
ScienceDirect

Available online at www.sciencedirect.com

Procedia Computer Science 246 (2024) 4104–4113

1877-0509 © 2024 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the 28th International Conference on Knowledge Based 
and Intelligent information and Engineering Systems
10.1016/j.procs.2024.09.249

10.1016/j.procs.2024.09.249 1877-0509

 

Available online at www.sciencedirect.com 

ScienceDirect 

Procedia Computer Science 00 (2024) 000–000  
www.elsevier.com/locate/procedia 

 

1877-0509 © 2024 The Authors. Published by ELSEVIER B.V.  
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0) 
Peer-review under responsibility of the scientific committee of KES International 

28th International Conference on Knowledge-Based and Intelligent Information & Engineering 
Systems (KES 2024) 

Indoor human activity recognition based on context relationships 
Tong Tonga,*, Rossitza Setchia, Yulia Hicksa 

aResearch Centre in AI, Robotics and Human-Machine Systems (IROHMS), Cardiff University, Cardiff CF24 3AA, UK 

Abstract 

Human activity recognition, as a significant branch of artificial intelligence, requires increasingly generalized and precise 
methodologies due to growing demands. Therefore, this paper proposes a context-based method for recognising indoor human 
activities, which interlinks indoor human activities with interactions with objects, making the contextual relationship between 
humans and objects particularly crucial. In addition, this research has developed a new dynamic graph dataset based on publicly 
available video datasets and their associated descriptive scripts, instantiating the relationships between humans and objects. A novel 
architecture for human activity recognition is developed in this research. This architecture utilizes graph neural networks and self-
attention mechanisms to learn the significance of the interactions between humans and objects and capture the relationships between 
video frames on a temporal level. The results demonstrate that the classification accuracy reaches 0.86 and it also performs better 
than other current advanced algorithms STGAT and STGCN. It is noteworthy that the approach also effectively reduces ambiguity 
in activity recognition. 
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1. Introduction  

Human Activity Recognition (HAR) represents a significant field of research that focuses on identifying and 
classifying various human behaviours or actions based on data derived from sensors or video recordings. This 
interdisciplinary domain intersects with computer science, data analysis, artificial intelligence (AI), and healthcare, 
among others, aiming to automate the process of understanding human activities through machine learning models 
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and other technologies [1]. HAR finds its application spreading across various sectors including healthcare, smart 
homes, surveillance, sports, and human-computer interaction. 

As a research area HAR has progressed from using RGB or grayscale videos as input [2] due to their popularity 
and ease of access, to extracting both static and dynamic features from video data, captured through convolution and 
cross-correlation operators [3]. In addition, through wearable computing and ambient intelligence, where the primary 
focus was on enhancing the interaction between humans and technology [4], and with advancements in sensor 
technology and the proliferation of mobile devices equipped with a myriad of sensors such as accelerometers, 
gyroscopes, and GPS, the capacity to capture and analyse human movement and behaviour has significantly expanded 
[5]. Concurrently, the evolution of AI and machine learning techniques has propelled HAR into new heights, enabling 
the extraction of meaningful patterns from complex, multidimensional data generated by these sensors. 

In healthcare, HAR is transforming patient care and monitoring, facilitating remote health monitoring systems that 
can predict and prevent adverse events by recognizing activities, such as falls among the elderly [6]. HAR is 
instrumental in developing intelligent systems that adapt to the inhabitants' behaviours, enhancing energy efficiency, 
security, and comfort. For instance, distinguishing when a person is sleeping or away from home allows for the 
adjustment of lighting and heating, thereby conserving energy. HAR contributes to public safety and security by 
detecting unusual or suspicious activities in real-time. In the context of context-aware human activity recognition 
(HAR), Claudio et al. suggested utilizing domain knowledge related to high-level contextual data to enhance the 
accuracy of predictions made by an activity classifier [7]. 

Despite the progress, HAR faces several challenges, including the diversity of human activities, and the need for 
large annotated datasets for training robust models [8]. In the HAR field based on traditional vision and sensor methods, 
the complexity of the environment can cause inaccurate recognition results. Successful identification of such activities 
as pouring water, eating food, plays a vital role in caring for the elderly and monitoring hazardous activities. However, 
most of the current research focuses on individual activities such as running and jumping. The actual research on 
indoor activity recognition is still insufficient.  

Context is very important for identifying indoor activities as most of them are accompanied by interactions with 
objects [9]. For example, when a person drinks water, the person may pick up a kettle, pick up a water cup, pour water 
in a series of interactive behaviours with objects. Therefore, when identifying indoor activities, the system should 
focus on the surrounding context. 

