning about activity patterns of the elderly pedestrian 

around the Identification Module (SCIM), Ordered Context-

augmented Activity Clustering Module (OCAM), and 

HSMM Model Generation Module (HMGM). In the 

recognition phase, our system tries to recognize the 

pedestrian’s intention using real-time data. The overall 

system architecture is depicted in Figure 1. 

 

 
 

Figure 1: Overall System Architecture  

 

B. Learning Phase 

1) Identification of Spatial Context 

In order to recognize the crossing intention of the 

pedestrians, it is essential to clearly define the current 

context, in which the pedestrian is exposed. It is especially 

important to clearly identify the spatial context required for 

the understanding of the relationship between a pedestrian 

and traffic lights. Prior to the discussion, the variables 

needed to define the spatial context are depicted in Figure 2. 

 
Figure 2: Description of the Variables 
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𝑝𝑙𝑖 : 𝑖
𝑡ℎlocation coordinates of the pedestrian. If i = c, it 

means the current location of the pedestrian (𝑝𝑙𝑐). It is 

represented as 𝑝𝑙𝑖 = (𝑙𝑜𝑖 , 𝑙𝑎𝑖).   
T𝑗  : 𝑗

𝑡ℎ traffic light coordinates near the pedestrian 

(j = 1,2). It is represented as T𝑗  = (𝑙𝑜𝑗 , 𝑙𝑎𝑗). 

rd𝑖𝑗: Euclidean distance between 𝑝𝑙𝑜𝑖 and T𝑗 (i ≥ 1, j =

1,2). 
ra𝑖𝑗: Relative angle between 𝑝𝑙𝑜𝑖 and T𝑗(i ≥ 1, j = 1,2). 

𝑝𝑐𝑖𝑗: Polar coordinates for 𝑝𝑖  and T𝑗 . pc𝑖𝑗 = (rd𝑖𝑗 , ra𝑖𝑗). 

𝑠𝑡𝑖: Timestamp of  𝑖𝑡ℎspatial context 

At this time, the origin of polar coordinates is equal to the 

current location of the pedestrian. The polar coordinates are 

derived as follow (Figure 3). 

 

WD⃗⃗⃗⃗⃗⃗  ⃗: vector of walking direction 
PA⃗⃗⃗⃗  ⃗: vector of polar axis 
TVj⃗⃗⃗⃗⃗⃗ : direction vector of traffic lights 
p: pole, 𝑝 = 𝑝𝑙𝑐  
δ: threshold of 𝑟𝑑𝑖𝑗  

 
Begin Polar Coordinates Calculation Process 

 
While ((𝑟𝑑𝑖1 < 𝛿) 𝑎𝑛𝑑 (𝑟𝑑𝑖2 < 𝛿)){ 
           p ← 𝑝𝑙𝑐; 
            WD⃗⃗⃗⃗⃗⃗  ⃗ ← [𝑝𝑙𝑐−1 𝑝] 

            PA⃗⃗⃗⃗  ⃗  ← (
0 −1
1 0

) ×WD⃗⃗⃗⃗⃗⃗  ⃗    ;; rotate   

            𝐅𝐨𝐫 (𝑗 = 1 ; 𝑗 ≤ 2 ; 𝑗 + +) 

                    TVj⃗⃗⃗⃗⃗⃗ ← [𝑇𝑗 − p] 

                    𝑟𝑎𝑐𝑗 ← cos−1
PA⃗⃗⃗⃗  ⃗ ∙ TVj⃗⃗⃗⃗⃗⃗ 

|PA⃗⃗⃗⃗  ⃗| × 𝑟𝑑cj
 

                    𝑝𝑐𝑐𝑗
𝑎𝑝𝑝𝑒𝑛𝑑
←     (𝑟𝑑𝑐𝑗 , 𝑟𝑎𝑐𝑗) 

           𝐄𝐧𝐝𝐅𝐨𝐫} 

 

𝐑𝐞𝐭𝐮𝐫𝐧  𝑝𝑐𝑖𝑗 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 𝑎𝑛𝑑𝑗  

End Process 
 

 

Figure 3: Derivation Algorithm of Polar Coordinates 

 

Based on the above notations and the algorithm, the 𝑖𝑡ℎ 

spatial context is defined as follow.  

 

Definition 1 𝑖𝑡ℎ Spatial Context (𝑠𝑐𝑖) is represented as 

follows.  

 

𝑠𝑐𝑖 = {𝑝𝑙𝑖 , 𝑝𝑐𝑖1 , 𝑝𝑐𝑖2, 𝑠𝑡𝑖} (1) 

  

However, it may be different from the time span of the 

derived polar coordinates and the activity data received from 

the activity recognition module. Therefore, in order to use 

two kinds of data having different time span as input values 

to the HMM, it is necessary to synchronize them into the 

same time-window. The received activity data from the 

action data recognition module are defined as follow.  

