
 

 

 

 

Abstract-The Human-Activity Recognition system is one of the significant research pathways in the pervasive-computing mechanism. 

The existing research studies utilize the statistical type of machine-learning methodologies for the manual feature-extraction process 

and the features-construction of the different human-activities. But the Traditional feature-engineering methods exhibits incapability 

to handle the fast-developing waveform data-types. Hence, with the evolution of the Deep-learning approach, it does not require the 

manual feature extraction process. It further enhances the recognition performance handling the complex human-activity recognition 

type’s conflicts. With the migration of Deep-neural-networks in the activity-recognition process, Multi Human-human-Recognition 

system is employed in this paper. In this method, the data-driven Feature-extraction model is implemented, which denotes the 

activity-variations. The activity-variations were depicted as the linear-type localized functions combinations, wherein the co-efficient 

of the functions are directly dependent on the intensities of the movement. It is also observed that the linear-based functionalities can 

be attained by the evolving training process of the sparse-linear type model. This model is computed from various videos. Feature 

extraction is employed by the DNN- deep-neural-networks. The extracted features recognized as data-patterns. The Patterns are 

classified as normal or abnormal activity categorization by the implementation of the KNN-algorithm. The Performance analysis of 

the framework is evaluated in terms of accuracy-factor, Specificity factor, Error-rate in the Recognition and sensitivity-factor. This 

method enhances the recognition rate of the human-activities. 

 

Keywords: KNN-K-Nearest-Neighbour Framework, DNN- Deep-neural networks, HAR-Human-activity Recognition, Deep-learning, 

Feature-extraction, Classification. 

 

 

I.INTRODUCTION 

 

he HAR-Human-activity recognition is the main objective of the BAN-Body-area network, which will 

attempt to recognize complex type human-activities and human-behaviours from the observations of 

human parts of the body and environment. Hence many methodologies were employed in the sensor-based 

HAR-human-activity recognition systems. This framework is utilized in the medical care field, smart-

home facilities and the athletic-competition scenarios etc. The mechanism of computer-vision is made 

efficient by the implementation of the Deep-learning method for rectifying human-activity recognition 

issues. This Deep-learning method would aid in the complication of complex background interferences, 

brightness and contrast conditions of the environment, positioning and tracking difficulty and the 

recognition complexity by the presence of multiple subjects in the background. In comparison with the 

other statistical methods of machine learning, the evolution of Deep-neural-networks makes a convenient 

way for the feature-extraction and complex data-classification techniques. The CNN-convolutional neural-

network would determine the feature-extraction automatically and also employs the complex type higher 

dimensional non-linear types. Apart from the challenges exhibited in the Human-activity-recognition 

complexities, the Deep-neural-networks neglects the temporal-dependencies on the extracted features and 

does not involve the Recognition of real time signals of sensor types. One of the challenges in the activity-

recognition is that the training process relied on the particular subject in one environment does not exhibit 

the same efficiency as in the prediction of another subject in a diverse environment. Hence to point out the 

challenge, one of the studies. Illustrates the Deep-learning model on the basis of device-free human-

activities recognition model is implemented to eliminate the environment information present in the 

activity-data and in the extraction of features from different subjects relied in various environment. 

Monitoring of daily human activities in the medical stream plays a vital role to aid sick and old-aged 

people. The Recognition of non-structured human daily actions is depicted as a vague task. Therefore, the 

approach of the Deep-neural-networks is presented for the study analysis of Spinal-movement activities 

and the postural-stress among the two types of sensor interlinked to the pelvis region and spine region of 
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health-person[2]. The embedding of different sensor types in mobile has evolved the research studies on 

the human-activity recognition system[3]. So a user non-dependent deep-learning technique is elaborated 

for the classification of human-activities. In this methodology, the feature-selection technique of the 

combined localized features with the statistical features are performed by utilizing the DNN-systems.The 

feature-engineering technique is incapable of handling the phases of fast-developing waveform-data. 

