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Abstract—Human activity recognition and anomaly detection play a crucial role in applications such as intelligent surveillance, healthcare monitoring, and smart environments. This study proposes a quantized multimodal framework that integrates video data and IMU sensor signals to differentiate normal and abnormal human activities efficiently. Each data stream is processed independently using optimized, low-complexity deep learning models, and predictions are combined at the decision level to enhance accuracy while avoiding the overhead of feature fusion. Model quantization reduces memory usage, model size, and inference time, enabling deployment on edge devices such as smart cameras, smartwatches, and smartphones. The system is evaluated on various activities, including falls, punches, and driver drowsiness as well as normal activity like walk, run etc, under diverse lighting conditions, sensor placements, and environmental variations to ensure robust performance. The framework emphasizes real-time monitoring and low-latency response, providing a scalable and practical solution for con- tinuous  anomaly  detection.  Future  work  may  extend  the  system to additional modalities and incremental learning for improved adaptability.
Index Terms—Anomaly Detection, Multimodal Learning, Quantization, Deep Learning, IMU Signals, Video Analysis, Edge Computing.
I.	INTRODUCTION
Human Activity Recognition (HAR) and anomaly detec- tion are increasingly critical in modern intelligent systems, supporting applications such as public surveillance, elderly care, rehabilitation, and workplace safety. HAR focuses on identifying and categorizing human actions, while anomaly detection aims to recognize unusual or unsafe behaviors that may indicate potential hazards. As environments become more automated  and  context-aware,  there  is  a  growing  demand  for systems  capable  of  accurately  detecting  human  activities  and anomalies in real time, reducing the need for continuous human supervision and enhancing safety, efficiency, and situ- ational awareness.
Previous approaches often relied on a single modality, such as either video or sensor data, which limited reliability under varying conditions, including dynamic lighting, occlusions,
or irregular sensor placement. Multimodal learning methods, which combine data from multiple sources, have emerged to address these limitations. Integrating visual information from video with motion data from Inertial Measurement Unit

(IMU) sensors enables the system to leverage both appearance- based and movement-based cues, improving robustness and adaptability for diverse deployment scenarios.
This work presents a quantized  multimodal framework for human activity recognition and anomaly detection, where video and IMU data are processed independently using lightweight, optimized deep learning models. Temporal pat- terns from video are extracted using LSTM Autoencoders, while motion features from IMU signals are modeled using 1D CNN–GRU networks. Predictions are generated at the decision level rather than through feature fusion, allowing each model to operate efficiently on edge devices such as smart cameras, wearables, and smartphones. Quantization further reduces model size, memory requirements, and inference time, enabling  low-latency,  real-time  performance  without  compro- mising accuracy.
The main contributions of this research include the design
of an independent, multimodal framework optimized for edge deployment, the application of quantization techniques for efficient real-time monitoring, and the evaluation of the system across multiple anomaly scenarios such as falls, punches, and pushes under diverse environmental conditions. The objectives are to improve reliability, scalability, and efficiency while minimizing computational and storage requirements.
The remainder of the paper is organized as follows: Section 2 presents the related work and highlights the advantages and limitations of previous methods. Section 3 details the proposed methodology, including the network architectures, quantization strategy, and multimodal processing. Section 4 presents the experimental setup, results, system requirements, and performance analysis. Section 5 discusses the conclusions, limitations, and future research directions.
II. TRADITIONAL METHODS AND THEIR CHALLENGES Human Activity Recognition (HAR) and anomaly detection
have been widely studied, with conventional approaches offer- ing foundational insights but facing significant limitations in scalability, multimodal integration, and deployment on edge devices.
Traditional Machine Learning Approaches: Early HAR sys- tems primarily relied on traditional machine learning algo- rithms such as Support Vector Machines (SVM), k-Nearest