 

Definition 2 𝑘𝑡ℎ activity data (𝑎𝑑𝑘) is represented as 

follows.  

 

𝑎𝑑𝑘 = {𝑎𝑐𝑘, 𝑎𝑡𝑘} (2) 

  

where 𝑎𝑐𝑘 is 𝑘𝑡ℎactivity of the pedestrian (𝑎𝑐𝑘 ∈ {walking, 

standing, turning left, turning right}). 𝑎𝑡𝑘 is time stamp of 

 𝑘𝑡ℎ activity. 

Definition 3 Context-augmented activity data matrix is 

represented as follow. 

 

𝑀𝑙 = [
𝑝𝑙1  𝑝𝑐11  𝑝𝑐12  𝑠𝑡1  𝑎𝑐1

⋮
𝑝𝑙𝑙   𝑝𝑐𝑙1  𝑝𝑐𝑙2  𝑠𝑡𝑙   𝑎𝑐𝑙

] (3) 

 

Based on the above definition, the synchronization 

procedure of the time span is summarized in Figure 4.  

 

temp= ∅ 

 

Begin Data Synchronization Process 

 

𝐅𝐨𝐫 (𝑘 = 1; 𝑘 ≥ 1; 𝑘 + +) 
         𝐈𝐟 𝑎𝑡𝑘 > 𝑠𝑡𝑐−1 

             𝐓𝐡𝐞𝐧 𝑚 ← 𝑘 

                         𝐁𝐫𝐞𝐚𝐤 

         𝐄𝐧𝐝 𝐈𝐟 
𝐄𝐧𝐝 𝐅𝐨𝐫 
𝐅𝐨𝐫 (𝑘 = 𝑚; 𝑘 ≥ 1; 𝑘 + +) 

  𝐈𝐟 𝑎𝑡𝑘 > 𝑠𝑡𝑐 

              𝐓𝐡𝐞𝐧 𝑛 ← 𝑘 

       𝐁𝐫𝐞𝐚𝐤 

 𝐄𝐧𝐝 𝐈𝐟 
End For 

𝐅𝐨𝐫 (𝑘 = 𝑚; 𝑘 < 𝑛; 𝑘 + +) 

          temp
𝑎𝑝𝑝𝑒𝑛𝑑
←     𝑎𝑐𝑘 

𝐄𝐧𝐝𝐅𝐨𝐫 

𝑠𝑐c
𝑎𝑝𝑝𝑒𝑛𝑑
←     mode(temp) 

𝑀c

𝑎𝑝𝑝𝑒𝑛𝑑
←     scc 

 

𝐑𝐞𝐭𝐮𝐫𝐧  𝑀𝑐 

𝐄𝐧𝐝 𝐏𝐫𝐨𝐜𝐞𝐬𝐬 
 

Figure 4: Synchronization procedure of time spans 

 

2) Ordered Context-augmented Activity Clustering 

In order to recognize the spatial context, we collected the 

GPS sensor data embedded in the smartphone of the elder 

pedestrians, and traffic lights-related data collected using 

open API. At this time, due to the device errors and sensor 

degradation, the collected sensor data are incomplete. 

Furthermore, the collection period of API (greater than 1sec) 

differs from the collection period of sensor data of the 

smartphone (1/40sec). Thus, in order to generate data matrix 

for clustering, data refinement is required.  If the sensor data 

value is missing, it may be replaced with the previous data 

or the subsequent data value, but the data collected by the 

API requires careful approach. To treat the missing data 

collected through open API, data interpolation should be 

performed. Data integrity is solved by processing null data. 

After confirming the data integrity, we performed the 

clustering to recognize the activities. At this time, context-

augmented matrix contains not only discrete domains (e.g., 

activity) but also continuous domains (e.g., distance and 

angle). Generally, clustering in the continuous domain uses 

the distance function as a cost function. It is called k-means 

clustering. However, activity data is the arbitrary classified 

categorical data. Therefore, it is difficult to define the 

distance measure even though it is a discrete variable. To 

complement the distance measure of the categorical data, k-

modes clustering using dissimilarity as the distance has 

appeared [25]. Recently, k-prototype clustering, which 
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integrates k-means clustering and k-modes clustering has 

emerged [26]. The context-augmented activity data matrix 

consists of p-dimensional context data as numerical data and 

1-dimensional activity data as categorical data. In this light, 

the k-prototype clustering is appropriate for our data.  

In the k-prototype clustering, the distance function is 

defined as follows. 