The focus of this paper is to explore recognition of indoor human activities by identifying people and the 
surrounding objects, and determining the relationship between people and objects, so as to identify current human 
activities. In reality, it is difficult to identify different activities indoors by relying only on sensors such as gyroscopes. 
Therefore, this paper uses computer vision techniques in combination with context relationships between people and 
objects as clues to identify human activities. It is hypothesised when a person performs activities indoors, they will 
interact with the surrounding context, and human activities can be identified based on these clues. 

2. Related work 

The field of Human Activity Recognition (HAR) has witnessed substantial growth and diversification, reflecting 
the advancements in sensor technologies, machine learning algorithms, and their applications across various domains. 
This section explores the related work in HAR, highlighting significant contributions, methodologies, and emerging 
trends that shape the current landscape of this research area. 

2.1. Human activity recognition 

Ji et al. [10] utilized a human detector to segment humans in videos, and then input the segmented videos into a 
novel 3D CNN model to extract spatiotemporal features from the videos. Skeleton sequences represent informative 
human motion. Wang et al. [11] proposed skeleton spectra and joint trajectory maps. They all encode the 
spatiotemporal information of the skeleton sequence into colour texture images, and then use CNN to perform HAR. 
HAR relied on wearable sensors due to their effectiveness in capturing body movements. For instance, Fullerton et al. 
[12] demonstrated the use of accelerometers worn on the body to classify daily activities with notable accuracy. 

http://crossmark.crossref.org/dialog/?doi=10.1016/j.procs.2024.09.249&domain=pdf
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and other technologies [1]. HAR finds its application spreading across various sectors including healthcare, smart 
homes, surveillance, sports, and human-computer interaction. 

As a research area HAR has progressed from using RGB or grayscale videos as input [2] due to their popularity 
and ease of access, to extracting both static and dynamic features from video data, captured through convolution and 
cross-correlation operators [3]. In addition, through wearable computing and ambient intelligence, where the primary 
focus was on enhancing the interaction between humans and technology [4], and with advancements in sensor 
technology and the proliferation of mobile devices equipped with a myriad of sensors such as accelerometers, 
gyroscopes, and GPS, the capacity to capture and analyse human movement and behaviour has significantly expanded 
[5]. Concurrently, the evolution of AI and machine learning techniques has propelled HAR into new heights, enabling 
the extraction of meaningful patterns from complex, multidimensional data generated by these sensors. 

In healthcare, HAR is transforming patient care and monitoring, facilitating remote health monitoring systems that 
can predict and prevent adverse events by recognizing activities, such as falls among the elderly [6]. HAR is 
instrumental in developing intelligent systems that adapt to the inhabitants' behaviours, enhancing energy efficiency, 
security, and comfort. For instance, distinguishing when a person is sleeping or away from home allows for the 
adjustment of lighting and heating, thereby conserving energy. HAR contributes to public safety and security by 
detecting unusual or suspicious activities in real-time. In the context of context-aware human activity recognition 
(HAR), Claudio et al. suggested utilizing domain knowledge related to high-level contextual data to enhance the 
accuracy of predictions made by an activity classifier [7]. 

Despite the progress, HAR faces several challenges, including the diversity of human activities, and the need for 
large annotated datasets for training robust models [8]. In the HAR field based on traditional vision and sensor methods, 
the complexity of the environment can cause inaccurate recognition results. Successful identification of such activities 
as pouring water, eating food, plays a vital role in caring for the elderly and monitoring hazardous activities. However, 
most of the current research focuses on individual activities such as running and jumping. The actual research on 
indoor activity recognition is still insufficient.  

Context is very important for identifying indoor activities as most of them are accompanied by interactions with 
objects [9]. For example, when a person drinks water, the person may pick up a kettle, pick up a water cup, pour water 
in a series of interactive behaviours with objects. Therefore, when identifying indoor activities, the system should 
focus on the surrounding context. 

The focus of this paper is to explore recognition of indoor human activities by identifying people and the 
surrounding objects, and determining the relationship between people and objects, so as to identify current human 
activities. In reality, it is difficult to identify different activities indoors by relying only on sensors such as gyroscopes. 
Therefore, this paper uses computer vision techniques in combination with context relationships between people and 
objects as clues to identify human activities. It is hypothesised when a person performs activities indoors, they will 
interact with the surrounding context, and human activities can be identified based on these clues. 

2. Related work 

The field of Human Activity Recognition (HAR) has witnessed substantial growth and diversification, reflecting 
the advancements in sensor technologies, machine learning algorithms, and their applications across various domains. 
This section explores the related work in HAR, highlighting significant contributions, methodologies, and emerging 
trends that shape the current landscape of this research area. 

