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Abstract: Human Activity Recognition (HAR) combined with face recognition is set to play a decisive role in next-generation 

surveillance systems. This work presents a hybrid methodology that integrates deep learning and machine learning models for 

recognizing multi person activities and faces. The work is structured into two different parts: face recognition and human activity 

recognition. For face recognition, faces are detected using the state-of-the-art Multi-Task Cascaded Convolutional Neural 

Network (MTCNN) model, followed by key point extraction with the FaceNet model. The extracted embeddings are classified 

using a Support Vector Machine (SVM) to identify individuals. SVM model achieved classification accuracy of 0.99. For activity 

recognition, an ensemble model is employed to classify six activities: walking, standing, sitting, punching, kicking, and crawling. 

The YOLOv8 large pose model is used to extract human skeletons, which are then fed into the ensemble machine learning model 

for classification. This integrated system demonstrates promising performance for real-time surveillance applications that detect 

and recognize the multi person activity and track the person. Generation of summary report is one of the most important phase 

of this work where the location details of a person is stored along with activity being performed by the person. If abnormal 

activity is recorded, then the system will generate the early warning system that helps for better surveillance purposes. 

Keywords: Computer vision, human activity recognition, face recognition, crowd video surveillance, deep learning, feature 

extraction. 
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1. Introduction 

Human Activity Recognition (HAR) task is very 

challenging and prominent task in the field of the 

computer vision [36]. In the recent years HAR attracted 

and gained the attention of the researchers in this area, 

recognizing human actions holds significant value, as it 

provides insights into how individuals interact with their 

environment and convey emotions [4]. HAR play 

important role in Surveillance, industrial-automation, 

robotics, ecommerce, sign language recognition [42]. 

Human action recognition in low resolution and 

illuminations conditions is even challenging task [35]. 

Human activity recognition on 3D requires transformers 

that will estimate correlations among human body joints 

is explained by Wang et al. [38]. Recognizing hand 

gesture is crucial in human computer interaction. Kinect  

 
sensor can be used to recognize gestures in uncontrolled 

environments [27]. Online clothing stores require image 

capture and dependencies identification of a person for a 

virtual try on the dress fittings [26]. Collecting the 

datasets for training and testing phase is equally 

important in human activity recognition because exiting 

methods depend on detecting usual patterns [21] and 

with spatio-temporal sequences [20]. As such light 

weight models with less computation are introduced for 

human activity recognition [43]. Machine learning 

algorithms depend on hand-crafted feature extraction 

process that learns from the given dataset and also to 

make predictions on the output. Deep learning 

algorithms performs many iterations to learn both low 

level and high level features from the given dataset and 

to make final predictions. In recent years, substantial 
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progress has been achieved in skeleton-based action 

recognition, outpacing traditional hand-crafted 

approaches. This advancement is largely attributed to the 

remarkable developments in deep learning techniques 

[2]. Integrating face recognition with activity recognition 

further enhances the effectiveness of surveillance 

systems, from this task can recognize the person and 

activity simultaneously. 

In daily life human perform many activities but every 

activity is related to the core activities such as standing, 

sitting, running. Such activity can determine the anomaly 

that can help to the abnormal activity detection, human 

activity anomaly detection is one the important and 

challenging task for the surveillance, robotics, and other 

human machine interaction task. This task has 

challenges during variations in clothing, changes in 

lighting and background noise. These factors 

significantly impact the HAR work and model 

performance. To address these issues, both visual and 

non-visual sensors can be employed. In the visual sensor 

domain, options include infrared cameras, thermal 

cameras, multispectral and Red, Green, Blue-Depth 

(RGB-D) cameras, while in the non-visual domain, 

audio signals, accelerometers and electro-thermal 

sensors are used. Each sensor type offers unique 

advantages and limitations, making sensor selection 

critical for effective implementation [8]. Traditionally, 

action recognition has utilized different types of Two-

Dimensional Convolutional Neural Network (2D-CNN) 

and Three-Dimensional Convolutional Neural Network 

(3D-CNN) [19]. A generic Convolutional Neural 

Network (CNN) that exploits Red, Green, Blue (RGB) 

image sequences is required for video understanding 

[17] and for action recognition [34]. Frame rate at which 

the video is processed for human activity recognition 

plays essential role in capturing spatial semantics [9]. 