Hence InnoHAR-deep learning-model is implemented on the basis of integration of RNN-Recurrent 

neural-networks and Inception-neural-networks[4]. In this process, the extraction of multi-dimensional 

type features is performed by the modules of the inception model by employing several kernel basis 

convolutional-layers. Along with the modelling of GRU for the features of Time-series, the characteristics 

of the data is accomplished for the entire classification of data. Apart from the multiple-type activities, 

better performance is also evolved to predict Single-human activities and human group activities. This is 

attained by the innovative Robust method and the efficient Human-action recognition system referred to as 

ReHAR[5]. This framework is implemented to tackle single human activities and the prediction of group-

activities. The experimental analysis of the framework depicted that the ReHAR-model attains a higher 

rate of action-recognition accuracy possessing the lesser time for computation in comparison with the 

other state of art methodologies. 

With the migration of Deep-neural-networks in the activity-recognition process, Multi Human-human-

Recognition system is employed in this paper. In this method, the data driven Feature-extraction model is 

implemented, which denotes the activity-variations. The activity-variations were depicted as the linear-

type localized functions combinations, wherein the co-efficient of the functions are directly dependent on 

the intensities of the movement. It is also observed that the linear-based functionalities can be attained by 

the evolving training process of the sparse-linear type model. 

Main paper contributions are as follows: 

 To implement the Feature Extraction process by DNN-framework. 

 To perform the Classification process of extracted data-patterns by KNN-Framework. 

 To describe the classified results as the outcomes for the human-activity recognition process. 

 To perform the performance analysis of the proposed-framework  

 

I. Problem Identification 

 

The complication arises in carrying out the human activity recognition task wherein there may be 

considerable variations such as the facial expression variations, changes in human-position, frame-scale 

changes, wardrobe variations and illumination changes, present inside resized frame images along with the 

filtering variations and noise-contamination prevalent in complex input feeds. Hence to overcome this 

issue against these complications, it is necessary to frame a model wherein it ought to generate efficient 

Recognition of activities through a superior level of capability for multiple scale data representations. 

II. Paper-Organisation 

 

The first section of the paper elaborates the introductory section of the paper. The proceeding section of 

the paper literature survey analysis of the existing works involved in the Human-activity recognition task 

applied in various streams, discussing the implications of the implementations and discussed in the paper. 

Section 3 illustrates the methodology implementation of the framework. Section 4 represents the results 

and discussion outcomes of the model comprising of the performance analysis of the system. Section 5 

states the concluded research work. 
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II.RELATED WORKS 

 

The Recognition of human-activities has gained importance and exhibits more challenging factor in the 

research field. The analysis of the human-activities recognition model is employed by the effective feature-

extraction methodologies, learning models, and classification techniques. In these phases, several patterns 

of input were computed for the Recognition of various activities. 

Some of the present depth-imaging technologies gained the innovative paths to HAR-Human-activity 

recognition system without the presence of any motion-sensors or any optical-markers attached to the body 

parts of the human. For such type of purpose, novel multiple fused features for online HAR-system has 

been developed[6]. This system recognizes the activities of human from the consecutive depth-map 

sequences. The experimental analysis of the stated method elaborates that the proposed-framework 

overtakes the other state of art HAR-methodologies in accordance with the accuracy rate of the 

Recognition. Similar to this mechanism, the approach of sensors basis plays a predominant role in the 

human-recognition system. The smartphone inertial-sensor basis techniques are presented for efficient 

HAR-systems[7]. In such type of systems, the feature-extraction process is performed and then continued 

with analysis algorithms, including the LDA-linear-discriminant analysis approach and KPCA-kernel-

principle component analysis method. This methodology outperforms the other existing recognition 

techniques such as SVM-approach and ANN-approach. Even though the human-activities were encoded in 

successive-sample sequences, machine-learning methods employ the recognition technique without 

removing the temporal-correlations among the samples of input images. Hence to point out this issue, the 

DNN- deep neural-networks is presented upon the 1d temporal-sequence to obtain the input data 

dependencies[8].The DNN-Deep neural-networks is presented for constructing the recognition framework, 

and it would acquire the longer-range dependencies in the input-sequence of variable length.  