2.1. Human activity recognition 

Ji et al. [10] utilized a human detector to segment humans in videos, and then input the segmented videos into a 
novel 3D CNN model to extract spatiotemporal features from the videos. Skeleton sequences represent informative 
human motion. Wang et al. [11] proposed skeleton spectra and joint trajectory maps. They all encode the 
spatiotemporal information of the skeleton sequence into colour texture images, and then use CNN to perform HAR. 
HAR relied on wearable sensors due to their effectiveness in capturing body movements. For instance, Fullerton et al. 
[12] demonstrated the use of accelerometers worn on the body to classify daily activities with notable accuracy. 
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The application of deep learning in HAR signifies a paradigm shift, offering the ability to automatically learn 
feature representations from raw data, thus bypassing the labour-intensive process of manual feature extraction. 
Sharma et al. [13] applied Convolutional Neural Networks (CNNs) for activity recognition using wearable sensor data, 
showcasing superior performance compared to traditional machine learning approaches. Following this, Recurrent 
Neural Networks (RNNs) and their variants, such as Long Short-Term Memory (LSTM) networks, have been 
extensively adopted for modelling time-series sensor data, given their proficiency in capturing temporal dependencies 
[14]. 

The integration of Attention Mechanisms with RNNs further enhanced the model's ability to focus on salient 
features in the data sequence, leading to improved accuracy in complex activity recognition tasks [15]. Moreover, the 
emergence of Graph Convolutional Networks (GCNs) has opened new avenues for HAR by exploiting the relational 
information among skeleton, offering a more holistic view of human activities [16]. 

The methodology of HAR involves several stages, starting with data acquisition through sensors. The raw data, 
characterized by its high dimensionality and variability, undergoes preprocessing to filter noise and extract relevant 
features. Following this, various machine learning models—ranging from traditional approaches like decision trees 
and support vector machines to advanced techniques such as deep learning—are employed to classify the activities 
based on the extracted features. Deep learning, in particular, has shown remarkable success in HAR due to its ability 
to learn complex representations of data. 

2.2. Scene graph generation 

In recent years, the integration of scene graph generation with human activity recognition has garnered significant 
attention in the field of computer vision. Scene graphs provide structured representations of scenes by detailing objects 
and their interrelationships. They are particularly useful for comprehensively understanding dynamic human activities 
in various contexts. The work in this domain is by Chang et al. [17], who introduced a method for generating scene 
graphs from images and then applying these graphs to enhance video understanding tasks. Fabian suggested that 
efficient context cascading is very effective for fast human activity recognition [18]. 

He et al. [19] further explored this idea by proposing a novel framework that leverages scene graph generation to 
detect and describe human-object interactions. By capturing these interactions as edges in a scene graph, their model 
was able to achieve more nuanced activity recognition, particularly in complex scenes with multiple actors and 
interactions. Moreover, the work by Yang et al [20]. efficiently deals with the quadratic number of potential relations 
between objects in an image. This method effectively captures contextual information between objects and relations. 

Research by Ost et al. [21] proposes the first neural rendering method that represents multi-object dynamic scenes 
as scene graphs. Their approach introduces a learned scene graph representation that encodes object transformations 
and radiance. It has been demonstrated that can be learned within dynamic scenes. 

2.3. Graph neural network 

Graph neural networks (GNNs) have emerged as a powerful tool in the field of human activity recognition, offering 
significant advancements in understanding complex interactions within data. The application of GNNs in this domain 
leverages their ability to model relationships and dependencies between objects and humans in various environments, 
enhancing the accuracy and robustness of activity recognition systems. 

One key study by Yan et al. proposed a new dynamic skeleton model called Spatio-Temporal Graph Convolutional 
Network (ST-GCN). This model overcomes the limitations of previous methods by automatically learning spatial and 
temporal patterns from data [22]. Heidari and Alexandros [23] analysed the spatial attention used in the Spatio-
Temporal GCN layers and proposed a symmetric spatial attention mechanism to better reflect the symmetrical 
characteristics of human joint positions during the execution of actions. 

In the field of video-based pedestrian re-identification, modelling the temporal relationships between different 
frames and the spatial relationships within frames may potentially solve issues related to occlusions by visually similar 
negative samples and visual blurriness [24]. The level of engagement of a driver during driving plays a crucial role 
and can lead to negative outcomes for driving safety. Pan et al. [25] utilise a Graph Convolutional Network (GCN) to 
infer spatial structural features within a single frame, followed by a Long Short-Term Memory (LSTM) network for 
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learning temporal motion features within sequences. This approach has successfully identified eight common activities 
related to driving. 