Neighbors (k-NN), Decision Trees, and Random Forests [1]. These methods depended on handcrafted features extracted from accelerometer and gyroscope data, including statistical measures  and  domain-specific  descriptors.  While  effective  on small or controlled datasets, these approaches exhibited limited generalization to complex or dynamic activities. They were also sensitive to noisy data, sensor drift, and variations in human motion, and lacked scalability for integrating multiple modalities, such as combining IMU and video data, which restricted their applicability in real-world scenarios.
Single-Modality Systems: Many early HAR and anomaly detection frameworks operated using either video or sensor data exclusively [2]. Vision-based methods employed tech- niques such as optical flow, background subtraction, and silhouette analysis to classify activities. Although capable of capturing appearance-based cues, their performance declined under challenging conditions, including poor lighting, occlu- sions, and unstable camera perspectives. Sensor-based meth-
ods using IMU data from wearable devices effectively captured motion patterns but lacked environmental context, limiting their ability to detect anomalies resulting from interactions or surroundings. Single-modality approaches therefore suffered from  reduced  robustness  and  inconsistent  performance  across different operational settings.
Deep Learning Limitations for Edge Deployment: Recent advances in deep learning, including Convolutional Neu- ral Networks (CNNs), Long Short-Term Memory networks (LSTMs), and Transformers, have significantly improved recognition accuracy and anomaly detection [3]. However, these models typically demand high computational resources, substantial  memory,  and  continuous  power  supply,  which  are
often unavailable on edge devices such as smartphones, wear- ables, and embedded sensors. While techniques like model pruning, quantization, and knowledge distillation can reduce model size and inference cost, their adoption remains lim- ited, preventing efficient, real-time, on-device deployment for continuous monitoring applications. Challenges in Multimodal Fusion: Integrating multiple modalities, such as video and IMU data, can enhance the accuracy of human activity recog- nition and anomaly detection, but it introduces significant challenges [4]. Different modalities often operate at varying sampling rates and produce features with distinct character- istics, making temporal alignment and joint representation learning difficult. Traditional fusion strategies, including early and late fusion, frequently fail to capture deeper relationships between  modalities,  limiting  the  potential  performance  gains. Moreover, multimodal systems typically demand higher com- putational resources and larger annotated datasets, which com- plicates both training and deployment on resource-constrained edge devices.
Real-Time Anomaly Detection and Edge Adaptability: De- tecting anomalies in real time remains a critical challenge, particularly  in  sensitive  applications such  as  healthcare  mon- itoring and intelligent surveillance [5]. Many existing frame- works require long video sequences or extended temporal win- dows  to  make  accurate  predictions,  increasing  inference  time


and delaying responses to urgent events. Reliance on cloud- based processing further introduces privacy concerns, network bandwidth dependency, and the risk of service interruptions. These  limitations  underscore  the  need  for  lightweight,  multi- modal models capable of fast, accurate, and privacy-preserving anomaly detection directly on edge devices.
Anomaly Detection in Human–Robot Collaboration: In industrial and collaborative environments, accurate anomaly detection is essential for safe human–robot interaction [6]. Systems are designed to monitor human motion patterns to identify unusual or unsafe behavior that could lead to accidents. Many approaches utilize asymmetric modeling to detect rare but critical anomalies that occur infrequently in training data. Early identification of these deviations enables timely alerts, ensuring safer operations and facilitating smooth collaboration between humans and robotic systems.
Real-Time Deep Learning for Action Recognition: Deep learning techniques for real-time action recognition have gained prominence due to their ability to process live video streams efficiently [7]. These models typically utilize lightweight architectures designed to provide rapid predictions while maintaining high accuracy. Their low-latency operation makes them particularly suitable for applications such as intelligent surveillance, smart-home systems, and interactive environments,  where  immediate  response  is  crucial.  Optimiz- ing  these  models  for  speed  and  responsiveness  is  essential  to ensure reliable deployment on practical systems, especially when operating on devices with limited computational re- sources.
Deep Learning-Based Human Anomaly Detection: Convo- lutional neural networks (CNNs) have been extensively applied to detect human anomalies by learning detailed spatial patterns associated with unusual or irregular behavior [8]. These mod- els are capable of handling challenges such as dynamic envi- ronments, imbalanced datasets, and rapidly changing scenes. By learning deep feature representations instead of relying on handcrafted features, CNN-based approaches achieve higher robustness and adaptability, making them effective for complex real-world anomaly detection tasks.
Classification-Based Anomaly Detection Using Image Fea- tures:  Recent  studies  have  leveraged  image  classification  net- works to distinguish between normal and anomalous activ- ities [9]. Instead of depending entirely on labeled anomaly data, these methods analyze the learned feature representa- tions within the network to identify deviations from typical behavior. This strategy is particularly beneficial when an- notated anomaly datasets are limited or difficult to gener- ate. Classification-based approaches integrate smoothly with existing computer vision pipelines while delivering reliable anomaly detection performance.
LSTM Autoencoder-Based Sequential Anomaly Detection:
LSTM autoencoders are widely employed for detecting anomalies in sequential human activity data [10]. By learning the typical temporal patterns of normal activities, these models attempt to reconstruct them during inference, with abnormal activities producing higher reconstruction errors. Their abil-




