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Abstract :  This paper investigates two cutting-edge Deep Learning approaches: Long-term Recurrent Convolutional Networks 

(LRCN) and Convolutional Long Short-term Memory (ConvLSTM) networks in the video classification of Human Activity 

Recognition (HAR).  ConvLSTM adds convolutional components to recurrent networks so that the model may efficiently collect 

spatial-temporal data. LRCN is a sequential neural network that confidently exhibits proficiency in processing sequential and spatial 

data, thereby addressing the challenge of video action classification effectively and confidently. The LRCN architecture employed 

in this model comprises an encoder and decoder. The encoder is composed of time-distributed convolutional layers, succeeded by 

an LSTM layer, which results in a reduction of spatial dimensions. The decoder encompasses a dense layer, an LSTM layer 

incorporating dropout, and a subsequent dense layer, designed for classification. We implement a variety of experimental 

configurations, encompassing distinct frame counts per video and employing learning strategies to enhance overall performance. 

Both models underwent training and assessment utilizing a standard action recognition dataset, UCF50. While both models 

demonstrate noteworthy accuracy, the LRCN model surpasses the ConvLSTM model by achieving a remarkable 96.67% accuracy 

with the UCF50 dataset. 

 

IndexTerms - Convolutional Neural Networks, Long Short-Term Memory, Human activity recognition, Spatial and 

temporal analysis. 

 

INTRODUCTION 

As technology rapidly progresses, a myriad of notable innovations arises, each with immense potential to enhance our everyday 

lives. Recently, we've been using smart techniques like object recognition, feature extraction, and motion analysis. These have 

helped us spot human activities with amazing accuracy. The benefits of Human Activity Recognition are wide and varied, touching 

many different fields. These areas cover healthcare, training for sports, fun and entertainment, robotics, and even things like 

management. As societal norms continue to evolve, it’s becoming increasingly apparent that family dynamics are also experiencing 

a significant shift. More and more, caregivers are finding themselves looking after their kids and older family members at home, 

all while fulfilling their professional obligations. This situation raises pertinent concerns regarding their safety, welfare, and efficient 

management, especially in the absence of their caregivers. A technology full of promise is on the horizon, ready to tackle these 

issues. It offers remote monitoring and crucial understanding of the daily routines of vulnerable family members living in the home. 

The incorporation of human activity recognition technology holds significant potential within the healthcare industry, particularly 

in the realm of monitoring the daily routines of patients enduring chronic illnesses, such as Parkinson's disease. The process of 

monitoring enables healthcare practitioners to identify any changes in an individual's behavior or mobility, and subsequently make 

necessary adjustments to their treatment regimen. In the realm of sports, the utilization of HAR can serve as a means to evaluate 

the performance and techniques of athletes, thereby identifying specific areas for improvement and optimizing training regimens. 

HAR can facilitate the automation of household appliances and devices in the realm of smart homes by leveraging the occupants' 

activities. For instance, the system can activate the lighting fixtures upon detecting the entry of an individual into a room. Within 

the field of robotics, the integration of HAR has the potential to augment the capabilities of robots by facilitating a deeper 

understanding of human behavior and promoting more efficient interactions with individuals. The utilization of HTTP Archive 

HAR in the domain of security can facilitate the detection of dubious conduct or unauthorized access in locations that are deemed 

to be of elevated risk, such as airports, financial institutions, or military compounds. To summarize, HAR is not limited to one area 

- it has a wide variety of uses across many industries. Plus, it's a field that's quickly growing and improving all the time.  

 

The identification of human actions continues to be a complex problem that has captivated researchers for over two decades. This 

complexity mainly arises from the difficulties in precisely discerning actions within video sequences. Humans are equipped with a 

wealth of contextual information and advanced sensory input, which allows them to proficiently recognize actions in real-time. 

However, machines do not share this capability. 
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For a machine to accurately classify an action, it must first identify which data points within an image correspond to the object of 

interest. Additionally, it must examine the differences between frames that represent motion, trajectory, and interactions among 

various objects. Furthermore, video analysis for action recognition necessitates more discriminative features that span spatial and 

temporal dimensions [21], [22], as compared to image-based recognition. These features are essential for capturing motion, human 

subjects, and background variations to effectively classify distinct action categories. 

 

Therefore, besides acquiring spatial features, it is imperative to integrate an extra dimension in video action recognition tasks that 

effectively encodes the temporal dependencies. The successful acquisition of spatial-temporal cues is crucial for action 

classification. In recent years, numerous innovative methods have emerged for extracting spatial-temporal features, with deep 

learning techniques being the most prevalent among them. These methodologies execute feature learning on a layer-by-layer basis 

and possess the ability to identify spatial and temporal disparities among image sequences. Consequently, deep neural networks 

exhibit exceptional efficacy in tackling object identification, pose approximation [23], and human body partitioning associated with 

action recognition tasks. 