These studies collectively highlight the growing importance of graph-based approaches in capturing the complex 
and dynamic nature of human activities, paving the way for more intuitive and effective recognition systems. The 
continuous evolution of GNN architectures and their applications in this field underscores the potential for even greater 
advancements in the near future. 

3. Dataset  

As previously mentioned, for the recognition of human activities indoors, it is essential to focus on the relationship 
between humans and the objects around them. In other words, context information is very important. Currently, there 
is no dataset available that provides the aforementioned information. Therefore, this paper has created a new dataset 
that has evolved from existing video data. The original video data used in this paper is from Action Genome [26], 
which annotates the relationships between people and objects within the videos. Moreover, it also provides scripts 
describing the activities or behaviours in each video. However, Action Genome is not intended as a dataset for human 
activity recognition, but each video is closely related to human activities. Therefore, this paper uses Action Genome 
as the initial dataset. It was observed that not every video clearly shows human activity, and the scripts do not always 
accurately describe whether clear human activity is present. The human activities selected for this paper are those that 
persist over a period of time in the videos. In other words, mere momentary actions are not included in the data 
annotation as human activities. This study first filtered the original video scripts and selected 6 common activities in 
current human activity recognition research based on related words, such as water, cooking, food, etc. Since the 
original video data does not have clear human activity labels and unified paradigm for original video scripts, this study 
used ChatGPT to analyse the scripts of the selected videos, deriving corresponding human activities labels based on 
the video scripts, which were then used as training labels. This study also conducted human observations on each of 
them to ensure that the tags generated by ChatGPT were rigorous and correct. Finally, 6 types of human activities 
were selected for recognition, and 150 videos totally. Table 1 shows a frame from each video representing the activities 
as examples. The generated activity labels were subsequently checked for accuracy by one of the authors of this paper. 

Table 1. Examples of frames representing different activities. 

A frame from the video Scripts  Human activity 

 

The person gets distracted by 
their phone, and begins 
playing with it. 

Playing phone 

 

A person is seen grasping the 
food eating it. 

Eating food 

 

A person takes a broom from 
the corner and begins working 
on tidying up. 

Tidying up  
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The application of deep learning in HAR signifies a paradigm shift, offering the ability to automatically learn 
feature representations from raw data, thus bypassing the labour-intensive process of manual feature extraction. 
Sharma et al. [13] applied Convolutional Neural Networks (CNNs) for activity recognition using wearable sensor data, 
showcasing superior performance compared to traditional machine learning approaches. Following this, Recurrent 
Neural Networks (RNNs) and their variants, such as Long Short-Term Memory (LSTM) networks, have been 
extensively adopted for modelling time-series sensor data, given their proficiency in capturing temporal dependencies 
[14]. 

The integration of Attention Mechanisms with RNNs further enhanced the model's ability to focus on salient 
features in the data sequence, leading to improved accuracy in complex activity recognition tasks [15]. Moreover, the 
emergence of Graph Convolutional Networks (GCNs) has opened new avenues for HAR by exploiting the relational 
information among skeleton, offering a more holistic view of human activities [16]. 

The methodology of HAR involves several stages, starting with data acquisition through sensors. The raw data, 
characterized by its high dimensionality and variability, undergoes preprocessing to filter noise and extract relevant 
features. Following this, various machine learning models—ranging from traditional approaches like decision trees 
and support vector machines to advanced techniques such as deep learning—are employed to classify the activities 
based on the extracted features. Deep learning, in particular, has shown remarkable success in HAR due to its ability 
to learn complex representations of data. 

2.2. Scene graph generation 

In recent years, the integration of scene graph generation with human activity recognition has garnered significant 
attention in the field of computer vision. Scene graphs provide structured representations of scenes by detailing objects 
and their interrelationships. They are particularly useful for comprehensively understanding dynamic human activities 
in various contexts. The work in this domain is by Chang et al. [17], who introduced a method for generating scene 
graphs from images and then applying these graphs to enhance video understanding tasks. Fabian suggested that 
efficient context cascading is very effective for fast human activity recognition [18]. 

He et al. [19] further explored this idea by proposing a novel framework that leverages scene graph generation to 
detect and describe human-object interactions. By capturing these interactions as edges in a scene graph, their model 
was able to achieve more nuanced activity recognition, particularly in complex scenes with multiple actors and 
interactions. Moreover, the work by Yang et al [20]. efficiently deals with the quadratic number of potential relations 
between objects in an image. This method effectively captures contextual information between objects and relations. 

