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Abstract: - Activity recognition is one of the most promising research topics in pervasive computing applications. In general, 

activity recognition techniques mainly focus on the direct observation of people and their behaviors with the help of cameras or 

wearable sensors. Recently, device-free activity recognition has drawn much attention since it does not require subjects to wear any 

devices. An RFID based, device-free activity recognition system is developed by leveraging off-the-shelf, pure passive RFID tags 

and exploiting easy-to-obtain RSSI signal. The common issues related to RFID such as sensitivity to environment and false negative 

readings are taken care of in this system. The proposed system interprets the activity performed by a person by deciphering the 

signal fluctuations obtained from the RFID tags using machine learning algorithms. A dictionary-based approach is devised to 

learn a compact set of dictionaries for the activities. This system achieves efficient and robust activity recognition via a more 

compact and robust representation of activities. With recent advances in embedded sensors and wireless technologies, it has 

become possible to develop a wide range of applications such as surveillance, ambient assisted living, remote health monitoring and 

intervention, fall detection and ambulatory monitoring. 
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 INTRODUCTION 

The population is aging worldwide because of increasing 

life expectancy and low birth rate. With the recent 

developments in low-cost sensor devices and networking 

technologies, we have seen a wide range of activity 

recognition applications for remote health observation and 

intervention and behavior analysis. Existing approaches in 

this field have several significant issues such as privacy 

(using video camera to monitor people), practicality (a person 

cannot always remember to wear the device) and 

maintenance (replace batteries regularly). An RFID-based, 

device-free activity recognition system overcomes these 

issues. Machine learning algorithms are employed for the 

effectiveness of the system. Radio Signal Strength Indicator 

(RSSI) is exploited to match the signal fluctuation of each 

activity. Dictionary learning approach is proposed to 

understand the structural information between RSSI signals 

of different activities by compact and discriminative 

dictionaries learnt separately for each activity. Sparse co- 

efficients of the learned dictionaries are exploited to extract 

the embodied information to appropriately classify the 

activity. The system aims at deciphering the activity 

performed by a subject by analyzing the signal fluctuations 

using Radio Frequency technology and machine learning 

algorithms. In general, this system offers several advantages 

such as easy to deploy, maintenance free, low cost, and 

lightweight in computational cost. Human activity 

recognition system holds the potential to support independent 

living of elder people.  

 

PROPOSED SYSTEM 

The proposed system interprets the activity    performed by 

a person by deciphering the signal fluctuations obtained from 

the RFID tags using machine learning algorithms. The 

overall architecture of our proposed system is shown in Fig.1. 

 

 
Fig 1: Overall Architecture for Activity Recognition 

 

The whole process consists of three main stages: 

• The noisy RSSI raw signal is obtained from the 

various RFID tags. Signal fluctuations occur if the 

subject is within the reading range of the tags. The 

obtained signals are then processed as individual 

segments. The low-level statistical features are then 

extracted from each of the individual segments. 
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• A salient subset of features is selected. The 

dependency between the features is considered. A 

compact and discriminative dictionary is then learnt 

for each activity. 

• Given a new streaming signal, the activity 

recognition problem is equivalent to finding the 

dictionary from the learned activity dictionaries that 

best approximates the testing sample. 

The system generates an activity label for the given query 

sample based on the training done earlier. The dataset 

contains data that were collected from 6 different subjects. 

The technical details of these stages and the algorithms are 

discussed in the rest of the sections. 

 

MODULE DESCRIPTION 

 

SEGMENTATION  

The first major task is to divide the continuous sequence of 

RSSI data stream into a set of individual segments S = {S1, 

S2, ……, Sn} where each segment corresponds to a specific 

activity. Each segment is generated by a sliding-window 

based method. Selection of window length plays an important 

role in the performance of classification. Here the window 

length is chosen as 6. The output for each input sample is the 

statistic over the window of the current sample and the 

previous sample. Segmentation helps the classifier better 

understand the underlying activity and compresses the 

streaming data.  

 

FEATURE EXTRACTION 

The extraction process transforms information by 

extracting seven statistical feature vectors from each 

segment. This process yields a total of n feature vectors O = 

{oₗ, o₂, …., oₛ} where O Ɛ Rⁿ and n = 7 x t where t is the 

number of tags. The seven statistical features that are 

extracted are listed below in table I along with their 

descriptions. 

 

Table I Statistical features 

 

No

. 