 

The fast progress in deep learning algorithms has made analyzing videos much more complex, especially in the realm of action 

classification. This demands considerable computational power and sophisticated pre-processing techniques for extracting optical 

flow with confidence. Addressing large-scale action recognition in resource-limited settings poses considerable obstacles. To 

mitigate computational expenses, researchers have concentrated on reducing the number of frames [24], [25], yielding encouraging 

outcomes. Nonetheless, this study primarily aims to determine the ideal equilibrium between performance and the extraction of 

diverse frame quantities for action recognition. This is achieved by employing a range of hybrid deep-learning networks. The goal 

is to maximize the accuracy of action recognition while minimizing computational resources and maintaining efficiency.  

 

In this paper, two advanced approaches based on deep learning are presented. Their purpose is to predict human actions within 

videos, which simplifies the process of understanding and mastering video classification using neural networks. The first approach 

makes use of a framework known as Convolutional Long Short-Term Memory (LSTM), while the second approach employs a 

structure called Long-term Recurrent Convolutional Networks (LRCN). The performance of these models is evaluated using the 

UCF50 dataset, which is a widely accepted benchmark in the field of action recognition. 

 

The dataset is used to train and test the model, which is designed to predict behaviors in films that show a variety of different 

activities. In order to determine which model is better, it is intended to compare the outcomes of the two models by evaluating the 

testing accuracy of each. This document has the following structure: HAR literature is reviewed and the datasets utilized in Section 

2; Section 3 explores the proposed approach and analyses the results; and Section 4 concludes with recommendations for further 

study. 

 

RELATED WORK 
Before the emergence of deep learning, action recognition was tackled using a variety of methods. These methods relied 

on feature descriptors such as Histogram of Oriented Gradients (HOG), Scale Invariant Feature Transformation (SIFT), Local 

Binary Patterns (LBP), and Histogram of Optical Flow (HOF). The advancement of the field was achieved through techniques that 

incorporated both spatial and temporal information, with particular emphasis on optical flow and trajectories. The Motion Boundary 

Histograms (MBH) and Dense Trajectories were instrumental in this regard. After that, classifiers used the outcomes of these 

techniques to make predictions for each image frame using techniques like Support Vector Machines (SVM). Due to deep learning's 

success in picture classification, many people are now using deep networks for video analysis, which entails dissecting films into a 

series of images. The section that follows will examine various deep neural networks that have recently been created with act ion 

classification in mind. 

 

For instance, a study by [26] investigated various strategies for classifying actions in videos by integrating data from a 

series of frames. In order to accurately anticipate actions, early, late, and slow fusions were utilized in conjunction with 

Convolutional Neural Networks (CNNs) to extract temporal characteristics from individual frames. Multi-resolution networks that 

emphasized the computing constraints necessary to construct such fusion networks were also put forth.  

 

Expanding the convolutional operations or augmenting the network's depth may result in a notably sluggish processing 

time since CNNs are demanding in terms of resources, requiring a considerable amount of both time and computing power to 

effectively train models. When examining high frame rate videos, this is not practical. There are many ways to lower the 

computational cost. The performance of the network is severely compromised by reducing the number of convolutional layers, 

which is one possible solution. The researchers chose to address this problem by lowering the picture resolution of the input stream 

rather than reducing the number of CNN layers in the study. One network was used to focus on low-resolution context, whereas the 

other network was used to focus on high-resolution foveate. This strategy quadrupled the training process' speed. A set of 20 frames 

underwent enhancement through diverse cropping and flipping techniques, followed by four iterations of network execution for the 

purpose of action classification within the refined frames. In order to streamline the procedure and shorten the time needed for video 

action recognition, predictions from each frame were then averaged. 

 

HAR was investigated in depth by [29], who looked at its potential in a variety of settings, including video games, 

exergames, and aid for individuals with neurological impairments. Machines can carry out particular activities based on human 

body gestures thanks to HAR technology, which makes it possible to identify these gestures. The ability to participate with games 

and exergames with ease utilizing basic gestures makes it easier for elderly people and folks with neurological injuries. Additionally, 

HAR enables surgeons to operate intraoperative imaging monitors with predetermined free-hand motions. Human activity 

recognition, which interprets human motion using computer and machine vision technologies, has generated a lot of interest because 

of its potential, applicability, and versatility in a variety of sectors. 
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Human activity identification was broken down into two categories in research by Danaei Mehr and Polat [30]: vision-

based and sensor-based. The field of sensor technology includes a wide range of devices, including wearable sensors, sensors 

fastened to objects, and high-density sensing techniques. Another study by Chen, Liu, Peng, and Wu entitled "Deep Learning Based 

Multimodal Complex Human Activity Recognition Using Wearable Devices" looked at the body of work that uses a vision-based 

strategy for recognizing human activity. Unimodal and multimodal research were the two main categories used to classify this 

study. Stochastic (random) methods, rule-based methods, space-time methods, and shape-based methods are a few different ways 

to solve problems. Contrarily, multimodal approaches make use of information from several sources and can be further broken 

down into approaches that concentrate on social networking, emotions, and behavior. 

