
International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 4 (2018) pp. 1843-1848 

© Research India Publications.  http://www.ripublication.com 

1843 

Enhancing Active LeZi by Introducing Time as a Parameter for Smart 

Environment Activity Prediction 
 

Vaskar Deka
1
, Hemangi Goswami

2
, Dr. Shikhar Kumar Sarma

3
 

 

1
Assistant Professor, 

2
Guest Faculty, 

3
Professor 

Department of Information Technology, Gauhati University, 

Gopinath Bordoloi Nagar, Guwahati-14, Assam, India. 
1Orcid Id: 0000-0001-6361-442X 

 

Abstract 

In recent era, study and analysis of the issues/ challenges over 

the smart environment is playing an essential role in the minds 

of researchers all over the world and one of such challenges is 

to predict the future events to be occurred in smart 

environment. It is known that compression can be achieved by 

prediction of the next symbol, which leads the researchers to 

think in a reverse way to predict the next event of smart 

environment using different compression techniques at 

different levels. This work is to study and analyse the issues or 

challenges over the smart environment by considering an 

existing algorithm Active LeZi (ALZ) for sequential prediction. 
During the study and analysis, it is seen that Active LeZi 

(ALZ) is working well with respect to the desired outcomes, 

but still there is a lack of the proper timing of the occurrence of 

the predicted event. This brings a major challenge in this work 

to address the same and hence this work focuses on how to 

incorporate the information about time of occurrence of the 

event in the existing ALZ. In that direction, a mechanism to 

incorporate time as a parameter in existing ALZ algorithm has 

been proposed as well as implemented and seen that proposed 

mechanism is working well to achieve the challenge. 

Keywords: Smart Environment, LZ78, ALZ, MDL, Temporal 

ALZ, Dictionary, TRIE 

 

INTRODUCTION 

Smart environment is a recent trend among different advance 

technologies in pervasive computing and machine learning. 

The main aim of smart environment is to link computers to 

different activities performed by human for improving 

inhabitants’ experience by acquiring and applying knowledge 

about that environment. To automate interaction with the 

environment, different knowledge based techniques are 

designed and implemented to recognize activities and to 

predict upcoming events. The system has to observe, 

recognize and train/experience the inhabitants’ daily activities 

in that environment for acquiring a smart environment. 

Different projects and applications have been developed using 

smart environment system, such as CASAS project, MAV 

home project etc. which provides many benefits such as 

security, comfort, cost effectiveness etc. 

 

 

RELATED WORKS 

A smart home system should achieve at least some of the 

goals i.e. observing the sequence with respect to the user 

behaviour in terms of his/ her actions/ activities by using data 

mining techniques. Similarly, learning the patterns of the user 

activities and to recognize the patterns based on the activities 

for predicting the next probable event/ activity. Therefore, 

activity reorganization/ detection and prediction of next event 

to be occurred are important factors during the design of a 

smart environment and numbers of works have been already 

performed in that line. The events that occurred in an 

environment are almost sequential and they normally carry a 
common pattern of occurrences. Mining of that pattern of 

occurrence to predict the occurrences of events in near future 

is a significant work for making the environment smart 

enough so that services from the environment can be received 

proactively. Some of the important related works are 

highlighted- 

Edwin O. Heierman et al
 [3] 

gave an information theoretic 

approach for evaluating length, periodicity, etc. of time-

ordered input sequences, based on Minimum Description 

Length (MDL) principle which discovers interesting features 

in a time-ordered input sequence. They collected data 

containing some patterns in a periodic fashion and extracted 
frequent patterns for future training & prediction phase in 

activity reorganization. One of the important algorithms 

Incremental Subdue (ISubdue) by J. Coble et al
 [4]

 was 

designed for operation over some analytical data received 

incrementally to summarize detections from previous history. 

ISubdue discovers the sequence patterns, refines recognized 

patterns from the datasets using graph based data mining. M. 