ity to capture long-term temporal dependencies makes them suitable for both video-based and sensor-based monitoring, providing an effective mechanism for identifying deviations in human behavior over extended periods.
III.	PROPOSED SYSTEM MODEL
This work presents a multimodal human activity recognition framework that combines video data with motion information
obtained from an inertial measurement unit (IMU). Video sequences provide visual information about body posture and movement, while IMU sensors capture acceleration patterns that reflect motion dynamics. Using both sources together improves the reliability of activity recognition, particularly in situations where one modality may be affected by environmen- tal conditions. The overall architecture of the proposed system is shown in Fig. 1.
A.	Data Preprocessing
Before training, both video frames and IMU readings are processed to ensure consistent input to the learning model.
For the video stream, each activity sample consists of 30 sequential  frames  extracted  from  recorded  videos.  All  frames are resized to a resolution of 224×224 pixels. Pixel values are normalized to the range [0, 1] to support stable neural network training. During training, simple data augmentation is applied by randomly flipping frames horizontally, which helps the model learn more generalized visual patterns.
For the IMU data, accelerometer readings are recorded along three axes over time. Each activity instance contains 30 consecutive readings. These measurements are converted into numerical arrays and synchronized with the corresponding video  frames  so  that  both  modalities  represent  the  same  time interval.
B.	Video Feature Extraction
Visual features are extracted from video frames using a convolutional neural network based on the MobileNetV2 ar- chitecture. This network is pre-trained on the ImageNet dataset and is used here as a feature extractor due to its efficiency and relatively low computational cost.
Each frame in the sequence is processed independently through the MobileNetV2 network using a TimeDistributed layer. The resulting feature vectors describe spatial information from individual frames. These features are then passed to a Long Short-Term Memory (LSTM) layer, which learns tem- poral relationships across the sequence. The LSTM captures motion changes between frames and produces a compact representation of the video segment.
C.	IMU Motion Modeling
Motion data obtained from the IMU sensor is processed using a separate LSTM network. The sequential accelerom- eter readings allow the model to learn temporal movement patterns associated with different activities. By analyzing these sequences, the LSTM captures motion characteristics that may not be clearly visible in the video stream.