 

The purpose of the study [11] was to continuously track over a long length of time the activities of elderly people in their 

homes using data acquired from a CNN based model. 15 subjects, 12 males and 3 females, between the ages of 25 and 50, took the 

same test nine times during the data collection phase. After that, using CNN and LSTM algorithms, the sensor data was divided 

into nine different activities. According to the study's results, CNN-based structures are more accurate than LSTM-based ones. The 

CNN-based architecture demonstrated an overall classification accuracy of 97 percent for the nine separate tasks, which included 

the identification of unusual behaviors that might be suggestive of dangerous health issues or emergency situations. Additionally, 

the system produced promising results even with a modest training dataset. 

 

Temporal features are typically restricted to small areas in the field of hybrid networks, which combine CNNs with 

Recurrent Neural Networks (RNN) to form CNN-RNN networks. A less than ideal representation of sequence information is the 

result of this. A thorough representation of the data is needed to address this, and time-based aggregation approaches like temporal 

pooling can help with this. According to study paper [31], to process the sequence data produced by CNNs, a variety of temporal 

pooling techniques were combined with LSTM networks. When evaluated using public action datasets, these approaches showed 

to be extremely successful and efficient in terms of processing resources, obtaining an accuracy rate of more than 80%. In addition, 

the LSTM variation, which included 30 frames of optical flow images in addition to the initial frames, achieved a remarkable 

accuracy level of 88.6\%. Due to these remarkable results, two new action categorization networks, LRCN and ConvLSTM, were 

developed. They both have distinctive network architectures and encoder-decoder frameworks. 

 

Using linear dynamical systems (LDS) and deep features, the research [34] presents a novel approach to action recognition 

in video. Deep features can produce more accurate representations of activities, according to the researchers, who contend that LDS 

can capture the temporal dynamics of actions more well than standard techniques. To recognize actions in fresh videos, the 

suggested methodology comprises training an LDS model on the deep features retrieved from video frames. A pre-trained CNN is 

used to extract these deep features from video frames, and then Principal Component Analysis (PCA) is used to condense their 

dimensionality. The LDS model that captures the temporal dynamics of actions is then trained using these reduced characteristics. 

On multiple benchmark datasets, including UCF101, HMDB51, and Hollywood2, the efficacy of this strategy is assessed, showing 

greater accuracy compared to state-of-the-art techniques. The significance of various parts of their approach is further examined 

through ablation studies, demonstrating the importance of both the LDS model and the deep features for reaching high accuracy. In 

conclusion, this suggested method offers a promising strategy for action recognition in films, possibly opening the door for ground-

breaking uses in industries including surveillance, robotics, and human-computer interaction. 

 

An approach to human activity recognition in video recordings based on deep learning is presented in [35]. The researchers 

address issues such size variations, inadequate lighting, improper perspectives, and background clutter related to HAR. They 

contrast Machine Learning and Deep Learning approaches to solving the HAR problem. Due to the deterministic nature of machine 

learning, the retrieved characteristics and action characterization must be defined, managed, and improved by the user. On the other 

hand, Deep Learning uses Deep Neural Networks (DNN) that operate similarly to the human brain to independently resolve all 

attributes. To train deep learning models for HAR, the researchers advise employing transfer learning models. These models have 

already been pre-trained using large datasets like ImageNet, which has over a million images that are ideal for used in transfer 

learning model training. Using the UCF50 action dataset, the effectiveness of three pre-trained deep learning model DenseNet, 

VGG19, and EfficientNet is assessed. The researchers use data from sizable databases like ImageNet by employing pre-trained 

deep learning. The neural network being trained in a new domain receives data using the transfer learning approach from an already 

trained model. On this dataset, the effectiveness of several deep learning models is examined, and their accuracy is assessed in 

comparison to cutting-edge methods. In the beginning, frames were taken from each group of action videos and entered a deep 

learning model that had already been trained. The EfficientNet model has the best testing accuracy, scoring 94.25 percent. The 

researchers also provide confusion matrices for classifying 50 activities from the UCF50 dataset with the use of the VGG19 model, 

DenseNet 161, and EfficientNet b7. 

 

 

DATASET 

 Numerous techniques are available for recognizing human activities, which can leverage diverse sets of data. Certain 

datasets prioritize the collection of data from sensors such as accelerometers, ECG sensors, and gyroscopes, whereas others 

concentrate on video data. In the context of video datasets, certain compilations showcase videos portraying actors executing actions 

in pre- determined environments, whereas others comprise videos procured from platforms such as YouTube. The UCF50 database 

is employed in this specific implementation.  