Few classifiers extracts features in specific to the query 

in hand and accordingly will recognize the action in the 

given video stream [32]. Lie theory captures the 

similarities within streams and can be used for pose 

estimation [40]. Apart from skeleton, layouts that gives 

depth sequences of human body can be considered for 

patient activity recognition [3]. Fusion of RGB and 

optical flow can reduce the usage of trainable parameters 

in neural networks and also with improved performance 

[10] and computational cost [37]. These approaches have 

achieved remarkable outcomes using diverse techniques. 

Skeleton data based human activity recognition models 

provides a precise topology-based human body model 

via bones and joints and are often more demanding in 

computation and less dependable in handling complex 

backgrounds and changing conditions. Challenges such 

as variations in body size, viewing angles, and motion 

speeds further add to their limitations. 

Face recognition is a specific task within visual 

pattern recognition. While humans effortlessly interpret 

visual patterns through their eyes and process them into 

meaningful concepts in the brain, computers view 

images and videos as matrices of pixels. The challenge 

for machines lies in identifying what a particular section 

of this data represents [16]. Face recognition activity will 

determine the identity of the person in the detected face, 

making it a specialized classification problem. The 

human face is a complex structure that conveys 

important information, such as expressions, emotions, 

and distinctive features. Accurately analyzing these 

facial details for the purpose of attendance monitoring is 

challenging and often requires significant time and 

effort. In recent times, several facial recognition 

algorithms have been developed and successfully 

applied in automatic facial recognition system and 

implemented for the attendance management systems 

[31] and displaying on a Liquid Crystal Display 

(LCD)/Light Emitting Diode (LED) screen for 

attendance monitoring of a student [33]. Heterogeneous 

face data is generated because of sketch artists, spectral 

differences during face capture [18], intra class variation 

during face capture by multiple cameras [5]. Deep 

generative algorithms continue to emerge to handle such 

heterogeneous face data [11], and cross domain 

matching data [12], while existing ones are being refined 

or combined with other techniques to enhance the 

performance of facial recognition systems [14]. 

1.1. Motivation 

This research is driven by the need for practical 

applications that integrate human activity recognition 

with face recognition using artificial intelligence, a field 

that remains relatively underexplored in real-world 

scenarios. 

1.2. Objectives 

 To develop deep learning system for multi person 

activity and face recognition system in real time for 

secured surveillance system. 

 To create face dataset with Internet Protocol (IP) 

camera, Closed-Circuit Television camera (CCTV) 

and Drone based. 

 To test the performance of the ensemble model with 

MTCNN and YOLOV8 for activity and face 

recognition. 

1.3. Contributions 

 Created a dataset for face and activity recognition 

tasks using drone, CCTV footage, Infrared (IR) and 

IP cameras. 

 To use this dataset for training, testing and to validate 

the model, enabling a more accurate evaluation of its 

performance. 

 Proposed ensemble based deep learning model to 

detect person, recognize the person and their activity 

in real time environment. 

 Developed context aware sub system to generate 

alerts during suspicious activity 
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1.4. Research Gaps 

 Existing research has primarily focused on face 

recognition from limited environments. As such there 

is a gap in understanding how face recognition and 

activity recognition algorithms perform on IP camera 

and drone camera images. 

 While there is considerable research on face 

recognition using skeleton data there is lack of precise 

model that is suitable for robust environments with 

complex backgrounds and changing conditions.  

 There is a gap in research that systematically 

investigates on context aware alert generation 

systems for multiple capturing systems. 

1.5. Organization 

Section 2 is all about previous work related to deep 

learning and context aware systems such as activity 

recognition and face recognition. Section 3 describes the 

methodology of the proposed work and section 4 

provides the results, discussions and finally conclusions 

and later works. 

2. Literature Survey 

This section presents a concise overview of the existing 

works on activity recognition and face recognition 

techniques and their importance. Advanced human 

activity recognition systems primarily depend on raw 

RGB data for anomaly detection [6]. Recently, Sultani et 

al. [30] explained supervised abnormality detection 

system using RGB data, which assesses abnormality by 

estimating scores for each video frame, focusing only on 

frame-level anomalies without considering pixel or 

target-level details. In semi-supervised learning, 

autoencoder-based methods play a key role. Hasan et al. 