Research by Ost et al. [21] proposes the first neural rendering method that represents multi-object dynamic scenes 
as scene graphs. Their approach introduces a learned scene graph representation that encodes object transformations 
and radiance. It has been demonstrated that can be learned within dynamic scenes. 

2.3. Graph neural network 

Graph neural networks (GNNs) have emerged as a powerful tool in the field of human activity recognition, offering 
significant advancements in understanding complex interactions within data. The application of GNNs in this domain 
leverages their ability to model relationships and dependencies between objects and humans in various environments, 
enhancing the accuracy and robustness of activity recognition systems. 

One key study by Yan et al. proposed a new dynamic skeleton model called Spatio-Temporal Graph Convolutional 
Network (ST-GCN). This model overcomes the limitations of previous methods by automatically learning spatial and 
temporal patterns from data [22]. Heidari and Alexandros [23] analysed the spatial attention used in the Spatio-
Temporal GCN layers and proposed a symmetric spatial attention mechanism to better reflect the symmetrical 
characteristics of human joint positions during the execution of actions. 

In the field of video-based pedestrian re-identification, modelling the temporal relationships between different 
frames and the spatial relationships within frames may potentially solve issues related to occlusions by visually similar 
negative samples and visual blurriness [24]. The level of engagement of a driver during driving plays a crucial role 
and can lead to negative outcomes for driving safety. Pan et al. [25] utilise a Graph Convolutional Network (GCN) to 
infer spatial structural features within a single frame, followed by a Long Short-Term Memory (LSTM) network for 
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learning temporal motion features within sequences. This approach has successfully identified eight common activities 
related to driving. 

These studies collectively highlight the growing importance of graph-based approaches in capturing the complex 
and dynamic nature of human activities, paving the way for more intuitive and effective recognition systems. The 
continuous evolution of GNN architectures and their applications in this field underscores the potential for even greater 
advancements in the near future. 

3. Dataset  

As previously mentioned, for the recognition of human activities indoors, it is essential to focus on the relationship 
between humans and the objects around them. In other words, context information is very important. Currently, there 
is no dataset available that provides the aforementioned information. Therefore, this paper has created a new dataset 
that has evolved from existing video data. The original video data used in this paper is from Action Genome [26], 
which annotates the relationships between people and objects within the videos. Moreover, it also provides scripts 
describing the activities or behaviours in each video. However, Action Genome is not intended as a dataset for human 
activity recognition, but each video is closely related to human activities. Therefore, this paper uses Action Genome 
as the initial dataset. It was observed that not every video clearly shows human activity, and the scripts do not always 
accurately describe whether clear human activity is present. The human activities selected for this paper are those that 
persist over a period of time in the videos. In other words, mere momentary actions are not included in the data 
annotation as human activities. This study first filtered the original video scripts and selected 6 common activities in 
current human activity recognition research based on related words, such as water, cooking, food, etc. Since the 
original video data does not have clear human activity labels and unified paradigm for original video scripts, this study 
used ChatGPT to analyse the scripts of the selected videos, deriving corresponding human activities labels based on 
the video scripts, which were then used as training labels. This study also conducted human observations on each of 
them to ensure that the tags generated by ChatGPT were rigorous and correct. Finally, 6 types of human activities 
were selected for recognition, and 150 videos totally. Table 1 shows a frame from each video representing the activities 
as examples. The generated activity labels were subsequently checked for accuracy by one of the authors of this paper. 

Table 1. Examples of frames representing different activities. 

A frame from the video Scripts  Human activity 

 

The person gets distracted by 
their phone, and begins 
playing with it. 

Playing phone 

 

A person is seen grasping the 
food eating it. 

Eating food 

 

A person takes a broom from 
the corner and begins working 
on tidying up. 

Tidying up  
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A person is seen sitting down 
at a table. They begin pouring 
themselves some water. 

Pouring water 

 

A person is seen smiling and 
watching television. 

Watching 
television 

 

A person turns the light on 
over the stove and begins 
cooking. 

Cooking 

 
 
Once we have the final data, it is necessary to instantiate the humans, objects, and their relationships. As previously 

stated, graph data can store this type of data well and can be beneficial for subsequent modelling. Therefore, this study 
uses a scene graph generation algorithm based on the STTran [27]. This algorithm employs a faster R-CNN to identify 
objects in videos and uses a self-attention	mechanism to capture the relationships between frames of the video. 