 

The UCF50 dataset, a creation of the University of Central Florida, is a collection of 50 distinct action categories featuring 

realistic videos sourced from YouTube. This dataset distinguishes itself from other action recognition datasets, which are often 

simulated, due to its inherent complexity. The UCF50 dataset poses a significant challenge due to its wide array of varying elements 

such as camera motion, object appearances, pose, perspective, size, background clutter, and lighting conditions. It encompasses a 
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diverse range of actions, from simple activities like walking a dog and diving to more complex tasks like horse riding and jumping 

rope. Each category of motion boasts an average of 133 unique video recordings, providing a substantial anthology for extensive 

analysis. 

 

The videos categorized together could all have something in common, such focusing on the same person. There are fifty 

distinct groups that each video belongs to. The collection includes 6,618 films, demonstrating 50 different types of classes. In the 

training process using the UCF50 dataset, the primary aim is to classify the ten categories, specifically 'BaseballPitch', 'Basketball', 

'BenchPress', 'Biking', 'Billiards', 'BreastStroke', 'CleanAndJerk', 'Diving', 'Drumming', and 'Fencing', out of the 50 activities present 

in the dataset. This approach was chosen due to constraints in both time and resources, along with the goal of speeding up the model 

training, considering the extensive size of the UCF50 dataset. 

 

ConvLSTM and LRCN Approach 

The primary aim of this study is to utilize deep learning methodologies for the purpose of recognizing human actions based 

on video data. In order to accomplish this objective, two distinct models, ConvLSTM and LRCN, have been employed to construct 

a system for recognizing human activities. The first stage of the process entailed the acquisition of video data, which was 

subsequently subjected to frame extraction and preprocessing. The pre-processed frames were employed to construct a dataset 

consisting of a predetermined number of images per category, which was subsequently utilized to train the model. Figure 1 depicts 

a streamlined framework of the suggested methodology. 

 

Prior to the training phase, the categorical labels denoting various activities were transformed into numerical values 

through the utilization of One Hot Encoding. This method involves the representation of categorical variables as binary vectors. 

This methodology confers notable advantages in scenarios involving multi-classification quandaries, as it guarantees the 

independent treatment of each class, without presuming any ordinal association among them. The detailed explanation of the 

architecture of the two models employed is provided subsequently in this section. The number of epochs was specified as 400, 

representing the complete number of iterations that the training dataset was allowed to traverse through the network. The 

TensorFlow model training process is defined with the specification of two callback functions. The initial function generates a 

callback for TensorBoard, which generates a directory for logging purposes with a designated name and stores the training process 

log files. An early stopping callback is the model's second kind of callback. Its main job is to keep track of the validation loss and 

stop thetraining process when it doesn't get better after a certain number of epochs. Additionally restored by this callback are the 

model weights from the epoch with the best validation loss. If the validation loss does not decrease for a certain number of epochs, 

the third callback in the model is intended to lower the learning rate by a factor of 0.2. This strategy aims to reduce the danger of 

overfitting and enable quicker model convergence.  

 

 

4.1Data Preprocessing 

 The process of extracting frames is an essential preliminary measure for applications that are dependent on video analysis. 

The utilization of video data in machine learning algorithms necessitates the analysis of individual video frames. The process of 

extraction entails an iterative procedure whereby all video files contained within the directories of the dataset's respective classes 

are accessed. The OpenCV Video Capture method is utilized to read each file, after which the frames are extracted. The frames 

undergo processing and are resized to a standardized dimension of 64x64 pixels, following which their pixel values are normalized 

through division by 255, as per reference [36]. The frames that have undergone processing are provisionally retained in a roster for 

every category. Subsequently, a function is executed to extract frames from all videos encompassing all categories of actions. The 

optimization of the training process and enhancement of the model's accuracy can be achieved by ensuring uniformity in the 

dimensions of frames and standardizing pixel values within the range of 0 to 1. 

 

 

 

 

 

 

 

 

 

 

Figure 1: The architecture of the ConvLSTM and LRCN approach 
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4.2 The Proposed ConvLSTM Network for Action Recognition 

 The Convolutional Long Short-Term Memory network was initially examined in a scholarly investigation conducted by 

the author referenced as [36]. The study revealed that the preservation of spatial data is not achieved when a fully connected LSTM 

network is utilized to transform an image into a one-dimensional space. In order to address this issue, it is necessary to employ a 

CNN feature extractor that can effectively extract spatial features and subsequently transform them into a unidimensional vector 

space. The ConvLSTM network was devised as a solution for video classification tasks [3] and is capable of processing 2D 

convolutions as input. The ConvLSTM architecture utilizes convolutional operations on input images to extract spatial features, 

while incorporating LSTM layers to capture the temporal dynamics between frames. The ConvLSTM network has the ability to 

efficiently capture spatial and temporal signals, which is not possible with a fully connected LSTM in isolation. 