[13] used CNN-based autoencoders to capture temporal 

patterns in Histogram of Oriented Gradients-Histogram 

of Optical Flow (HOG-HOF) features. These 

autoencoders are trained on normal data, so test clips that 

match this data are reconstructed with low error, while 

unusual data produces higher reconstruction errors, 

making anomaly detection possible through error 

analysis. Chong and Tay [7] proposed a similar method 

that combines CNN and Long Short-Term Memory 

(LSTM) for encoding and decoding both spatial and 

temporal data. However, this approach doesn’t clarify 

the nature of the anomalies it detects. Other methods [1, 

44] used background subtraction as a pre-processing step 

on raw data to focus on moving objects. Yet, background 

subtraction struggles in scenes with cluttered 

backgrounds or when using pan-tilt-zoom cameras. In 

contrast, human pose detection remains effective in 

handling these challenges. 

Yadav et al. [41, 42] reported Channel State 

Information Time-series model (CSITime) architecture 

and validated the model using Stanford-like WiFi 

(StanWiFi) and Activity Recognition with Information 

from Links (ARIL) datasets. Salehzadeh et al. [29] 

explained a deep learning model to identify 

Electroencephalography (EEG) artifacts associated with 

physiological. Their method utilized the combined 

capabilities of different CNN to achieve effective 

classification of human activities. Detecting actions such 

as jaw clenching and head or eye movements, which are 

often challenging with sensory technologies commonly 

used in activity recognition, is handled more efficiently 

by this model. Liu et al. [22] developed an approach for 

recognizing human activities using smartphone sensor 

data. Features were extracted from the data, and machine 

learning classification models were applied to analyze 

the activities. The performance of the method was 

ultimately evaluated using a CNN. 

 
Table 1. Summary of the related work. 

Existing work Methodology Advantages Disadvantages 

[6] 
Autoencoder Architecture that uses RGB 

data for anomaly detection 

The use of autoencoders produced better 

prediction of Anamoly  

Usage of k-means clustering dpends mailny on the intial 
values of cluster centers. also the algorithm is tested on 

publicly available datasets 

[30] 
Supervised abnormality detection system 

using RGB data 
Frame-level anomalies are tested in this 

system 
Their system will not consider pixel or target-level details 

[13] 
CNN-based autoencoders to capture 

temporal patterns in HOG-HOF features. 
Low error Not tolerant with untrained data 

[7] Ensemble of CNN and LSTM Works for spatial and temporal data.  Does not clarify the nature of the anomalies it detects 

[41, 42] Inception Time network architecture Model is evaluated with low quality datasets AUC measure alone cannot coclude on the model accuracy 

[29] Multivariate Gaussian model 
Good accuracy in classification of human 

activities using optical flow algorithms.  

Limted datasets such as UCSD-PED2 is used to test the 

model accuracy 

[22] 
Deep electro encephalography learning 

method 

Deep learning framework to evaluate 

classification of EEG artifacts 

Mental state of the user alone cannot predict activity 

recognition 

[15] 
Compared machine learning algorithms 

for facial recognition. 

Their approach is integrated into mobile 
applications for improved accuracy and 

performance 

Their work is limited to walking and running activites 

[39] 
Face recognition by integrating SVM 

with Particle Swarm Optimization. 

This system handles non-linear problems 
and PSO’s efficiency in optimizing SVM 

parameters 

Their system is dependent on machine learning algorithms 
and may have overfitting problems when dataset is 

changed 

 

Kremic and Subasi [15] compared different machine 

learning algorithms for facial recognition. Their 

approach involved reading images, skin color detection, 

converting RGB to grayscale, histogram processing, and 

classification. They have integrated these methods into 

mobile applications for improved accuracy and 
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performance. 