The input X, which is represented by each frame,  𝑋𝑋	 ∈ 	𝑅𝑅(+×-)  which has 𝑁𝑁  entries of 𝐷𝐷  dimensions, is 
transformed into queries (𝑄𝑄	 = 	𝑋𝑋𝑋𝑋_𝑄𝑄,𝑊𝑊_𝑄𝑄			 ∈ 	𝑅𝑅(+×-_6))), keys (𝐾𝐾	 = 	𝑋𝑋𝑋𝑋_𝐾𝐾,𝑊𝑊_𝐾𝐾			 ∈ 𝑅𝑅(+×-_8))) and values 
(𝑉𝑉	 = 	𝑋𝑋𝑋𝑋_𝑉𝑉			,𝑊𝑊_𝑉𝑉			 ∈ 𝑅𝑅(+×-_:))  through linear transformations. 𝑊𝑊_𝑄𝑄,𝑊𝑊_𝐾𝐾,𝑊𝑊_𝑉𝑉  are trainable parameter 
matrices which add the input to get the 𝑄𝑄,𝐾𝐾, 𝑉𝑉. Every value will get through the attention defined by: 

     𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡	(𝑄𝑄, 𝐾𝐾, 𝑉𝑉) = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(FG
H

I-J
)      (1) 

The next step involves using Faster R-CNN to extract relationship representation for each frame in a given video 
at time t. The spatial information and semantic embeddings are formulated as: 

𝑥𝑥K8 	= 〈(𝑊𝑊M	𝑣𝑣KO,𝑊𝑊P	𝑣𝑣KO,𝑊𝑊QR	(𝑢𝑢K
OT 	⊕	𝑓𝑓VPW	(𝑏𝑏KO, 𝑏𝑏K

T))), 𝑠𝑠KO, 𝑠𝑠K
T〉	           (2) 

 
Where 〈. 〉 is concatenation operation, 𝜑𝜑 is flattening operation and ⊕ is addition. 𝑊𝑊M, 𝑊𝑊P, and 𝑊𝑊Q represent the 

linear matrices for dimension compression, 𝑢𝑢K
OT indicates the feature map of the union box, while	𝑓𝑓VPW is the function 

transforming the bounding boxes of subject and object to an entire feature. The semantic embedding vectors 𝑠𝑠KO, 𝑠𝑠K
T are 

determined by the object categories of subject and object. 
Finally, a spatial encoder, frame encoder and temporal decoder are used to generate the dynamic graph. The frame 

encoder concatenates every frame, while the temporal decoder classifies each frame and generates the scene graph: 
𝑋𝑋K
(\) = 		𝐴𝐴𝐴𝐴𝐴𝐴]\^._𝑄𝑄 = 𝐾𝐾 = 𝑉𝑉 =	𝑋𝑋K

(\`a)b           (3) 
 

Where 𝑋𝑋	K	is a single input after spatial encoding, and the queries 𝑄𝑄, keys 𝐾𝐾, values 𝑉𝑉 share the same input and output of 
n encoder layer. To be more specific, 𝑋𝑋K

(\) is the output of 𝑋𝑋K
(\`a) through the attention encoding. 

To capture the temporal dependencies between video frames, it employs a sliding window approach with a parameter 𝜂𝜂 
to batch the frames together. This method ensures that only adjacent frames interact, minimizing the inclusion of irrelevant 
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information. The contextualized representations [𝑋𝑋1, . . . , 𝑋𝑋𝑋𝑋	] and the 𝑖𝑖 − 𝑡𝑡ℎ	generated input batch is presented as: 
 

𝑍𝑍O 	= 	 [𝑋𝑋O, . . . , 𝑋𝑋Okl`a], 𝑖𝑖	 ∈ 	 {1, . . . , 𝑇𝑇	 − 	𝜂𝜂	 + 	1}           (4) 
 

 where	𝑇𝑇 is the video length. Similar to the encoder, the decoder consists of the self-attention layer	𝑄𝑄	 = 	𝐾𝐾	 = 	𝑍𝑍O 	+
	𝐸𝐸q	, 𝑉𝑉	 = 	𝑍𝑍O,	𝑍𝑍rs 	= 	𝐴𝐴𝐴𝐴𝐴𝐴t]^.(𝑄𝑄, 𝐾𝐾, 𝑉𝑉	), where 𝐸𝐸q is the frame encoding. 

4. Proposed method 

Based on the dataset obtained as described above, this paper proposes a framework for human activity recognition. 
Initially, the video is segmented into individual frames. In the second step, a scene graph generation algorithm is 
utilized to generate graph data, which is then converted into a graph data structure for storage. The third step involves 
re-embedding the generated data using a graph attention neural network. Subsequently, position encoding is applied 
to the new embeddings of each frame. Finally, an attention mechanism is employed to capture the relationships within 
the data, ultimately facilitating the recognition of human activities. Figure 1 shows the architecture of the human 
activity recognition framework.  