 

The ConvLSTM network, applied in this research to expedite video categorization, is detailed as follows. A condensed 

version of the ConvLSTM network is suggested to optimize computational proficiency while maintaining high performance. This 

model includes four ConvLSTM2D layers and a final dense layer, as depicted in Figures 1 and 2. The action recognition model is 

constructed using TensorFlow's ConvLSTM2D implementation in Python. The construction process begins with the instantiation 

of the Sequential () class, which includes methods for creating a structurally feasible model blueprint. 

 

The model uses ConvLSTM2D layers with a 3x3 kernel size and tanh activation function. The number of filters ranges 

from 8 to 64. It employs a synchronized many-to-many LSTM mode with return sequences set to true. A recurrent dropout rate of 

0.2 is applied for efficiency, and the input shape is a 4D tensor. Each ConvLSTM2D layer is followed by a pooling layer that halves 

the resolution while preserving shift-invariance in the network. 

 

Overfitting may be avoided by adding a time-distributed dropout layer after each pooling process, which discards 20% of 

the output frames. The ConvLSTM model is constructed by stacking several ConvLSTM blocks, each composed of ConvLSTM2D, 

pooling, and time-distributed dropout layers. Subsequently, a flatten layer is utilized to convert the 2D vector into a 1D vector. This 

is followed by the connection of the 1D vector to a dense layer that employs softmax activation. By selecting the class with the 

highest probability, this particular configuration allows the model to effectively predict the classification of the input video. The 

efficiency of the ConvLSTM model is evaluated using a large human action dataset, with varying numbers of frames extracted from 

the input video. The optimal number of frames is determined and then used in subsequent experiments to assess the model's 

performance. 

 

The proposed ConvLSTM model is designed to effectively extract spatial-temporal dependencies. This model's 

performance is evaluated using a large dataset of human actions, with the number of frames from the input video varying. The 

optimal setup, determined by the number of frames, will be utilized in future experiments to assess the model's effectiveness. 

 

 

Figure 2: A Representative Convolutional LSTM Unit 

Figure 3: A ConvLSTM network sample comprising four ConvLSTM blocks and a singular dense layer. 
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4.3 Model size and Parameters of ConvLSTM 

 The ConvLSTM model in focus employs a sequence length of 20 input frames, an image resolution of 64 x 64 x 3, and a 

target output of 10 classes, leading to a total of 696,004 trainable parameters. In addition, the model, with its 10 output classes, 

comprises 369,098 trainable parameters. Table 1 illustrates the distribution of parameters across each layer. It's worth noting that 

max-pooling and dropout layers do not have trainable parameters, as they merely perform transformations. 

 

The proposed model follows a sequential ConvLSTM architecture with an impressive 368,324 total parameters, adept at 

capturing spatiotemporal information with utmost efficiency. Comprising of four ConvLSTM2D layers, the model is fortified with 

time-distributed max- pooling and dropout layers, tailored to reducing spatial dimensions and preventing overfitting. Interestingly, 

the ConvLSTM2D layers undergo a gradual boost in intricacy, with the first layer adorned with 8 filters and 3,200 parameters, and 

succeeding layers exhibiting substantial growth in filters i.e., 16, 32, and 64, alongside a proportional increase in parameters, 

specifically 13,888, 55,424, and 221,440 parameters, correspondingly. 

 

Layer 
Output 

Shape Parameters Description 

conv_lstm2d 
(None, 20, 62, 

62, 8) 3200 1st ConvLSTM layer with 20 filters (62x62), 8 channels 

time_distributed 
(None, 20, 31, 

31, 8) 0 Apply same operation to each time step (no data modification) 

time_distributed_1 
(None, 20, 31, 

31, 8) 0 Apply same operation to each time step (no data modification) 

conv_lstm2d_1 
(None, 20, 29, 

29, 16) 13888 2nd ConvLSTM layer with 16 filters (29x29), 16 channels 

time_distributed_2 
(None, 20, 15, 

15, 16) 0 Apply same operation to each time step (no data modification) 

time_distributed_3 
(None, 20, 15, 

15, 16) 0 Apply same operation to each time step (no data modification) 

conv_lstm2d_2 
(None, 20, 13, 

13, 32) 55424 3rd ConvLSTM layer with 32 filters (13x13), 32 channels 

time_distributed_4 
(None, 20, 7, 

7, 32) 0 Apply same operation to each time step (no data modification) 

time_distributed_5 
(None, 20, 7, 

7, 32) 0 Apply same operation to each time step (no data modification) 

conv_lstm2d_3 
(None, 5, 5, 

64) 221440 4th ConvLSTM layer with 64 filters (5x5), 64 channels 

max_pooling2d_3 
(None, 3, 3, 

64) 0 Reduce data dimensionality with max pooling (3x3 window) 