Feature Description 

1 Min Minimal value of Si. 

2 Max Maximal value of Si 

3 Mean Average value of Si 

4 Variance The square of the standard 

deviation of Si 

5 Root Mean 

Square 

The quadratic mean value of 

Si 

6 Standard 

Deviation 

Measure of the spread of Si 

7 Median The median of Si 

 

Algorithm 1. Feature Extraction 

 

Input: Individual segment S = {S₁, S₂, …., Sₙ} 

Output: Feature vectors O = {o₁, o₂, …., oₛ} 

Step 1: Initializing vector for each feature 

 f = (size of data stream - 1) x 12 

  Step 2: Applying feature vector function on data   

segment. 

  Step 3: do 

    Step 2 for each segment 

           while (segment! = NULL) 

  END 

 

These extracted feature vectors are sent for feature 

selection to refine the large set of feature vectors into 

significant feature vectors. 

 

FEATURE SELECTION 

We assess and identify the most important features by 

studying the correlations between features using filter-based 

unsupervised Canonical Correlation Analysis (CCA) 

algorithm. The feature subset is generated by using a simple 

forward selection greedy algorithm. 

 

We compute the canonical correlation for each pair of 

features and generate feature subsets using a greedy 

algorithm based on computed pair-wise canonical 

correlations. For each pair of feature vectors {oi, oj}, which 

can be linearly mapped into 𝑶𝒊 → 𝑾𝒐𝒊
𝑻 𝑶𝒊  and 𝑶𝒋 → 𝑾𝒐𝒋

𝑻 𝑶𝒋  

the correlation coefficient can be obtained by maximizing 

(1):  

       𝜌𝑖𝑗 =  
𝑾𝒐𝒊

𝑻 𝑶𝒊 𝑾𝒐𝒋
𝑻 𝑶𝒋 

√𝑾𝒐𝒊
𝑻 𝑶𝒊 𝑾𝒐𝒋

𝑻 𝑶𝒋

            (1) 

 

Algorithm 2. Feature Selection 

 

Input: Feature vectors O = {o₁, o₂, …., oₛ} 

Output: Feature Subset  

 

Step 1: Find the most relevant feature 

Step 2: Sort the sensors based on this feature in 

descending order.                              

Step 3: For every activity, select the first 1…n sensors. 

Step 4: Check the quality of features. 

Step 5: Choose sensors that deliver the highest gain. 

END 
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After CCA is applied to all the feature pairs, an initial 

ranking can be generated based on the correlation coefficient. 

A higher rank is assigned to the weakly correlated features 

and a lower rank is assigned to the redundant, strongly 

correlated features. Forward Selection is used to generate the 

feature subset from the pair-wise rankings. The algorithm 

begins with an empty set of features and keeps adding 

features that gives the best rank. This process continues until 

the predefined dimensionality of the features is reached or all 

the features are already considered. The ranked features are 

displayed in Fig 2. 

 
Fig 2: Ranking of Selected features 

DICTIONARY LEARNING 

A dictionary is learnt for each activity, which is formed by 

a set of basis vectors learned by solving a sparse optimization 

problem. Each basis vector can effectively capture part of the 

key structural information of the training data from each 

activity. The dictionary for each activity is learned from a 

collection of training samples via solving a l1-norm 

optimization problem. To learn and encode the information 

of the testing samples belonging to an activity class, we first 

construct an overcomplete dictionary Dₖ for each class Cₖ. 

The training samples for the kth activity is represented as Ok 

= {O1
k, O2

k, …, On
k}.  We intend to learn a dictionary matrix 

Dk over which Ok has a sparse representation Xk = {X1
k, X2

k, 

…, Xn
k}.  

 

The optimization problem can be formalized as given 

below in (2): 

𝑚𝑖𝑛𝑫,𝑿 ||𝑶 − 𝑫𝑿||2 
2  , 𝑠. 𝑡 ||𝒙𝒊||0  ≤ 𝜏0            (2)                         

 

Algorithm 3. Dictionary Learning using K-SVD 

 

Input: Signal set O, initial dictionary D₀, target sparsity S, 

No. of iteration L. 

Output: Dictionary D and sparse matrix X such that 

O≈DX. 

 

Step 1: Initialize D = D₀ 

Step 2: Find best coefficient matrix,  

     
where 𝜏0= no. of non-zero columns 

Step 3: Use an approximate solving method like 

Orthogonal Matching Pursuit (OMP) to solve the above 

sparse coding problem. 

Step 4: Compute Error Matrix. 

 
Step 5: Apply SVD to the error matrix to obtain 

 . Update 𝑑𝑖 with the first column of U and 𝑥𝑖 

with the first column of V. 

Step 6: Update D column by column in the same fashion 

to complete the dictionary. 

Step 7: Goto Step 1 and initialize D = D⁺ and follow the 

other steps until  stopping rule is reached. 