Some of the states of art recognition mechanism has been highlighted in the review[9]. It deals with the 

classification designs as well. In this review, some of the trajectories of the chronological-research has 

been figured out starting from the global to the local-representation. In the classification methodology, 

some of the template basis approaches, other discriminative developments, and other generative design 

models were reviewed. According to the review of the existing studies, in considering the major problem 

of the HAR-Human-activity recognition method, which depicted the lower rate of accuracy factor in the 

classification process of the model. Hence as to overcome this issue, a higher level of the computation 

process is required. As a result, GCHAR-Group based Context-aware-classification method was developed 

that exploits the group basis mechanism of the hierarchical type[10]. This method would enhance the 

efficiency of the classification method and also minimizes the classification-error by the context-

awareness approach other than the intensive type computation. This proposed-framework is established in 

comparison with the other methods, including the Random-Tree method, Bayes-Net-KNN method etc., 

and attained better accuracy in the classification technique relying upon the UCI-HAR dataset. The 

Computation time of the recognition mechanism is also 4times lesser than the other Decision-table 

methods. 

The impact of neural-networks also has a vast part in the Human-recognition system. A method that 

applies the DRNN-deep-recurrent -a neural network is evolved for the HAR-human-activity recognition 

system. This model [11]exhibits a higher throughput value from the raw-accelerometer information. This 

study also further investigates several architectures and the integration to figure out the better values of 

parameters. The rate of Recognition was found to be 95.4 % against the test-data-set and exhibits the 

percent of 83.4 % upon the multiple type sequential test-dataset. The utilization of the wearable-devices 

demands expensive costs, and also, they are the intrusive ones. Hence one of the options instead of this 

phenomena is to rely on using modern smart-phones, which is embedded with several types of sensors. For 

this purpose, a robust HAR-human-activity-recognition system in accordance with the subject-variations, 

placement variations and also orientation differences is proposed. This framework has relied on the basis 

of OSVM-online-support vector machine model CT-PCA-co-ordinate transformation and the principal 
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component analysis[12]. The efficiency of the OISVM is depicted in terms of subject-variations and 

placement-variations. 

The Deep-learning methodologies have evolved new innovative ideas to overcome HAR-human-activity 

recognition complications. Hence another architecture of deep-network by utilizing the LSTM-bi-

directional long-short-term memory model is presented[13]. This model would exhibit the enhancements 

on the spatial dimensions and also in the temporal-dimensions, which in turn improvises the rate of 

recognizing human activities. The device attachment and the output results from the sensors had a 

significant role in performing the human-activity recognition task. But also device attachment in the body 

of the person, the whole day would make the person a discomfort zone, and the old-aged people fail to 

wear the equipment by forgetting to do. This may lead to a state of insecurity and a high chance of getting 

tracked[14]. In this model, the data patterns represent the human-body motions, as every motion of human-

activity induces a distinct change in the medium of wireless-sensor networks. This framework of the 

machine-learning model attains an accuracy rate of 96.7 % utilizing the Random-Forest algorithm upon the 

ten-folds cross-validation.  

Another study illustrating the Deep-neural networks were presented for the mechanism of HAR-human-

activity recognition phenomena in the daily-activities by the multi-channel time series-model. This Time 

series obtained from the devices attached to the body, and it comprises varying kinds of sensors. The deep-

architectures would analyze the measurements in determining the complex-type features of human 

movements. These features are then classified into the respective human-actions set[15]. Hence in the 

experimental-analysis of the performance, the proposed-framework of the Deep-neural network overtakes 

the performance rate in compared to the other state of art existing methods. It also depicted that the 

implementation of the convolutions process applied per channel sensor and in body affixed devices would 

enhance CNN-systems' efficiency.  

In concentrating the utilization of sensor signals, another study illustrating the data-acquisition 

information and on-body positioning of the sensors aids in HAR-human-activity recognition-systems. 

Similar to the above research, LSTM-framework were presented to assist the Deep-learning method in 

recognition of human-activities[16]. Likewise, the Deep-learning approach basis of the CNN-system is 

employed for the process of activity-recognition and, in comparative more generic to the other feature-

basis methods of handcrafted type.  