Wei et al. [39] explained face recognition by 

integrating SVM with Particle Swarm Optimization 

(PSO). This combination leverages SVM’s capability to 

handle non-linear problems and PSO’s efficiency in 

optimizing SVM parameters. The authors applied this 

method to the Facial Recognition Technology (FERET) 

human face database and compared its performance with 

traditional SVM and Backpropagation Neural Networks 

(BPNN). The outcomes demonstrated that the PSO-

SVM method attain good accuracy indicating its 

effectiveness in face recognition tasks [39]. Table 1 

summarizes the existing works and reports advantages 

and disadvantages of each method. 

3. Methodology 

3.1. Proposed System  

Figure 1 illustrates the overall flow diagram of the 

methodology, providing an overview of the workflow 

for this study. Two separate datasets were collected for 

two distinct tasks: Face recognition and activity 

recognition. For face recognition, a custom dataset was 

created by collecting images from 27 individuals, with a 

minimum of 200 images per person. The face 

recognition model was trained using this dataset. 

Simultaneously, a dataset for activity recognition was 

prepared by collecting data for six different activities. 

For each activity class, approximately 200 images were 

extracted from video frames. This workflow highlights 

the systematic approach taken to collect, pre-process, 

and utilize the datasets for training the respective 

models. 

 

Figure 1. Block diagram for the face and activity recognition model. 

3.2. Activity Recognition 

Human activities can be broadly classified as if they are 

performed by a single person or a set of persons. 

Walking, crawling, sitting, standing are single person 

activity, whereas kicking and punching involves more 

than one person. Deep learning algorithms help in 

extracting these relationships between a single or 

multiple persons.  

3.2.1. Dataset for Activity Recognition 

For this HAR study, the model is trained to recognize 

six classes: walking, sitting, crawling, standing, 

punching, and kicking [23, 25] as shown in Table 1. 

Each class requires a dataset where only one individual 

appears in each frame, as the presence of multiple 

people can interfere with the classification process. As 

shown in Table 2, 27 people (both faculty and students 

of our institute) consisting of 200 images for four 

activities are collected using drone. To ensure 

effectiveness, the dataset was captured under diverse 

conditions. Images include variations in facial angles 

and expressions to account for different real-world 

scenarios. This comprehensive dataset is designed to 

effectively train the model to recognize faces accurately, 

even under different challenging conditions. Database 

containing three activities (walking, sitting, standing) 

for ten people are collected from college surveillance 

camera stored in digital video and network video 

recorders. The video is recorded using a static camera 

placed at different corridors with 30 frames per second. 

Histogram based key frame extraction is performed to 

collect key frames. Further these frames are scaled to 

256X256 resolution. FLIR IR camera is used to collect 

video footage during night times in the department 

corridor for two activities walking and crawling. Nearly 

25 images with 80X60 resolution is considered for 

testing the proposed model. 

Table 2. Dataset description. 

S.No Source  Number of images  Class 

1 Rajput et al. [25] 150 Standing, Sitting, Walking 

2 Naik and Naik [23] 150 Kicking, Punching 

3 Drone data  150 
Standing, Sitting, Walking, 

Crawling 

4 
CCTV footage and 

IP caemra 
200 Standing, Sitting, Walking, 

5 IR camera 25 Walking, Crawling 

Following data collection, pre-processing is equally 

critical. During this stage, images containing multiple 

individuals or unrelated activities are removed to ensure 

accurate classification. Background subtraction is also 

included in this phase to recognize the moving activities 

walking, crawling. To ensure data consistency, frames 

that did not maintain homogeneous classes are removed.  

3.2.2. Action Recognition Using Ensemble Model 

HAR is a complex task that requires sophisticated 

techniques to achieve accurate results. This research 

work employed a fusion deep learning and machine 

learning model to recognize various human activities. 

The first step involved collecting and preprocessing the 

dataset, where the videos are meticulously filtered out 

that did not maintain homogeneous classes to ensure 

data consistency. 

Subsequently, YOLOv8 pose estimation model is 
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introduced, which was instrumental in extracting human 

skeletal structures and tracking individual movements 

within the video sequences. The YOLOv8 model is 

available in various versions, such as large, medium, 

small, and Nano, each offering unique advantages and 

trade-offs. For instance, while the YOLOv8 large model 

excels in detecting and extracting skeletal features with 

high accuracy, it operates at a slower processing speed, 

making it less efficient compared to the YOLOv8 Nano 

model, which, although faster, sacrifices some degree of 

precision. For this study, YOLOv8 nano (YOLOv8n) 

model is used, as its superior accuracy in skeletal 

detection was deemed crucial for the reliability of the 

activity recognition system, despite the longer 

processing times. Figure 2 illustrates the extracted 17 

key points using YOLO model, for training the ensemble 

model. 