R. Alam et al 
[5] 

proposed an algorithm “Sequence Prediction 

via Enhanced Episode Discovery (SPEED)”, for prediction of 

inhabitant action in smart environment system from the 

previous stored history. SPEED works with the episodes of 
smart home events that have been extracted based on the ON-

OFF states of the events by arranging in a finite-order Markov 

model using partial matching (PPM). V. R. Jakkula et al[6] 

also developed mechanism for representing and reasoning 

about temporal relations between events in smart home 

datasets and to determine the benefits of this consideration for 

event prediction in pervasive computing environment. In their 

works, temporal relations are identified among different 

events in the dataset followed by association rule mining to 

focus on the event sequences and temporal relations that occur 

frequently in the smart home. 
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THE SEQUENTIAL PREDICTION ALGORITHM- 

“ACTIVE LEZI” 

In sequential prediction, if a sequence of events are given, 

then how to predict the next event based on a limited known 

history is a common problem. Active LeZi (ALZ) [7] was 

proposed, which is found on an information theoretic 
approach and is based on the classical LZ78 dictionary-based 

data compression algorithm performing incremental parsing 

of an input sequence. For understanding the working style of 

ALZ, let us consider the input sequence 

“aabaabbbaaccdddbbcaaad”. The ALZ parsing of input 

sequence produce a set of window i.e.: “a, a, ab, ba, aa, ab, bb, 

bb, ba, aa, aac, acc, ccd, cdd, ddd, ddb, dbb, bbc, bca, caa, aaa, 

aad”. The parse substring/ window can be efficiently 

maintained by a data structure TRIE as shown in the figure 

3.1. Using the window maintained by ALZ, the probability of 

occurrence of the next symbol can be calculated. 

As an example, from the above phrase sequence one phrase is 

considered that is ‘aaa’ and with that phrase, the context that 

can be extracted are ‘aa’, ‘a’, and null context. Let us 

consider, the probability of occurrence of the next symbol, ‘a’ 

is to be calculated, then it is seen that ‘a’ occurs one time out 

five times in the context ‘aa’. In other cases, one ‘d’, one ‘c’ 

and two null context is produced. Therefore, probability of 

occurring an ‘a’ in the context ‘aa’ is 1/5. For order-1 context, 

‘a’ occurs 5 times out of 10 times and in other cases, two ‘b’, 

one ‘c’ and two null contexts occurred. Thus the probability of 

occurrence of ‘a’ in order-1 context is 5/10. Again for order-0 

context, the probability of occurring next symbol ‘a’ is 2/10. 
In order-0 context, ‘a’ occurred 10 times out of 22 symbols 

and therefore, for the null context ‘a’ can be predicted with 

the probability 10/22. Hence, the probability of occurring ‘a’ 

as the next symbol is 
�
� �		

�
� �

�
���

�
���

��
��	
 

 
Figure 3.1- TRIE structure of ALZ parsing 

 

Experiments 

Experiments have been performed which involves 

maintaining a variable length window of previously seen 

symbols. At each stage, the length of the window is equal to 

the length of the longest phrase seen in the LZ78 approach 

and within that window that includes the new symbol, the 

frequencies of all possible contexts are extracted. For the 

sequence “aabaabbbaaccdddbbcaaad”, the snapshots of the 
output are given in the figure 3.2. 
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Figure 3.2- Snapshots of outputs for ALZ parsing 

 

PROPOSED TEMPORAL ALZ ALGORITHM 

In ALZ, it is possible to predict the probability of occurrence 

of the next event from the previous history. But, it is not 
possible to assume after how much time the next event will 

occur. This is a drawback of ALZ algorithm. A Smart Home 

dataset includes a timestamp, which indicates when a 

particular event has been occurred and therefore this type of 

datasets gives the room for introducing the concept of time. 

So, for describing an event with respect to its start and end 

times, it is very important to introduce a temporal relation 

among the activities for recognizing future activities. 

Hence, a new field ‘Time Difference (Td)’ is introduced in the 

ALZ algorithm, which gives a temporal approach to the ALZ 

algorithm. Our approach involves maintaining the Td values 

between the previously occurring events. We can assume the 
result of a sequence of events using ALZ algorithm as a TRIE 

data structure and each event as a node in that structure, which 

can store the Td values in that structure. To analyse smart 

home data, we first identify the Td values between the node 

(event) and its previous node (previous event) for the ALZ 

window set and then store the values in that node if that node 

does not contain any Td value. Again, if it already contains 

some Td value at that node then we calculate the average of 

the new and old Td value and replace the old value with the 

new averaged value at that node or event. Thus from the 

previous history, we can predict a future event most likely to 

occur as well as after how much time it will occur. This builds 

a better approximation to the ALZ algorithm and is termed as 

Temporal Active LeZi (Temporal ALZ). 