Fig.1. Human activity recognition architecture.  
  
After obtaining the graph data, the graph attention neural network is capable of learning about the nodes and edges, 

subsequently re-embedding them. The computational formulas for the nodes and edges are as follows. 
  

𝛼𝛼OT = 	
]Wvwx]y8z{]x|_y}⃗ H�€Å}}⃗ ‚||€Å}}⃗ „…b†

∑ ]Wvwx]y8z{]x|_y}⃗ H�€Å}}⃗ ‚||€Å}}⃗ J…b†J∈ˆ‚
                     (5) 

 

𝑒𝑒OT = 	
]Wvwx]y8z{]x|_V}⃗ H�€]⃗‚||€]⃗„…b†

∑ ]Wvwx]y8z{]x|_V}⃗ H[€]⃗‚||€]⃗J]b†J∈ˆ‚
             (6) 
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Where 𝑋𝑋	K	is a single input after spatial encoding, and the queries 𝑄𝑄, keys 𝐾𝐾, values 𝑉𝑉 share the same input and output of 
n encoder layer. To be more specific, 𝑋𝑋K

(\) is the output of 𝑋𝑋K
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To capture the temporal dependencies between video frames, it employs a sliding window approach with a parameter 𝜂𝜂 
to batch the frames together. This method ensures that only adjacent frames interact, minimizing the inclusion of irrelevant 
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4. Proposed method 

Based on the dataset obtained as described above, this paper proposes a framework for human activity recognition. 
Initially, the video is segmented into individual frames. In the second step, a scene graph generation algorithm is 
utilized to generate graph data, which is then converted into a graph data structure for storage. The third step involves 
re-embedding the generated data using a graph attention neural network. Subsequently, position encoding is applied 
to the new embeddings of each frame. Finally, an attention mechanism is employed to capture the relationships within 
the data, ultimately facilitating the recognition of human activities. Figure 1 shows the architecture of the human 
activity recognition framework.  

Fig.1. Human activity recognition architecture.  
  
After obtaining the graph data, the graph attention neural network is capable of learning about the nodes and edges, 

subsequently re-embedding them. The computational formulas for the nodes and edges are as follows. 
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where W is the training weight. || is used to denote a concatenation of two vectors.  𝑎𝑎	}}}⃗ 	𝑎𝑎𝑎𝑎𝑎𝑎	𝑏𝑏	}}}⃗ is used for transforming 
the size of vector. The attention coefficients are then normalized using a softmax function to ensure that they sum to 
one.	𝛼𝛼OT	𝑎𝑎𝑎𝑎𝑎𝑎	𝑒𝑒OT	are the new nodes and edges after computing.  

Since our graph data is a sequence of coherent frames, we need to connect them. As each frame is represented by a 
different vector in the spatial part, we use position encoding to encode each frame so that the algorithm can learn the 
temporal features. 

The self-attention mechanism operates by performing a scaled dot-product on the queries, keys, and values of all 
nodes. It then computes attention scores for each position by applying the SoftMax function to the compiled data. The 
attention is determined in the following manner: 

 
    𝐴𝐴(𝑄𝑄,𝐾𝐾, 𝑉𝑉) 	= 	𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 wF

‹GH

√t
†𝑉𝑉                       (7) 

Where the 𝑄𝑄 ∈ 	ℝŽè×t‚ê, 𝐾𝐾 ∈ 	ℝŽ‘×t‚ê, and 𝑑𝑑O\ is the input dimension. 𝑞𝑞O,	𝑘𝑘O,	𝑣𝑣O	represent the 𝑖𝑖KÅ row in 𝑄𝑄,𝐾𝐾, 𝑉𝑉, 
then the 𝑖𝑖KÅ query attention is:   

 
                                                 𝐴𝐴(𝑞𝑞O, 𝐾𝐾, 𝑉𝑉) = 	∑

8	(6‚,8‚)
∑ 8(6‚,8‚)”

𝑣𝑣T = 	∑ 𝑝𝑝_𝑘𝑘T|𝑞𝑞Ob𝑣𝑣T = 	𝐸𝐸v_8„|6‚b�𝑣𝑣T…TT               (8) 
 

Each frame has a q and k value, which is derived from the attention mechanism. Although dot multiplication is 
required for each frame, in reality, not every frame is important, so important frames need to be selected for dot 
multiplication to improve prediction accuracy and calculation efficiency. Query’s attention towards other keys is 
notated as a probability 𝑝𝑝_𝑘𝑘T|𝑞𝑞Ob. If the 𝑝𝑝_𝑘𝑘T|𝑞𝑞Ob more like the a

Ž‘
, it should be the element which can be ignored.  