 

Figure 2. YOLOv8 model pose detection with 17 keypoints. 

The skeleton data was extracted, and all key points 

were saved in .csv file format for subsequent use in 

training the pose recognition model. To classify the 

poses, four different classifiers: random forest, SVM, 

naive bayes and K-Nearest Neighbors (K-NN) are used. 

Following are the reasons for choosing these classifiers 

for human activity recognition. Random forest 

algorithm is robust to noise, class imbalance (as can be 

seen in Table 2) and can handle over-fitting of the 

features because of ensemble of decision trees being 

employed. SVM algorithm is also suitable for 

classifying class imbalance data. Usage of non linear 

kernels can distinguish between different activities 

especially kicking and punching activities. Forming 

clusters for six activities using K-NN is simple and suits 

well for medium datasets. Even though there is little bit 

coherence for kicking and punching activities, naïve 

bayes is well suited for resource constrained 

environments and as such used in the current research 

work. Four models are used for activity recognition to 

ensure best method for HAR.  

After classification by each of these classifiers, a soft 

voting mechanism was implemented, wherein the final 

pose classification was determined by calculating the 

mean of the votes, thereby assigning a class to the 

corresponding activity. Figure 3 showing the 

methodology for the activity recognition using ensemble 

method. 

 

Figure 3. Methodology for activity recognition. 

3.2.3. Face Recognition 

For face recognition task, custom dataset of 27 

individual people and for each class around 200 images 

are collected, to ensure effectiveness of the model. This 

dataset was captured under diverse conditions. Images 

include variations in facial angles and expressions to 

account for different real-world scenarios. This 

comprehensive dataset is designed to effectively train the 

model to recognize faces accurately, even under 

different challenging conditions. For HAR, the model is 

trained to recognize six classes: Walking, sitting, 

crawling, standing, punching, and kicking as shown in 

Table 2. Each class requires a dataset where only one 

individual appears in each frame, as the presence of 

multiple people can interfere with the classification 

process. Following data collection, pre-processing is 

equally critical. During this stage, images containing 

multiple individuals or unrelated activities are removed 

to ensure accurate classification. 

3.2.4. Face Detection 

Face detection was carried out utilizing the pre-trained 

MTCNN model as shown in Figure 4, which is well 

suited for face detection tasks. The model exhibited a 

high degree of accuracy in identifying faces under 

varying angular tolerances our focus is to detect the faces 

more than 15-degree tolerance, effectively handling 

faces captured from different orientations. Additionally, 

the performance of the MTCNN model was tested across 

a range of distances, including short-range, mid-range, 

and long-range scenarios using dataset collected from 

drone and different cameras. This evaluation confirmed 

the model's capability to maintain reliable face detection 

across diverse spatial scales, demonstrating its 

effectiveness for applications involving variable 

distances and viewpoints. 
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Figure 4. Face detection flowchart. 

3.2.5. Face Recognition Workflow 

Facial recognition has become a leading biometric 

method for identity verification and is widely used in 

fields like military, finance, public security, and daily 

applications. This work employs a hybrid model for both 

detection and recognition of faces from different 

situation, here utilizing MTCNN for face detection and 

FaceNet pre-trained model for embedding generation as 

shown in Figure 5. First, MTCNN detects faces within 

the dataset, identifying bounding boxes and key facial 

landmarks to crop and resize each face image to 160x160 

pixels, meeting the input requirements of the embedding 

model. Next, FaceNet model extracts a 512-dimensional 

feature vector, from each face, capturing unique 

characteristics essential for classification. These 

embeddings, along with their associated labels, are split 

into 80/20 training and testing set. Classification is 

achieved with a SVM classifier using a linear kernel, 

configured to generate probability estimates, which adds 

robustness to the recognition process. The classifier 

model is trained based on the embeddings extracted from 

the FaceNet model and then evaluated for accuracy 

assessment using testing set. This approach integrates 

deep learning for feature extraction with machine 

learning for classification, establishing a robust system 

for precise and dependable face recognition. 