 

Algorithm 

1. initialize Dictionary (D) = NULL; 

2. initialize Phrase (P) = NULL; 

3. initialize Window (W)= NULL; 

4. initialize Maximum_LZ_Length = 0; 

5. initialize Time Difference (Td)= 0; 

6. For each next symbol S 

7.         If ((P.S) present in dictionary) 
8.                 P= P.S; 

9.         Else add (P.S) to dictionary; 

10.                 If required update       

       Maximum_LZ_Length; 

11.        P= NULL; 

End if 
12. add S to Window; 

13. If (length(Window) > 

Maximum_LZ_Length) 

14.        delete Window[0]; 

End if 
15. Update frequencies of all possible  

contexts within window that includes  

v forever; 

16. For ( i = window size to 2 ) 

17.        extract time difference (Td) for  

       current node Si and previous (Si); 

18.        Search for the window from the  

       root node and stops the pointer at  

       Si; 

19.        If (Si does not contain any Td 

       value) 

20.                Store at node Si [ Td ]; 
21.        Else replace Td with average  

       value of old Td and new Td; 

      End if 

End for 

End for 
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Experiments 

Let us consider an example with inputted string 

“aabaabbbaaccd” and their corresponding start time and 

experiments are performed using the Temporal ALZ 

Algorithm (TALZ). 

In the table 4.1, column 1 is for the events that have been 
occurred and column 2 contains the start time of the 

corresponding events. The time difference values for each 

event and its previous event is calculated excluding the event 

for which the corresponding window size is one and is placed 

in column 3. Then, by applying the ALZ algorithm for the 

given event sequence, the window set (a, a, ab, ba, aa, ab, bb, 

bb, ba, aa, aac, acc, ccd) is generated and placed in the column 

4. 

Now, let us consider the time difference value between the 

symbol ‘a’ and ‘b’. There are two time difference values for 

“ab”, i.e. 01:20:00 and 01:30:07. Thus, the average time 

difference value for “ab” is 

���:	��:	��		��:	��:	���
� , i.e. 01:25:00. 

Again, let us consider the time difference value for “aa”. In 

the window structure, ‘aa’ presents three times (aa, aa, aac) 

and their corresponding time difference values are01:09:45, 

01:03:00, 01:03:00. Thus the final average value is 

��:��:���	��:��:��
� ��:��:��

� , 

Which is equal to 01:04:41.Therefore by calculating all the 
average values, the table 4.2 is formed. 

 

Table 4.1- Event Time Difference 

 

 

 

 

 

Table 4.2- Calculated Time Difference 

 

The TRIE structure formed from the above table is shown in 

the figure 4.1- 

 

Figure 4.1- TRIE structure of ALZ parsing 

 

For the sequence “aabaabbbaaccd”, the snapshots of the 

experimented output are given in the figure- 

 

Figure 4.2- Snapshot of output for TALZ parsing 
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The outputs have been tested in JSON validator for 

interpreting the outputs and snapshots for the same are 

presented in the figure 4.3, 4.4, 4.5. 

 

 

Figure 4.3 

 

 

Figure 4.4 

 

Figure 4.5 

CONCLUSIONS 

A smart environment is the one with the ability to adapt the 

environment to the inhabitants’ requirements. In order to 

design a smart environment, activity recognition is must and 

as a result numbers of activity recognition method have been 

designed. One of them is ALZ algorithm for sequential 
prediction of the event occurred in the environment. As ALZ 

is not considering event occurrence time as a factor, this work 

has tried to incorporate the time as a factor in the ALZ 

algorithm, by proposing an enhanced ALZ algorithm called 

TALZ. Necessary experiments have been performed for ALZ 

and TALZ in this work to validate the objective. For 

validating the performance of TALZ in a more efficient and 

justified way, the event states i.e. ON/ OFF may be considered 

differently, which may be one of the future work. Another 

future work is to consider the End Time of events in TALZ, 

may be a fruitful work.  
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