This approach is evolved to create skeleton-images from the source of skeletal-data depicted as the 

activity-patterns representations. It is observed that the proposed-framework shows the enhanced outcomes 

on the complexity and the dataset representations[17]. Owing to a similar procedure, another model on the 

basis of the GAN-Generative-Adversarial network, referred to as the Open-Gan model, is implemented to 

point out the open set system of Recognition in the absence of manual-intervention process[18]. The 

efficiency of the proposed framework is evaluated on the measures of the MOCAP-Motion-Capture 

database and the micro-Doppler-radar dataset. The application of the Ada-boost ensemble-classifier is 

presented in the study for the Human-activity recognition system. This Ada-boost-ensemble classifier is 

utilized in the Recognition of human-activities set obtained from the body-sensors.  

The execution of ensemble-classifiers exhibits efficient performance through the weighted-combination 

of various models of classification. The analysis of comparison also depicted the better feasibility factor of 

the Ada-boost-ensemble classifier[19]. Additionally, the entire ensemble-classifiers models on the basis of 

the Ada-boost algorithm enhances the automated HAR-human-activity recognition system's performance.  

The present HAR-systems either demands an efficient device or prevent signal interruptions in the 

recognition process. Hence as the initiative to overcome the complication, TW-See-device free model for 

human-activity-recognition is presented along with the Wi-Fi rates of signals[20]. This model does not 

have the essentiality for device attachment and to meet with signal-scenarios by the signal-wall. The 

resultant data of the experimental evaluation attains a better accuracy rate of 94.4 % in the process of 

signal passing. 
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Challenges associated with the study: 

 The HAR-Human-Activity-Recognition system utilizing some deep-learning methods has the 

limitation of predictions wherein the subject does not exhibit change to the spatial-positions in 

different period of time. 

 Some of the usage of existing approaches in employing the human-activity recognition system 

expose high sensitivity to the occlusion variations, pose-variations, ageing variations, Face-

rotation changes, and illumination variations. 

 Other multiple challenges associated with the existing methods recognition mechanism includes 

the visual-stimuli complexity in accordance with the clutter of background, changes in 

viewpoint, camera-motions, higher variability in styles of human-execution etc., 

 The Multi-human-Activity Recognition in existing techniques does not attain better results for 

smaller-video results of lower clarity representation. 

III.METHODOLOGY 

The proposed-framework comprises the below step-wise processes of the Human-activities recognition 

mechanism. The foremost process of the framework is feeding the input video to the system. The input 

video undergoes pre-processing techniques. This pre-process process involves the consecutive steps of 

frame-conversion, and the resize of the frames. The Input video is then converted to the consistent number 

of frames, followed by the resizing of the conversion frames. The input-video is taken from the UCLA 

dataset. The features of the image-frames are extracted through the features-extraction process by the 

implementation of Convolutional-neural-networks. 

 
 

 

Figure 1. Proposed Framework Process Flow 
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The features extracted from the input data are represented in the form of data-patterns. The extracted 

features are then categorized as the Test features-set, wherein the implementation is applied. The training 

features-set is the selected features samples. The Targets represents the outcomes of the classified results. 

This type of classification is carried out through the KNN-K-Nearest-Neighbour Algorithm. The data 

patterns aids in the classification process of the image data as the normal activity or the abnormal action 

depicted. This is accomplished by the Recognition of data patterns from the input data. In the last phase of 

the flow, the performance analysis of the proposed-framework is analysed by fetching the accuracy rate in 

the recognition process, sensitivity value evaluation and specificity value detection.  
 

 

Algorithm 1: 

DNN-algorithm 

 

 Input-data: Video stream is taken from static-camera. 

 Output result: The identified action-classes. 

 Initialization of frame size and the frame-rate is performed equalized to 256  * 256 pixels.  

 Conversion of RGB representation to the Grayscale representation 

 For each iteration Pxr(x) at the provided timen1, do the process.  

 The fitness-value is evaluated and represented as vk/fk 

 Subtraction process of the present frame and the previous frame. 

 End process for  

 For each iteration of Image-sequence Im(x,y,u) do  

 The evaluation of linear translation d1and Deformation factorD1 is performed. 

 Initialization of tracking-parameter β 

 If minimize (β1,β2) > β 

 Feature selection for the process of tracking 

 Feature-vector evaluation F1(x,y,u). 

 End if process 

 End for process 

 The count of Feature-vectors for each frame, hidden-nodes count and the samples of training 

were initialized. 