dropout_3 
(None, 3, 3, 

64) 0 Randomly drop some data elements to prevent overfitting 

Flatten (None, 576) 0 Reshape data into a one-dimensional vector 

Dense (None, 128) 73856 Fully-connected layer with 128 neurons 

dropout_4 (None, 128) 0 Randomly drop some data elements from the dense layer 

dense_1 (None, 10) 516 Final output layer classifying data into 10 classes 

Layer 

Output 

Shape Parameters Description 

   
Classes: BaseballPitch, Basketball, BenchPress, Biking, Billiards, 

BreastStroke, CleanAndJerk, Diving, Drumming, Fencing 

Total Parameters  368,324  

Trainable 

Parameters  368,324 All parameters can be adjusted during training 

 After the ConvLSTM2D layer concludes, the model employs a sequence of additional layers to reshape the data and enable 

the fully connected (dense) layers. Starting with a max-pooling layer followed by a dropout layer, the data is then processed by a 

flattened layer to attain the desired shape. The first dense layer is then initialized with 128 neurons and a whopping 73,856 

parameters, which is then teamed with, yet another dropout layer specifically designed to mitigate overfitting. Finally, the model 

culminates with an output layer that consists of a dense layer containing 4 neurons and 516 parameters. Notably, all the parameters 

in the model are trainable, as there are no non-trainable parameters, thereby ensuring that the model is highly adaptable during the 

training process. 

Table 1: ConvLSTM model parameter for 10 classes 
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4.4 The Proposed Long-term Recurrent Convolutional Network for Action Recognition 

 A sophisticated deep learning system, LRCN can extract sequential and visual features from a picture sequence. The 

versatility of the LRCN, which was first introduced by [30], is shown in applications including action recognition, picture 

captioning, and video description creation. This is possible because the LRCN makes use of several RNN variations. 

The LRCN comprises two primary components, a CNN and an RNN. The CNN encoder's foremost purpose is to extract 

spatial characteristics and convert them into a one- dimensional vector. The resulting vector is then utilized as input for the RNN 

encoder to deduce temporal dynamics. By employing shared weights, the network can simultaneously process multiple frames. 

The encoder-decoder design offers a substantial amount of flexibility in selecting architectures for both the CNN and RNN, as 

they function independently. Furthermore, since the recurrent neuron can receive variable-length input vectors, any flattened 

CNN architecture's final layer output can be employed as input, regardless of its dimensions. 

This approach uses a condensed deep learning model that encompasses four CNN encoder blocks and an LSTM decoder 

layer, enabling efficient feature extraction and sequence analysis. The CNN blocks comprise Conv2D, BatchNormalization, 

MaxPooling2D, and Dropout layers, encapsulated by a TimeDistributed layer. After the CNN blocks, the LSTM layer is followed 

by a Dropout layer and a Dense layer for classification. 

 

 

4.5 Model size and Parameters of LRCN 

 The Long-term Recurrent Convolutional Network model, as presented here, is a fusion of CNNs and RNNs, with a 

particular emphasis on LSTM networks. The model begins with a series of time-distributed CNN layers, designed to process image 

data. In this case, they process video frames over a period of time. The CNN layers consist of four blocks, each containing a Conv2D 

layer, a BatchNormalization layer, a MaxPooling2D layer, and a Dropout layer. The Conv2D layers have 32, 64, 128, and 128 

filters, respectively, and each uses a 3x3 kernel for convolution. 

 

The MaxPooling2D layers are designed to reduce the spatial dimensions of the output volume. The Dropout layers help 

prevent overfitting by randomly setting a portion of input units to 0 during each update in the training phase. After the CNN layers, 

the model flattens the output and feeds it into an LSTM layer with 64 units. LSTM, a type of RNN, is adept at learning long-term 

dependencies, making it suitable for processing frame sequences over time. 

 

The model concludes with a Dense layer that uses a softmax activation function to create a probability distribution across 

the classes for classification. This layer has the same number of units as the entire number of classes in the problem. This last layer 

is very important because it converts the high-level information that the network has learned into predictions for each class. It 

effectively acts as the model's decision-making element by deciding which class each input is most likely to belong to base on the 

characteristics that have been learned. 

 

The total number of parameters in this model is a substantial 783,428. Of these, 782,724 are trainable parameters, while 

704 are non-trainable parameters. The trainable parameters are those that the model can learn from the data during training, while 

the non-trainable parameters remain unchanged during training. This model is relatively large and may require significant 

Figure 4: Combining Convolutional Layers, LSTM Layers, and an Output 

Layer for Advanced Feature Extraction and Prediction 

Figure 5: A LRCN network consisting of four convolutional neural network layers and a single 

long short-term memory layer. 
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computational resources for training, especially with large datasets. However, the large number of parameters also gives the model 

a heightened ability to learn complex patterns within the data. 