 

Figure 5. Face recognition flow diagram. 

3.3. Evaluation Metrics 

The performance of the ensemble model for activity and 

face recognition model was evaluated using accuracy, 

recall, precision, F1-score as shown in Equations (1), (2), 

and (3). To understand the class-wise performance, 

precision, recall, and F1-score were utilized. 

Additionally, a confusion matrix was plotted to provide 

detailed insights into true positive and false positive 

predictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Where FP means false positive, FN means false 

negative, and means true positive. 

Cross validation score with five-fold is calculated for 

the iterative training and validating the model using 

Equations (4) and (5). 

𝐹𝑜𝑙𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 =
𝐶𝑟𝑜𝑠𝑠 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠𝑖
 

𝑀𝑒𝑎𝑛 𝐶𝑉 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑘
∑ 𝐹𝑜𝑙𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 

3.3.1. Activity Recognition Performance 

Figure 6 presents the model's performance across six 

activity classes: crawling, kicking, punching, sitting, 

standing, and walking. The values across the confusion 

matrix having higher number represent the higher 

classification accuracy, with activities like crawling, 

sitting, and standing achieving near-perfect predictions. 

However, some misclassifications are observed, notably 

between similar activities such as kicking and punching 

(78 and 46 cases, respectively) and sitting and standing 

(56 cases). Walking also shows minor confusion with 

other activities, likely due to overlapping motion 

features.  

 

Figure 6. Confusion matrix for each of the activity recognition type. 

Overall, the model achieved excellent results, with 

minimal misclassification errors, highlighting its 

effectiveness in classifying the activity classes. The 

model demonstrated an accuracy of 0.9773 on the test 

(4) 

(5) 
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set, signifying that about 97.73% of its predictions were 

accurate. It reflects the model's performance, with 

precision and recall values close to 1.00 for activities 

such as crawling and walking. For other activities, the 

model maintained high scores, achieving 0.97 for 

kicking, 0.95 for punching, 0.99 for sitting, and 0.96 for 

standing. 

The F1-scores are notably high, ranging between 0.96 

and 1.00, indicating a well-balanced performance in 

terms of precision and recall. Additionally, precision, 

recall, and F1-score, both at 0.98, underscore the model's 

reliability and effectiveness in accurately classifying 

activities across all classes in the test set. 

3.3.2. Face Recognition Model Performance 

The SVM classifier is used for classifying faces. In this 

process, faces are first extracted using the MTCNN 

model. Based on the extracted faces, key points for each 

individual are identified. These key points are then 

classified using the SVM classifier to achieve face 

recognition. Overall accuracy received from this model 

is 0.99 for classification and with 0.98 for both precision 

and recall and 0.99 for F1 score, as shown in precision 

Algorithm (1) below: 

Algorithm 1: Integrated Face and Activity Recognition Model. 

Step1: Load YOLOv8, classifier, MTCNN, FaceNet, and pre-

trained models. 

Step 2: Define keypoint class for body parts in activity 

recognition. 

Step 3: Extract keypoints for activity recognition from pose 

estimation results. 

Step 4: Generate face embeddings using FaceNet for face 

recognition. 

Step 5: Predict face identity using the classifier model, labeling 

as “UNKNOWN” if below threshold. 

Step 6: Open and process each video frame. 

Step 7: Perform activity recognition every frame and predict 

pose. 

Step 8: Detect faces, generate embeddings, and predict identity. 

Step 9: Annotate frames with activity and face recognition 

results. 

Step 10: Display the processed frame and exit when ‘q’ is 

pressed. 

4. Results and Analysis 

The proposed system is trained, tested and validated on 

the dataset created using CCTV footage of IR and IP 

camera, drone and also using benchmark datasets as 

listed in Table 2. Experimental results are analyzed and 

compared with existing works to conclude on the novelty 

of the proposed system and its usage in surveillance 

environments to detect suspicious activities.  

4.1. Integration of Activity and Face 

Recognition  

Integration of these two models is important for the 

improved surveillance task. This work integrates 

activity recognition and face recognition models for 

real-time video processing in surveillance applications. 