 Each weight measures wiijis evaluated in the training processes by passing the video input. 

 The feature-vector F1(x,y,u) is passed to the trained-data-model for classification-process 

 Return the identified action-classes. 
 

The input data is the feed of the input-video stream provided to the system. In the process of feature-

extraction, the input video stream is converted to the frames of equal size, and the frame resize is 

performed. The RGB representation image is converted to the gray-scale representation. This fitness 

valueis computed by the notation vk/fk. The computation is run for every pixel value iteration. The 

background-subtracted frame of the current image frame and the previous frame is calculated. On the basis 

of data-patterns, the Feature vectors are evaluated with F1(x,y,u).These feature vectors aids in the 

prediction of the classified results. The total number of feature vectors in each frame, count of the training 

samples and the hidden nodes count is initialized. These Feature-vectors, by linear based functions, is then 

passed on to the trained-model for classification. 
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KNN-Algorithm for Classification  

 

 

 K-Nearest-Neighbour Algorithm 

 Classify ( U,V ,x) 

 For iteration j=1 to n, do 

 Distance computation D1(Ui,x) 

 End for  

 The set L is computed consisting of indices for m smaller 

distances D1(Ui,x) 

 Return label with majority for {Vi, where i Є L } 
 

 

 

The notation U and V represents training-data, and V represents the class-labels of U. x value represents 

the unknown-samples. The Training data and the respective labels of the data were classified, relying upon 

the unknown-samples. The classification scheme is employed by the K-nearest Neighbour algorithm, 

which categorizes the input data to the normal activity and abnormal activity based on the data patterns of 

the extracted features. The classification algorithm yields better accuracy results and lesser computation 

time. This algorithm employs efficient mechanisms for pattern-recognition. The distance measures are 

computed with the training data parameters. The output classified results categorizes the input data based 

on the feature vectors of the input video. The majority of labels of the training-data is returned as the 

value. 

IV.RESULTS AND DISCUSSION 

 

The dataset utilized in the framework is the UCI dataset. From the repository of the dataset, as a source, 

various video samples are fed to the system. From these dataset samples, the stream is converted to the 

equivalent size frame conversions of the images comprised from the video stream. The frame images are 

then subjected to res-sizing mechanism wherein the frame are remodelled to 256 rows * 256 columns 

frame size. The Evaluation results of the output would depict the robustness against the facial expression 

variations, changes in human-position, frame-scale changes, wardrobe variations and illumination changes 

present inside resized frame images along with the filtering variations and noise-contamination. 
 

                                                            

Figure 2. Original Sample Video 
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Figure 2 depicts the original input video, which is fed for activity recognition. This figure is further 

subjected to the Frame conversion and the frame resizes mechanism. 

 

                                                         

                  Figure 3. Frame-Conversion 

 

The above snapshot 3 enumerates the frame conversions of the input video. The video stream is first 

converted to small image frames. The images frames are then subjected to the features extraction process. 

This frame conversion from the video samples is carried out in the pre-processing technique. 

 

 
 

Figure 4. Resized Frame Representation 

 

This Figure illustrates the resized frame of the converted image frames. The images frames, after the 

Frame conversion mechanism, would be resized to the equivalent frame size of all the image frame. The 

above is the output frame which has been resized to a considerable compressed equivalent size. 

 

                                                   
 

Figure 5. Background-Subtracted Frame 
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The figure 5 above depicted the background subtraction frame conversion of the resized frames. The 

Grayscale representation of the images is shown in the background-subtraction mechanism. This would 

facilitate the feature-extraction process to carry out efficiently. The resized image is converted to the 

Grayscale representation. 

 

                                                  
 

Figure 6. Output Result 

The above figure 6 explains the prediction result of the activity prompted on the screen. The classified 

results are depicted in the screenshot. In consideration of the features-extraction of the image features or 

the data-patterns, the results are classified as the normal or the abnormal-activity by the implementation of 

the DNN-framework. 

A. Performance-Analysis 

      The performance of the proposed-DNN framework is evaluated in terms of accuracy factor, 

sensitivity-factor, the error rate of the predicted results and the specificity-factor. Various video samples 

are inputted, the resultant predictions classify the video samples as normal or abnormal activities based on 

the classification algorithm.  
 