END 

The K-SVD algorithm is adopted to solve this problem 

which performs two steps iteratively. Initially, Sparse 

Coding Stage where D is kept fixed and the co-efficient 

matrix X is computed by orthogonal matching pursuit (OMP) 

algorithm. Followed by, Dictionary Update stage where the 

dictionary D is updated sequentially. Once the optimization 

problem is solved, dictionaries per activity class are created. 

 

EXPLOITING DICTIONARY COEFFICIENTS 

After learning K individual activity-specific dictionaries, 

any new incoming test RFID signal can be represented in 

terms of its dictionary basis from the learned dictionaries. To 

calculate the sparse coefficients of an input RFID sample 

w.r.t a given dictionary, we use orthogonal matching 

pursuit. 

 

The several strategies that can be used to exploit the 

learned sparse coefficients are listed below in Table II with 

their descriptions: 

 

Table II Methods to exploit learned sparse coefficients 

Technique Descriptio

n 

Formula 

Reconstructi

on error (RE) 

Activity 

label is 

associated 

with the 

training 

sample with 

least 

reconstruction 

error. 

𝒍𝒐∗ = 𝒍(𝒂𝒓𝒈 𝒎𝒊𝒏 𝒆𝒌 ) 

Maximal 

Coefficient 

(MC) 

 

Activity 

label is 

associated 

with the 

𝒍𝒐∗ = 𝒍(𝒂𝒓𝒈 𝒎𝒂𝒙 𝒅𝒌
𝒊  ) 
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training 

sample with 

maximum 

value of 

absolute 

coefficient. 

Maximal 

mean of 

coefficients 

(MMC) 

Activity 

label is the 

top label with 

the maximal 

mean of 

coefficients 

𝒍𝒐∗ =

𝒍(𝒂𝒓𝒈 𝒎𝒂𝒙 ∑
𝒅𝒌

𝒊

𝒎⁄
𝒊  )  

Maximal 

sum of 

coefficients 

(MSC) 

Activity 

label is the 

top label with 

the maximal 

mean of 

coefficients 

𝒍𝒐∗

= 𝒍(𝒂𝒓𝒈 𝒎𝒂𝒙 ∑ 𝒅𝒌
𝒊

𝒊

 ) 

Concatenate 

coefficients 

(ConSVM) 

Learned 

coefficients 

are 

transformed 

into a feature 

vector. This is 

fed into SVM 

for 

classification. 

SVM classifier 

 

Algorithm 4. Exploiting Dictionary Coefficients 

 

Input:     Sensor Samples of K activities, Testing 

Signal Samples of K activities.  

Output:   Computed sparse co-efficient  

 

Step 1:  Extract feature vectors of signal samples for each 

activity  

Step 2: Compute sparse representation using constructed 

dictionary  

Step 3: Project testing sample using Orthogonal Pursuit 

Matching.    

Algorithm (OMP)  

 

Step 1:  Initialize the residual 𝑟0 = 𝑦 and initialize the set                                              

of selected variable X(𝑐0) = ∅. Let the iteration counter = 1           

Step 2:  Find the variable 𝑋𝑡𝑖
 that solves the maximization  

problem   max
𝑡

𝑋𝑡
′ 𝑟𝑖−1 and add the variable 𝑋𝑡𝑖

  to the set of 

selected variables. Update 𝑐𝑖 = 𝑐𝑖−1 ∪ {𝑡𝑖}.  

Step 3: Let 𝑃𝑖 =  X(𝑐𝑖)(𝑋(𝑐𝑖)′𝑋(𝑐𝑖))
−1

𝑋(𝑐𝑖)′  denote the 

projection onto the linear space spanned by the elements of 

X(𝑐𝑖). Update 𝑟𝑖 = (𝐼 − 𝑃𝑖)𝑦. 
Step 4:  If the stopping condition is achieved, stop the 

algorithm. Otherwise, set i=i+1 and return to Step 2. 

END 

 

 
Fig 3: Dictionary Coefficients for activity “Sitting” 

 

ACTIVITY CLASSIFICATION 

Given a new streaming signal, the activity recognition 

problem is equivalent to finding the dictionary from the 

learned activity dictionaries that best approximates the testing 

sample. 

 

Algorithm 5. Dictionary specific Activity Classification 

 

 Input: Sensor samples of K activities, testing signal 

samples of K activities. 

Output: Activity label for the testing signal samples.  

 

Step 1: Extract feature vectors of signal samples for each 

activity. 

Step 2: Perform feature selection on the feature vectors 

using CCA. 

Step 3: Compute sparse coefficients from the selected 

features. 

Step 4: Compare the computed coefficients with that of 

already defined dictionaries. 

Step 5: Output is activity label of the existing sparse 

coefficient matrix that matches the computed matrix of 

testing data. 