Dropout regularization is included in the LSTM layer to re- duce overfitting and improve the model’s ability to generalize to unseen data.
D.	Multimodal Feature Fusion
After extracting features from both video and IMU streams, the two representations are integrated using feature-level fu- sion. In this stage, the output vectors generated by the two LSTM networks are concatenated to form a unified feature representation.  This  fused  vector  captures  complementary  in- formation from visual observations and motion sensor signals.
The combined feature vector is then forwarded to fully connected layers activated using the ReLU function. Dropout regularization is applied in these layers to reduce overfitting and improve the generalization ability of the model. Finally, a  Softmax  classification  layer  produces  the  probability  distri- bution across the six predefined activity classes.
By combining visual cues with motion sensor information, the proposed system is able to learn more comprehensive activ- ity patterns. This multimodal approach improves recognition reliability compared with single-modality methods.
E.	Post-Training Optimization using Pruning
After completing the training process, a post-training op- timization technique called pruning is applied to improve the efficiency of the model. Pruning reduces the number of unnecessary parameters by removing weights that contribute very little to the final prediction.
In this work, weight pruning is performed on the trained net- work to introduce sparsity in the model. This reduces the over- all computational cost and memory usage while maintaining similar  prediction  accuracy.  As  a  result,  the  optimized  model becomes lighter and more suitable for real-time deployment in resource-constrained environments.
The pruned network is then saved as an optimized model for  inference.  This  step  ensures  faster  execution  and  reduced storage requirements without significantly affecting the activ- ity recognition performance.
IV.	DISCUSSION
The proposed system combines visual information from video frames with motion data obtained from IMU sensors to perform  human activity  recognition.  Each modality  is pro- cessed  separately  before  being  integrated  at  the  feature  level. Video sequences are converted into frame-based inputs where spatial features are extracted using a MobileNetV2 network. These frame features are then passed to an LSTM layer that models temporal changes in the activity sequence.
IMU readings are treated as time-series data representing motion along three axes. An LSTM network processes these sequences and learns patterns associated with different ac- tivities. The outputs from the video and IMU streams are concatenated  to  form  a  unified  representation  that  is  used  for classification.
This multimodal approach helps improve recognition relia- bility.  Video  information  captures  posture  and  visual  context,































Fig. 1.	Overall system design integrating video and IMU based activity recognition.



while IMU data provides detailed motion signals. When one modality becomes less reliable due to factors such as lighting changes or partial occlusion, the other modality can still con- tribute useful information for classification. The final model predicts one of six activity classes using a  Softmax layer.
Regularization techniques such as dropout and early stop- ping are used during training to reduce overfitting. A learning rate adjustment strategy further helps the model reach stable convergence. These design choices allow the system to achieve consistent performance while keeping the model relatively lightweight.
V.	CHALLENGES
Although multimodal activity recognition can improve pre- diction reliability, several practical challenges remain. One issue is maintaining proper synchronization between video frames and IMU readings. Small timing differences between sensors and cameras may introduce misalignment in the input data, which can affect temporal modeling.
Another limitation is dataset availability. Collecting syn- chronized video and sensor data requires controlled recording setups and careful labeling of activities. As a result, many datasets remain limited in size and diversity. Models trained
on restricted datasets may not generalize well to new users or environments.

Environmental variations can also influence recognition accuracy. Changes in camera angle, lighting conditions, or sensor placement may alter the input patterns seen by the model. Addressing these variations often requires additional training data or adaptive learning techniques.
VI.	FUTURE WORK
Future work can focus on improving the efficiency and adaptability of the proposed system. One possible direction is to further optimize the model architecture so that it can run more efficiently on edge devices such as mobile phones
or embedded monitoring systems. Techniques such as pruning, quantization, and lightweight network design may help reduce computational requirements.
Another improvement would be to explore more ad- vanced fusion strategies between the video and IMU streams. Attention-based fusion or adaptive weighting methods could allow the model to automatically emphasize the most infor- mative modality during recognition.
Expanding the dataset with more subjects, environments, and activity variations would also help improve model gen- eralization. In addition, incorporating confidence estimation
or anomaly detection mechanisms could extend the system beyond activity classification and enable more reliable real- time monitoring applications.