 

Layer Output Parameters Description 

time_distributed_6, 7 (20, 64, 64, 32) 1,024 Extract low-level features (edges, motion) 

time_distributed_8, 9 (20, 32, 32, 32) 768 Combine features into complex patterns 

time_distributed_10, 11 (20, 32, 32, 64) 19,296 Learn action-specific features (limbs, postures) 

time_distributed_12, 13 (20, 16, 16, 64) 16,384 Analyze broader spatial context 

time_distributed_14, 15 (20, 16, 16, 128) 78,408 Capture temporal relationships (action flow) 

time_distributed_16 (20, 8, 8, 128) 57,344 Analyze overall structure and long-range dependencies 

time_distributed_17, 18 (28, 8, 8, 128) 237,184 Refine and integrate features across time steps 

time_distributed_19 (20, 8, 8, 128) 512 Prepare features for LSTM layer 

time_distributed_20 (20, 4, 4, 2848) 20,480 Project features into high-dimensional space for LSTM 

time_distributed_21 (None, 64) 0 Capture long-range temporal dependencies with bidirectional LSTM 

Lstm (None, 64) 540,928  

dropout_8 (None, 64) 0 Prevent overfitting 

dense_2 (None, 10) 650 Classify action based on learned features 

Total Params:  783,818  

Trainable Params:  783,114  

Non-trainable Params:  704  

Experimental Analysis  

 Throughout the research process, two separate models were evaluated on the previously mentioned dataset, UCF50. Each 

dataset was scrutinized independently, without any merging during the experimental process. The dataset was divided such that 

80% was used for training and the remaining 20% was reserved for testing. During the model fitting phase, the validation split 

parameter was set to 0.2, indicating that 20% of the training data was utilized for validation purposes.  

 

Two specific scenarios were investigated: the Convolutional LSTM with the UCF50 dataset and the LRCN with the UCF50 

dataset. In both instances, the testing accuracy was documented and is presented in Table 3. The results indicate that the LRCN 

model outperforms the Convolutional LSTM model. The most impressive accuracy achieved is 97.01% for the LRCN model using 

the UCF50 dataset. 

 

Model Accuracy (%)  Precision (%)  

Convolutional 

LSTM 

87.78% 87.69% 

LRCN 96.67% 96.89% 

Table 3: Accuracy and Precision of Models 

with UCF50 dataset 

 

Table 2: LRCN model parameter for 10 classes 
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The performance of both models during their respective training phases was assessed by generating graphical 

representations of their overall loss versus validation loss, as well as their accuracy versus validation accuracy. These graphs can 

be observed in Fig. 6, Fig. 7, Fig. 8 and Fig. 9. The x-axis of these graphs denotes the number of epochs, while the y-axis displays 

either the rate of loss or the level of accuracy. 

The "Training Loss" score reveals the degree of model error on the particular dataset it was trained on, whereas the 

"Validation Loss" score denotes the degree of error on unseen, novel data. The fundamental purpose of training a machine learning 

model is to minimize its loss, which entails reducing the amount of error committed by the model.  

 

It is vital to closely observe both the training and validation loss over time to ensure that the model continues to improve 

and that it is not overfitting, i.e., memorizing, the training dataset. The model's loss values are presented on the y-axis, while the x-

axis portrays the number of epochs. The graphs depict two individual plotted lines: one for training loss, and the other for validation 

loss. 

Notably, the "Best Epoch," which in this instance is identified as epoch 11, indicates the point in time at which the model 

attained its lowest validation loss. This is highly consequential as it represents the point in which the model performs most 

effectively on the validation dataset, and thus guards against overfitting. 

 

The "Training Accuracy" metric illustrates the model's effectiveness in handling the data it was trained on. On the other 

hand, the "Validation Accuracy" score measures its effectiveness in handling new, unseen data. It's crucial to aim for a high 

validation accuracy to ensure the model is generalizing effectively, rather than just memorizing the training data. Furthermore, the 

Figure 6: Total Loss vs. Total Validation Loss plot - 

Convolutional LSTM with the UCF50 dataset 

Figure 7:  Total Accuracy vs. Total Accuracy Loss 

plot - Convolutional LSTM with the UCF50 dataset 

Figure 8: Total Loss vs. Total Validation Loss plot - 

LRCN with the UCF50 dataset 
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"BestEpoch" metric identifies the epoch at which the model reached the highest validation accuracy. Based on the available data, it 

appears that the model exhibited its best performance during epoch 11. 

The term "Best Epoch" denotes the epoch with the minimum validation loss. Based on the current analysis, it appears that 

epoch 70 delivered the most optimal performance for the model. 

 

The "Best Epoch" score indicates the epoch with the highest validation accuracy. In this case, the model appears to have 

performed best on epoch 70. It is important to balance the trade-off between maximizing accuracy and ensuring the model 

generalizes well to new data. 

 

To demonstrate the relationship between predicted labels (x-axis) and true labels (y-axis), as well as to display the 

performance of each chosen action class, a heatmap is used to represent the confusion matrix for both scenarios. 

 

A confusion matrix typically includes four categories: True Positive, False Positive, True Negative, and False Negative. 