 

 

                                                                                              Figure 7. Performance analysis of Recognition 
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The above figure 7 illustrates the performance metrics analysis of the video samples implementations in 

terms of accuracy-factor, specificity-factor, sensitivity-factor and the error-rate of the predictions. From 

the above figure, it is depicted that the framework results in effective results by providing a higher range of 

accurate data, considerable high sensitivity level, and higher specificity data results. The error rate of the 

model enumerates the efficiency in the implementation showing the minimum rate of error in 

predictions.Table 1 demonstrates the precise values of the framework results. The precise values are 

obtained for the accurate activity prediction of the output data, Error rate values in the prediction analysis, 

sensitivity factor values for the classified results and the values of specificity. The lesser computation of 

the error-rate values depicted in the table implies the efficient prediction of the proposed-framework. 

 

TABLE 1. PERFORMANCE METRICS VALUE 

 

  Accuracy Error-Rate Sensitivity Specificity Activity Detections 

Sample Video1 0.9314 0.0186 1 0.9988 Abnormal_Activity 

Sample Video2 0.9426 0.0284 1.2 0.9178 Normal_Activity 

Sample Video3 0.9222 0.0007 1 0.9356 Normal_Activity 

Sample Video4 0.9591 0.1066 1.4 0.9888 Normal_Activity 

Sample Video5 0.9989 0.0056 1.5 0.9145 Abnormal_Activity 

 

                                                                                               Figure 8. Prediction Performance representation 

The figure 8 demonstrated the graphical representation of the performance analysis of the second set of 

video-set samples. The various parameters such as the accurate rate prediction of the activity, specificity- 

factor, sensitivity of the prediction, and error-rates prone to occur in the prediction process are represented 

in the form of chart representation. The results of the evaluation imply that the proposed-framework shows 

a lower error rate in the prediction and a higher level of accurate data output results.The table 2 defines the 

precise parameter values of the framework results. The precise values are obtained for the accurate activity 

prediction of the output data, Error rate values in the prediction analysis, sensitivity factor values for the 

classified results and the values of specificity. According to the conclusions of the classified features or the 

patterns-representation of the features, the entire DNN-framework predicts the categorized outcomes as the 

normal activity or the abnormal activity. The lesser computation of the error-rate values and the higher 

values of accuracy metric depicted in the table implies the efficient prediction of the proposed-framework. 

TABLE 2. METRICS EVALUATION VALUES AND THE OUTCOMES OF PREDICTIONS 

 

  Accuracy Error-Rate Sensitivity Specificity Activity_Detections 

Sample Video1 0.9314 0.0186 1 0.9988 Abnormal_Activity 

Sample Video2 0.9426 0.0284 1.2 0.9178 Normal_Activity 

Sample Video3 0.9222 0.0007 1 0.9356 Normal_Activity 

Sample Video4 0.9591 0.1066 1.4 0.9888 Normal_Activity 
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Sample Video5 0.9989 0.0056 1.5 0.9145 Abnormal_Activity 

                                                                                                             

V.CONCLUSION 

In this proposed-framework, the DNN-Deep neural-networks architectures are implemented for multi-

Human activity recognition tasks. The enhancement in the framework is that the model is capable of the 

extraction of relevant discriminative features utilizing the deep layers of neural-networks in the task-

dependent mode. These models would obtain the temporal-dependencies among the input-samples in the 

sequential activities. This model is computed with various videos samples. Feature extraction is employed 

by the DNN- Deep-neural-networks. The extracted features recognized as data-patterns. The Patterns are 

classified as normal or abnormal activity categorization by the implementation of the KNN-algorithm. The 

Features extracted by the DNN-algorithm would predict the robustness against the facial expression 

variations, changes in human-position, frame-scale changes, wardrobe variations and illumination changes 

present inside resized frame images along with the filtering variations and noise-contamination. The 

framework of DNN proved as the efficient activity recognition framework due to its superior level 

capability to handle multi-scale input data representation. The investigation analysis of the resource 

effective framework implementation of the DNN approach for the lower power devices turns to be the 

evidenced future research plans. 
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