 

𝑑(X, Y) = ∑ (𝑥𝑗 − 𝑦𝑗)
2
+

𝑝
𝑗=1 𝛾 × 𝛿(𝑥𝑝+1, 𝑦𝑝+1) 

(𝑥𝑗 , 𝑦𝑗  ) =  {
0 (𝑥𝑗 = 𝑦𝑗 )

1 (𝑥𝑗 ≠ 𝑦𝑗 )
 

(4) 

 

where 𝑥𝑗 , 𝑦𝑗(1 ≤ 𝑗 ≤ 𝑝) are the numerical data, 𝑥𝑝+1, 𝑦𝑝+1 

are the categorical data. 𝛿 is the dissimilarity function of two 

categorical data. 𝛾 is the hyper parameter to avoid favoring 

either the type of attribute.  

The disadvantage of k-prototype clustering is that there is 

no way to obtain an optimum k, unlike k-means clustering, 

because γ must be adjusted. Therefore, the optimum k is 

obtained experimentally so that the recognition accuracy 

could be high. 

 
3) HSMM-based Learning 

HMM is a probabilistic model, which is used for 

recognizing the hidden states from the observable sensor 

data [18]. When the HMM is used in the intention 

recognition, the intentions are represented as the hidden 

states and the sensor data is used to depict the observable 

states. In HMM, an intention is determined by the transition 

probability which is time-independent. However, in the case 

of crossing the road, the intention should be determined 

considering the duration of a prior intention. For instance, 

whether the pedestrian would cross the road depend on how 

long the pedestrian has kept the intention of waiting around 

the traffic light. 

 Therefore, a variable corresponding to duration is 

required. The Markov model with duration is called semi-

Markov model. This model is transformed into HSMM in 

the human intention recognition. 

In this research, three different types of HSMM models 

are learnt since the direction of elder pedestrian at 

crossroads can be forward, rightward and leftward. For each 

model, the intentions are defined as a sequence of the hidden 

states like approaching to traffic signal, waiting, crossing the 

street, and moving away. For example, an HSMM of 

crossing the street is depicted in Figure 5.  

 

 

Figure 5: Observation sequence of an intention named crossing the street 

 

In order to use the Context-augmented activity data as the 

observable states, this data should be transformed to discrete 

type. Discretization is performed by k-prototype clustering 

of the sensor data. The k clusters are used to train three 

HSMMs with differently labeled hidden states. At this time, 

the three kinds of intentions are crossing the right crosswalk, 

crossing the left crosswalk, and crossing the front crosswalk. 

To recognize the pedestrians’ intention, the HSMM is 

represented by three matrices, λ = (A, B, π). The matrix A =
𝑎(𝑖,𝑑′),(𝑗,𝑑) represents the transition probability that the 

hidden state will change from 𝑖𝑖 to 𝑖𝑗. The matrix B =

𝑏𝑖,𝑑(𝑜𝑡+1:𝑡+𝑑) specifies the probability that the system will 

generate the observable states 𝑜𝑡+1:𝑡+𝑑 with hidden state 𝑖𝑖 
for duration d. And 𝜋𝑖,𝑑 is the distribution of probability that 

any given state is the initial state of the hidden semi Markov 

process. A, B, and π are simply represented as follow. 

 

𝑎(𝑖,𝑑′),(𝑗,𝑑) = 𝑝(𝐻[𝑡+1:𝑡+𝑑] = 𝑖𝑗|𝐻[𝑡−𝑑′+1:𝑡] = 𝑖𝑖) 

𝑏𝑖,𝑑(𝑜𝑡+1:𝑡+𝑑) = 𝑝(𝑂𝑡+1:𝑡+𝑑|𝐻[𝑡+1:𝑡+𝑑] = 𝑖𝑖) 

𝜋𝑖,𝑑 = 𝑝(𝐻[𝑡−𝑑+1:𝑡] = 𝑖𝑖) 

(5) 

 

Given λ = (A, B, π), the probability that the intention H is 

recognized is as follow. At this time, the intention is one of 

two cases like crossing the street or passing the crosswalk.  

 

𝑝(𝐻|λ) = ∑ 𝑝(𝐻|O, λ)𝑝(𝑂|λ)

𝑓𝑜𝑟 𝑎𝑙𝑙 𝑂

 (6) 

 

where the set 𝐻 = {(𝑖1, 𝑑1), (𝑖2, 𝑑2), (𝑖3, 𝑑3), (𝑖4, 𝑑4)} is the 

expression of the hidden states and observable states are 

expressed as 𝑂 = {𝑜1:𝑗 , … 𝑜𝑚:𝑛}. 