In this study, the diagonal of the confusion matrix or heatmap represents the activities correctly recognized. The remaining cells 

indicate activities predicted as a different activity, such as a 'BaseballPitch' video being identified as 'Basketball'. In the heatmaps 

displaying each model's performance on the UCF50 dataset, the numbers 0, 1, 2, 3, 4, 5, 6, 7, 8 and 9 represent 'BaseballPitch', 

'Basketball', 'BenchPress', 'Biking', 'Billiards', 'BreastStroke', 'CleanAndJerk', 'Diving', 'Drumming', 'Fencing', respectively, on both 

the x-axis and y-axis. 

 

It is imperative to arrive at a conclusive determination concerning the sufficiency of the outcomes and the extent of 

variations between them. In addition, it is vital to scrutinize any potential variables that could have influenced the final results. Once 

a precise comprehension of the discoveries is obtained, logical deductions can be made. To sum up, evaluating the effectiveness of 

the algorithm in accomplishing its intended purpose, and subsequently outlining forthcoming enhancements and objectives is of 

utmost importance. 

 

Figure 9: Total Accuracy vs. Total Accuracy Loss plot - 

LRCN with the UCF50 dataset 

Figure 10: The result from classification by 

ConvLSTM 
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The comparative analysis between LRCN and ConvLSTM models reveals a distinct advantage of  the former in terms of 

both precision and accuracy. This superior performance of the LRCN model can be primarily attributed to its inherent capability 

for superior temporal distribution and continuity processing. An in-depth examination of the LRCN's confusion matrix reveals that 

the network misclassified a single video from the 'Basketball' category as 'Biking', while it accurately classified 32 other types of 

videos. The network demonstrated exceptional performance across most other categories, with only one or three errors occurring 

infrequently. This indicates a high degree of accuracy in classifying categories without any mislabeling. 

 

Conversely, the ConvLSTM model exhibited a higher rate of misclassification, as substantiated by its confusion matrix. 

Its overall accuracy, standing at 93.28%, was inferior to that of the LRCN. The ConvLSTM model encountered the most difficulty 

when classifying videos from the 'BenchPress' category, mislabeling three videos as 'Drumming', one as 'CleanAndJerk', and one 

as 'BreastStroke'. Additionally, in the 'Basketball' category, it misclassified two videos as 'BaseballPitch', one as 'Biking', one as 

'CleanAndJerk', one as 'Diving', and one as 'Fencing'. Unlike the LRCN, the ConvLSTM model was unable to accurately identify 

all instances of any single video category without any errors. 

 

It is important to note that the performance of these neural network structures could potentially be improved by adjusting 

the number of filters and their kernel dimensions. Additionally, incorporating more layers could also influence the results. However, 

within the context of the fundamental ConvLSTM and LRCN architectures, the accuracy outcomes were deemed satisfactory. In 

conclusion, the LRCN architecture demonstrated superior performance, with significantly higher accuracy and precision values 

compared to the ConvLSTM approach. The enhanced classification accuracy of the LRCN model is clearly evident in the confusion 

matrix, which distinctly showcases an improved categorization of videos into their respective classes. 

 

CONCLUSION 

 This research paper delves deeply into the function of artificial neural networks in relation to video classification, 

highlighting the rapidly increasing significance of these technologies in today's contemporary applications. Using the Anaconda 

development environment in conjunction with TensorFlow and Keras libraries is crucial in illustrating the vital role that neural 

networks play in video classification. Therefore, it is recommended that these technologies should be incorporated into educational 

curricula to promote a more widespread understanding of their potential. 

 

The LRCN architecture, which integrates enhanced time continuity processing as well as a time distribution layer, proved 

to be remarkably accurate with an impressive accuracy rate of 96.67%. The ConvLSTM model, on the other hand, achieved an 

accuracy rate of 87.78% upon closer examination of its confusion matrix, it was clear that more frequent classification errors and a 

larger number of inaccuracies were present. 

 

Looking forward, the advancements made in this paper illuminate a promising path for future research. The primary step 

on this path involves diversifying and enriching the UCF50 dataset. This can be achieved by adding training videos that showcase 

individuals from a variety of ethnic backgrounds, ensuring a comprehensive and inclusive representation within the data. 

 

Simultaneously, the focus is on augmenting the capacity of the proposed CNN-LSTM models to effectively handle larger 

datasets, such as the extensive Kinetics 700. As these models adapt to such large datasets, their accuracy and predictive power are 

expected to significantly improve, propelling the pace of research in the field of human activity recognition technology. 

 

Moreover, these models hold immense potential for practical applications. One such application could be their integration 

into home surveillance systems. By analyzing footage of everyday activities, these models could detect incidents that pose safety 

risks, such as falls. Coupled with an alert system that promptly notifies caregivers or family members via SMS, this technology 

could greatly enhance safety in home environments. 

 

Figure 11: The result from classification by 

LRCN 
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In conclusion, by expanding and improving the dataset, refining the models, and exploring practical applications, the aim 

is to continue making significant contributions to the advancements in human activity recognition technology. 
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