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Abstract: Human activity observation and identification 

is of high importance in the field of smart home 

automation. It is highly essential to maintain 

confidentiality in monitoring activities of daily living 

(ADLs) performed by people in their houses. As of now, 

the current approachto ADL recognition haveseveral 

limitations that limit their application in real world 

scenarios of smart homes. In this project, we have a 

surrogatemethod, which comprises of mining the ADL 

models from the Web. Already existing approach in this 

method are focussed on Web page mining for textual 

content and lexical analysis of the textual content. These 

attempts face the persistent problem of high level of 

noise and unreliability of content found in textual data 

present on the web pages. To conquer this, we focuson 

the imagesdepictingthe activity being carried out, which 

presents a visual and more expressive description of the 

activity compared to textual content present on the Web 

pages. Hence, we aim to achieve human activity 

recognition for a regular household using the Web-based 

activity mining based on image searches throughimage 

mining from the web and computer vision APIs in order 

to perform an efficient and effective activity recognition 

in the pervasive computing domain of smart home 

automation. The method proposed here depends upon 

search engines such as (e.g. Google, Mozilla, etc.) to 

search and display highly related images for each queried 

activity. Computer vision APIs along with a lexical 

database is required to extract the key objects that are 

appearing in searched images. Probabilistic technique is 

used to point out the degree of relationship or relevance 

between the identified objects and the activity that is 

being performed in the image. The project is 

implemented and tested on a large dataset of real-world 

ADLs which are executed in a smart-home. Thus, the 

project focuses on implementing a better approach for 

activity recognition via Web-based activity mining, 

which relies on images present on the web pages rather 

than textual content present on the web pages. 

Keywords: ADLs (Activities in daily living), Activity 

recognition, Web-based activity mining, Computer 

vision, Smart home automation. 

 

1. Introduction 
 

Activity recognition is an imperative requirement in 

detecting and categorizing abnormal activities. It is 

needed in a lot many places especially smart homes. 

Supervised learning is useful for recognizing activities 

using postures and occurrences. But it is difficult for 

supervised learning in case of complex ADLS which 

occur without any defined sequence (e.g. packing a gift, 

watering a plant). That is why unsupervised learning 

methods were tried to be created to recognize the ADLS 

from sensor data. Unsupervised learning relies on 

symbolic models for recognizing activities. Manually 

defining the models via formal ontologies presentedusing 

description logics language is a significantly popular 

approach [4]. These models can be defined manually but 

it becomes a cumbersome process. Web mining is an 

alternate approach to retrieve the symbolic models from 

the web pages. The method is widely denoted as web 

based activity mining. [2] The current mining technique 

mostly uses textual content. But there is a limitation to 

this mining as it involves more noise which involves 

unnecessary computation. So it is assumed that mining 

using pictures would be more efficient as it involves 

more concise and expressive information as compared to 

that of text of a web page.[1] Therefore the current 

system used textual based content for mining and 

recognizing activities while we aim to implement the 

system proposed of using image based mining confined 

for smart homes to recognize activities and find out the 

difference between the two systems and conclude the 

better system based on various parameters. [5] We use 

the activity labels related to smart homes as our 

comparison is done on the activities related to a smart 

home. 
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Major contribution of the work are as follows: 

● To combineimage search using web and 

computer vision operations to extract related objects from 

the images for different activities, as per our 

requirements. 

● Using probabilistic weighting techniques to 

measure relevance between activities and associated 

objects. 

● The results are presented using the large-dataset 

based on real-world ADLs, and to compare and prove 

that the existing web-mining method based on mining 

only textual data from the web pages is being 

outperformed by the proposed method. 

 

2. Literature Survey 
 

The supervised learning methods to perform the 

recognition ofADLs has various issues pertaining to 

applicability, cost effectiveness and maintaining privacy 

of subjects. Therefore, different approaches have been 

made to create unsupervised learning ADLs recognition 

methods. The approach has drawbacks in terms of 

defining the activity definition and manually describing 

the ontological axioms. Another approach focuses on to 

automate activity modelling and non supervision by 

mining activity models from the web. In [2]this is being 

attempted and scaled up with refining later by other 

approaches on top of it. The approach is shown in Fig. 1. 