 

C. Recognition Phase 

In the recognition phase, it determines whether the 

pedestrian has the intention to cross the street by comparing 

real-time sensor data related to walking with HSMM 

learning results. To do so, the recognition phase performs 

three tasks sequentially. First, it calculates the distance 

between the pedestrian and the traffic lights. At this time, 

the location of the pedestrian is periodically identified using 

the GPS sensor embedded in the elder pedestrian 

smartphone. When the distance is below the threshold (δ), it 

starts collecting the walking data of the pedestrian in real 

time. Using the sensor data, it creates a spatial context by 

predefined time span. Second, it performs preprocessing on 

the sensor data in order to synchronize the time spans of the 

activity data received from the activity recognition module 

and data collection time. After the two tasks are finished, we 

can identify the traffic lights in two directions that are 

related to the pedestrian's intention. As a next step, we 

calculate Maximum Likelihood Estimator (MLE) for each 

direction using real-time data. Finally, our system decides 

whether the elder pedestrian will cross the crosswalk in a 

certain direction or just pass by.   

 

IV. PERFORMANCE EVALUATION 

 

To show the application example of our framework, we 

conducted the simulation. To collect the data, the 

experiment was conducted on the roads around 

Sungkyunkwan University. At the viewpoint of the subject, 

the road is curved to the left and the crosswalks are located 

at the front and the right. Thus, in this case, models for 

crossing the forward crosswalk, crossing the right crosswalk 

and passing by would be the proper combination. The 

subject walked in three directions naturally as usual. Each 

observation time is at least 1 minute to maximum 3 minutes. 
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Collection frequency of GPS data was set to 1Hz and an 

observation starts after the GPS data is stabled. The number 

of observations is the same on each direction. The 

application GPSLogger was used on the smart phone 

(iPhone X). Data pre-processing was performed in Python 

and the Models were generated in R.  

In order to create a HSMM, we need to decide the number 

of the hidden states. Since there is no fancy theory and the 

number of states highly depends on the domain, the number 

should be decided in the experimental way. To decide it, the 

log-likelihood values of cluster sequences are calculated 

changing the number of the hidden states. Then, the number 

with the most log-likelihood value on each model would be 

selected. The result is depicted in Figure 6. 

 

 
 

Figure 6: Log Likelihood values for each model 

 

According to Figure 6, four hidden states would be 

appropriate. 

As mentioned above, since the number of clusters in k-

Prototype method also has no theoretical solution, the 

number should be decided in the experimental way too. The 

following tables show how the result of the recognition is 

verified according to the number of clusters (k). 

 
Table 3: 

 Log-Likelihood Values When k=8 

 

Model LOG-LIKELIHOOD 

Data Leftward Forward Rightward 

Leftward -24.7584 -44.0192 -25.5406 
Forward -56.3914 -54.5724 -58.4552 
Rightward -49.2543 -65.4980 -24.7117 

 

Table 4: 
 Log-Likelihood Values When k=12  

 

Model LOG-LIKELIHOOD 

Data Leftward Forward Rightward 

Leftward -47.1364 -58.6592 -70.4692 

Forward -53.9968 -51.4945 -62.0207 
Rightward -76.3990 -101.5220 -61.8045 

 

As shown in Table 3, k = 8 is not proper for our dataset. 

The system predicts the pedestrian would cross the forward 

crosswalk although the pedestrian actually passed to the left. 

Continuously changing the number k and calculating the 

log-likelihood values, we could find the optimum k to be 12. 

Under the condition of 4 hidden states and 12 kinds of 

clusters, the system could successfully predict the 

pedestrian’s intention. 

 

V. CONCLUSION AND FURTHER RESEARCH 

 

In this paper, we propose a novel system that can 

recognize intentions of the elder pedestrians in the vicinity 

of the traffic lights to support a safe crossing. The 

architecture of this system consists of two phases such as 

learning and recognition. Learning phase carries out the 

learning about activity patterns of the elder pedestrian 

around the crosswalk. To do so, it composes three modules: 

Spatial Context Identification Module (SCIM), Ordered 

Context-augmented Activity Clustering Module (OCAM), 

and HSMM Model Generation Module (HMGM). In the 

recognition phase, our system tries to recognize the 

pedestrian’s intension using real-time data. 

Contributions of our research can be summarized as 

follows. First, we tried to recognize the pedestrians’ 

intentions from the pedestrian's point of view. Second, to 

recognize the elder pedestrians’ intention around the 

crosswalk, we used only the sensor data embedded in the 

smartphone carried by the elder pedestrians without the help 

of guardians or additional devices. Last but not least, we 

used HSMM to model the activity to recognize the intention. 

For further research, we will try to integrate our system to 

LOD to find the paired information of traffic lights. In 

addition, we can try to combine this study with Heinz's 

intention recognition level [27]. 
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