END 

 

The activity label for the activity “Sitting” is displayed in 

Fig 4. 
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Fig 4: Activity label for “Sitting” 

 

EXPERIMENTAL RESULTS 

 

DATASET DESCRIPTION 

The dataset consists of signal samples that were collected 

from six different subjects. Each subject was asked to 

perform the set of 23 activities and the signal fluctuations 

were recorded. For the training phase, the data collected from 

five subjects were fed into the system. For the testing phase, 

the left-out subject’s data was fed. The dataset has been 

illustrated in Fig 5. 

 

 
Fig 5: Dataset containing 23 activities 

 

The signal fluctuations for each activity were recorded 

with the help of twelve RFID tags. The values obtained from 

these tags for the activity “Sitting” are shown in Fig 6. 

 

 
Fig 6: Sampled signals obtained from RFID tags 

 

FINAL OUTPUT 

Given a new testing signal, the signal is processed as 

individual segments. The low-level features are then 

extracted from each segment. The salient subset of features is 

then selected from the extracted features. This feature subset 

along with learned dictionaries can assign an activity label to 

the given testing sample. The entire process is shown in Fig 

7. 

 
Fig 7: Activity Recognition 

 

PERFORMANCE EVALUATION 

 

Precision 

The equation for calculating precision is given below in 

(4). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
            (4) 

 

Table III lists the individual activities with their respective 

precision values. 
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Table III Precision Values 

 

The bar graph shown in Fig 8 represents the Precision 

values for each of the activities. 

 

 
Fig 8: Precision Bar Graph 

 

Recall 

The equation for recall is given below in (5). 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                  (5) 

 

Table IV lists the individual activities with their respective 

Recall values. 

 

Table IV Recall values 

 

The bar graph shown in Fig 9 represents the Recall values 

for       each of the activities. 

 

 
Fig 9: Recall Bar Graph 

 

F1-Score 

The F1 score conveys the balance between the precision 

Activity Precision Percentage 

SS 1.00 100% 

SL 1.00 100% 

SR 1.00 100% 

SB 1.00 100% 

SF 1.00 100% 

St 0.91 91% 

StS 1.00 100% 

W 0.91 91% 

WH 1.00 100% 

WBF 1.00 100% 

WL 0.91 91% 

WR 0.82 82% 

KLF 0.73 73% 

KLL 1.00 100% 

KLB 1.00 100% 

KRF 1.00 100% 

KRR 0.91 91% 

KRB 0.82 82% 

BO 0.91 91% 

CTS 0.91 91% 

FF 0.91 91% 

FL 0.55 55% 

FR 0.64 64% 

Activity Recall Percentage 

SS 1.00 100% 

SL 1.00 100% 

SR 1.00 100% 

SB 1.00 100% 

SF 0.91 91% 

St 1.00 100% 

StS 0.91 91% 

W 0.77 77% 

WH 0.84 84% 

WBF 1.00 100% 

WL 0.91 91% 

WR 0.82 82% 

KLF 0.73 73% 

KLL 0.80 80% 

KLB 0.91 91% 

KRF 1.00 100% 

KRR 0.84 84% 

KRB 1.00 100% 

BO 0.90 90% 

CTS 0.91 91% 

FF 0.83 83% 

FL 1.00 100% 

FR 1.00 100% 
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and the recall. The equation for calculating F1-score is given 

below in (6) 

 

𝐹1 =  
2 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                            (6) 

 

Table V lists the individual activities with their respective        

F1-Score values. 

Table V F1-Score Values 

 

The bar graph shown in Fig 10 represents the F1-Score 

values for each of the activities. 

 

 
Fig 10: F1-Score Bar Graph 

 

Confusion Matrix 

A confusion matrix is a table that is often used to describe 

the performance of a classification model on a set of test data 

for which the true values are known. It allows the 

visualization of the performance of an algorithm. The 

confusion matrix for our system is illustrated in Fig 11.   

 
Fig 11: Confusion Matrix 

 

CONCLUSION 

The technical details of a device-free, unobtrusive human 

activity recognition system that holds the potential to support 

independent living of older people is proposed which is a 

critical research and development area. We explored sparse 

representation over RSSI and understood how to learn signal 

strength fluctuation to improve system robustness and 

effectiveness. We particularly investigated a dictionary-based 

approach for sparse representation of noisy and unstable 

radio frequency identification (RFID) streaming signals. We 

have also investigated the way of extracting robust features 

from raw signal strength stream by designing a simple but 

highly rank-based feature selection method. Our approach is 

the very first to explore sparse dictionary learning. Moreover, 

several applications can be benefitted from our system.  
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