Here, the inputis taken as an activity label, say “washing 

the dishes”. This is used to query the web basedsearch 

engine to find web pages showing results pertaining to 

that activity. Further, using the genre classification 

functionality to select pages that contain description of 

that activity in significantly detailed manner. [3] The text 

from top n pages is passed to an object identification 

module, which exploits a lexical database in order to 

extract relevant objects pertaining to that activity.  

 
Figure 1.Activity mining based on textual data  

present on the web pages. (Existing method) 

Similarly,in [3] it is used for activity recognition as 

well as segmentation functionality. Statistical and 

ontological reasoning are combined and used to infer 

probable activities. 

Different methods and techniques have been used to 

infer activities and objects, but to a large extent all the 

existing methods rely on textual content only. We have 

here exploited the image content present on the web 

pages in order to derive and define the activity models. 

[5] 

 

3. Approach and Implementation 
 

 
Figure 2. Activity mining based on images from the web 

pages and use of third party computer vision application. 

(Proposed method) 

 

If we give an activity label (e.g. “watering the 

plants”), the model queries the web based search engine 

for the images and fetches the top n images for the given 

activity label. It should also satisfy the semantic filtering 

directive. Semantic filtering depends upon analysis 

performed on the textual data present on the web pages 

that also contain queried images. All the first appeared n 

images are passedthrough the term extraction module of 

the architecture which queries the third party supported 

computer vision API to retrieve the appropriate 

description and relevant tags of objects or elements that 

areidentified in the image. Each relevant tag is linked 

with a confidence value that depicts the probability that 

the objectactually appears in the image performing the 

activity. The object identification module is now given 

the tags and descriptions of the top n images which 

implies POS tagging to only savethe nouns from the pool 

of obtained tags. Weight based on the tag’s confidence 

value is computed for each tag found in the image. The 

above method is performed for each and every activity a 

that belongs to the set A of activities that are taken into 

consideration. Theobjects from the considered n 

imagesare used for computation by object use probability 

module. This module is used to compute the correlations 

among the objects and activities. Lets take for an 

example, for every activity a and provided object o that is 

observed to be in at least oneof the images. Then the 

module estimates it to be P(a/o). This is conditional 
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probability foran activity (under consideration) a, given 

that the depicted object in the activity is o. 

Above method is implemented using Python 3.6 as 

the programming language. Packages such as nltk 

(natural language processing toolkit) are used to perform 

operations such as POS tagging, etc. The mongoDB 

serves in order to create a server instance running on the 

same machine. During the implementation google is used 

in order to query for the images on the web. Microsoft 

Azure based computer vision API is used for cognitive 

analysis of the images and to get the tags and description 

of the images. The CASAS dataset is used for the real-

world implementation using the real-world ADLs. 

The mongoDB server instance is created first on the 

machine using the command shell. Once the server 

instance is created and the port is ready to listen. The 

program that implements the discussed method is 

executed. The predefined activity labels are already 

present in the program. Based on the activity labels,  the 

top n images are downloaded from the web using google 

image search for each activity label. For convenience, n 

here is taken as 15. These images are stored in Pictures 

folder under the respective activity label named sub-

folders. Each of these images is passed through the  

Microsoft’s computer vision API. The tags and 

description obtained for each of the image are stored in 

form of JSON output in json_output folder under the 

respective activity label named sub-folders. Using the 

probabilistic techniques, the conditional probability for 

occurrence of an activity when certain object is already 

given is calculated. Further the confusion matrix is 

created after the calculation of true-positive, true-

negative, false-positive and false-negative. Then, the 

overall Precision, Recall an F1 score is calculated for the 

occurence of an activity. F1 score refers to the harmonic 

mean of Precision and Recall. The graph for the accuracy 

containing Precision, Recall and F1 score is plotted and 

compared with the results derived using the existing 

method.  

 

4. Conclusion and Future Scope 
 

A new approach is being implemented here to Web-based 

activity mining, which is based on image content on web 

pages rather than textual data present on the web pages. 

The technique presented here extracts appropriate images 

of an activity from the web using the search engines. It 

identifies the crucial objects using the computer vision 

API. Further, computing the relevant weights for each of 

the object. 

This work has a lot of potential for future 

enhancements. The methods to obtain relevant images 

can be more refined and improved  by also analysing the 

textual content present on the web pages on which the 

images appear. Instead of using a general purpose 

computer vision API, the recognition for the objects 

present in the images can be improved by adopting 

particular methods to recognize the interaction between 

the human and the objects. 
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