The system uses a YOLOv8-based pose estimation 

model to identify skeletal key points, which are 

classified into activities using a custom-trained 

classifier. Activity recognition is performed on every 

10th frame to optimize computational efficiency. For 

face recognition, the MTCNN model detects faces, and 

FaceNet generates embedding, which are matched 

against a pre-trained classifier to identify individuals. 

Both models are integrated within a shared video 

processing loop, allowing them to process the same 

input frames simultaneously. The outputs are visualized 

on the video, with activity predictions displayed near 

skeletal keypoints and recognized names shown near 

face bounding boxes. This unified framework ensures 

synchronized operation of both tasks, enhancing 

interpretability. The system demonstrates an efficient 

multitasking approach, suitable for real-time human 

behavior monitoring and identity recognition, 

improving situational awareness in surveillance 

systems.  

Figure 7 illustrates the face recognition output using 

the drone dataset flying around 5 to 6 feet above the 

ground. The model was trained to recognize faces 

present in the database, which includes only two known 

individuals. All other faces in the dataset are classified 

as unknown. The model accurately identified the two 

known individuals, demonstrating its effectiveness. 

Figures 7 and 8 shows the output of the model, which 

can detect multiple individuals in a single frame along 

with their respective activities. Figure 9 presents the 

other two activities sitting and standing along with the 

name of the person above the head and activity side of 

shoulder. 

 

Figure 7. Face recognition model output using drone data. 

 

Figure 8. Output of integrated face and activity recognition. 
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Figure 9. Showing the activity of the two classes such as standing 

and sitting. 

Tables 3 and 4 presents the results of the HAR model 

w.r.t different activities and also compares with other 

existing models.  

Table 3. Evaluation of HAR model. 

Activity Accuracy 

Crawling, kicking and walking 0.97 

Punching 0.95 

Sitting 0.99 

Standing 0.96 

Table 4. Comparison of face detection and activity recognition 
model. 

Model Accuracy 

Enhanced MTCNN 0.95 

Ensemble model (FaceNet to extract embeddings) 0.82 

Ensemble model (Yolo to detect face) 0.95 

Ensemble model (SVM for classification) 0.6 

[24] for standing activity average of four classifiers [SVM, 

K-NN, naïve bayes and random forest] 
0.857 

Ensemble model for Standing activity 0.96 

[28] for standing activity average of three classifiers 

[SVM, k-NN and Random forest] 
0.8805 

[45] for standing activity using Self-Cascaded Deep Neural 
Network (SCDNN) 

92.27 

[45] for s itting and walking using SCDNN 87 

Generating a summary for this work is crucial to 

ensure proper security applications. Using the integrated 

technique, a summary file of the video is generated. This 

summary file includes the name of the person 

performing the activity, along with the corresponding 

activity. This summary enables effective monitoring of 

activities and individuals for surveillance purposes. 

Figure 10 showing the summary report of one video in 

which multi person are present and performing multi 

activities at the same time. 

 

Figure 10. Summary file of the processed video. 

5. Conclusions and Future Work 

In this study, an integrated deep learning and machine 

learning-based model for face and multi-person human 

activity recognition is presented, achieving high 

performance on the input dataset. The proposed model 

extracts 17 key features using a human skeleton based 

YOLOv8 model. These key points are subsequently 

classified into six activity classes. Pose estimation uses 

ensemble machine learning algorithms to classify the 

human activities. For face recognition model a pipeline 

MTCNN is used where FaceNet model extracts the 

features presented in the faces, SVM classifier for 

recognition. Such a combined system provided robust 

framework for face recognition. The integration of a face 

recognition module with the activity recognition 

framework enhances the robustness of the system. This 

combined approach facilitates the development of an 

alert generation system, which can be effectively utilized 

for surveillance applications. The integration of these 

two subsystems provides multiple layers of security by 

correlating detected activities with recognized 

individuals, offering proactive surveillance through 

anomaly detection, personalized alerts, and detailed 

tracking logs. The system can further be improved for 

real-time processing under different climatic conditions 

and can be deployed on edge devices to achieve minimal 

latency. 
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