TABLE I
COMPARATIVE ANALYSIS OF HUMAN ACTIVITY AND ANOMALY DETECTION METHODS


	No.
	Title
	Objective
	Dataset
	Methodology
	Results / Gaps

	1
	Weighted Late Fusion for Human Activity Recognition (2019)
	Improve HAR accuracy by combining wearable sensor data efficiently
	UCI HAR Dataset
	Weighted Late Fusion (Accelerome- ter  + Gyroscope),  C5,  RF,  DT  clas- sifiers
	92.9% (C5); lacks deep/hybrid fusion, future: deep multi- modal models

	2
	Video Anomaly Detection and Human Activity Classification (2017)
	Automate activity tracking and detect abnormal motion in surveillance videos
	Custom Surveillance Dataset
	Background Subtraction + SVM classifier
	92%  accuracy;  limited  to  sin- gle camera; future: multi- camera system

	3
	Human Activity Recognition using  Deep  Learning  with  En- hanced CSI (2018)
	Improve activity recogni- tion using enhanced Chan- nel State Information
	CSI Dataset
	DLN-eCSI with CFES preprocess- ing, LSTM-RNN temporal model
	High accuracy; lacks multi- modal fusion, future: hybrid deep fusion

	4
	Unnatural Human Motion De- tection using Weakly Super- vised DNN (2020)
	Detect unnatural motions using skeleton-based weak supervision
	Custom Skeleton Time-Series
	Weakly Supervised DNN, MIL- inspired loss, anomaly scoring
	High accuracy; limited by skeleton quality; future: multi- modal extension

	5
	Privacy-Preserving Human Ac- tion Recognition for Anomaly Detection (2020)
	Ensure privacy while detect- ing contextual anomalies
	UCF101, HMDB51
	Image Segmentation for occlusion + Semi-supervised SVM
	Comparable to standard HAR; needs multimodal testing; lacks real-time performance

	6
	Asymmetric Anomaly Detec- tion for Human–Robot Interac- tion (2021)
	Maintain real-time anomaly detection with accuracy in HRI
	Custom HRI Dataset
	ACANet (3D encoder + 2D decoder with Dimensional Alignment)
	Fast and accurate; future: mul- timodal, complex pose testing

	7
	Real-Time Human Action Recognition using Deep Learning (2022)
	Enable real-time HAR with-
out handcrafted features
	Weizmann Dataset
	CNN-based action recognition, back- ground subtraction
	84.4%,	40	FPS;	works	only
on  static  cameras;  lacks  next- action prediction

	8
	Human Anomaly Detection us- ing Deep Learning (2023)
	Detect human anomalies from video sequences using hybrid models
	Multiple HAR Datasets
	CNN–LSTM hybrid deep architec- ture
	High accuracy; computa- tionally expensive; needs lightweight edge deployment

	9
	Anomaly Detection from Image Classification (2024)
	Detect abnormal human poses  using  efficient  image classification
	Stable Diffusion Generated Dataset
	EfficientNetV2 trained on synthetic normal and abnormal poses
	Effective detection; lacks real- world validation; future: mul- timodal extension

	10
	Intelligent Human Anomaly Detection using LSTM Autoencoders (2024)
	Learn normal motion pat- terns and detect anomalies via reconstruction loss
	UCSD Ped2, Av- enue Datasets
	LSTM Autoencoder for temporal feature learning and anomaly scoring
	High accuracy; lacks multimodal integration; future: edge-based hybrid models





VII.	CONCLUSION
This work presents a multimodal human activity recognition system  that  combines  video  analysis  with  IMU-based  motion sensing. Video frames are processed using a MobileNetV2 network to extract spatial features, which are then analyzed temporally using an LSTM layer. In parallel, IMU sensor readings are modeled using another LSTM network to capture motion dynamics over time. The outputs of the two streams are fused and used for activity classification.
By integrating visual and sensor-based information, the proposed approach benefits from the strengths of both modal- ities. Video data provides contextual information about body posture, while IMU signals capture detailed motion charac- teristics. The combined representation enables more reliable activity recognition than single-modality methods.
Although the system demonstrates effective performance, further work is needed to improve robustness under diverse real-world conditions and to reduce computational require- ments for embedded deployment. Continued development in multimodal learning and lightweight model design can support practical activity recognition systems for applications such as healthcare monitoring, safety systems, and intelligent environ- ments.
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