 

𝐾𝐾𝐾𝐾(𝑞𝑞 ∥ 𝑝𝑝) = ln∑ 𝑒𝑒
™‚J”
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Iš‚ê −	 a
Ž‘
	∑

6‚G„
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−Ž‘

T›a 	𝑙𝑙𝑙𝑙𝑙𝑙G
Ž‘
T›a             (9) 

 
Dropping the constant, the i-th query’s sparsity measurement is:   
 

𝑀𝑀(𝑞𝑞O, 𝐾𝐾) = 	 ln∑ 𝑒𝑒
™‚J”

H
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Ž‘
T›a                      (10) 

 
The i-th query is the 𝑀𝑀(𝑞𝑞O, 𝐾𝐾), it should be the more important frame. 
We have the ProbSparse self-attention by allowing each key to only attend to the dominant queries: 
 

𝐴𝐴(𝑄𝑄,𝐾𝐾, 𝑉𝑉) 	= 	𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 wF
‹GH

√t
†𝑉𝑉                                  (11) 

 
where 𝑄𝑄	ž is a sparse matrix that matches the size of 𝑄𝑄 and it only includes the top-u queries as determined by the 

sparsity measure 𝑀𝑀(𝑞𝑞,𝐾𝐾).  
						𝑋𝑋TkaK = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐸𝐸𝐸𝐸𝐸𝐸(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶1𝑑𝑑(�𝑥𝑥TK…¢£)))               (12) 

 
where 𝑋𝑋TkaK  is the output of the multi-headed ProbSparse self-attention layer in this layer;	�𝑥𝑥TK…¢£ is the calculation 

result of the multi-headed ProbSparse self-attention layer in the previous layer; ELU is the activation function. 
For fast prediction, we put the input 𝑋𝑋t] into the decoder layer. 

𝑋𝑋t]K = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋KP8]\K , 𝑋𝑋¥K)                                 (13) 
 
For the decoder layer, where 𝑋𝑋¥ is a placeholder of the target to fill the values with zeros,	𝑋𝑋KP8]\	 is the start input 

which is same as the encoder layer.  A fully connected layer acquires the final output. Till now, the kernel of temporal 
part has been created. 
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5. Result  

We divide the data into 80% and 20% of samples for respectively the training and the testing sets. The loss function 
used is Cross-Entropy. The training and testing accuracies are shown in Figure 2. After 200 epochs of training, the 
accuracy can reach 0.86. 
 

Fig.2. Human activity recognition accuracy. 
 

Figure 3 presents the confusion matrix for the test set. We can see that for the test data, most of the classifications 
are accurate. But it must be mentioned that there are some reasons why some individual classifications are inaccurate.  

Fig.3. Human activity recognition confusion matrix. 
 

Eating food can be confused with pouring water and tidying up because the same objects and relationships between 
human and objects often appear in these activities. For example, in pouring water, the cup is an important feature, but 
in eating food, the cup is also an object that often appears with food, so the two can be confused to a certain extent. 
However, the relationship between people and objects is not exactly the same, especially in videos. During eating food 
activities, although people may glance at the cup or even touch the cup, most of the time it is interactions between 
human and food. The key relationships between people and objects during the whole duration of the videos is 
important for identifying the activities correctly. Therefore, the context-based human activity recognition proposed in 
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where W is the training weight. || is used to denote a concatenation of two vectors.  𝑎𝑎	}}}⃗ 	𝑎𝑎𝑎𝑎𝑎𝑎	𝑏𝑏	}}}⃗ is used for transforming 
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The i-th query is the 𝑀𝑀(𝑞𝑞O, 𝐾𝐾), it should be the more important frame. 
We have the ProbSparse self-attention by allowing each key to only attend to the dominant queries: 
 

𝐴𝐴(𝑄𝑄,𝐾𝐾, 𝑉𝑉) 	= 	𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 wF
‹GH

√t
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where 𝑄𝑄	ž is a sparse matrix that matches the size of 𝑄𝑄 and it only includes the top-u queries as determined by the 

sparsity measure 𝑀𝑀(𝑞𝑞,𝐾𝐾).  
						𝑋𝑋TkaK = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐸𝐸𝐸𝐸𝐸𝐸(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶1𝑑𝑑(�𝑥𝑥TK…¢£)))               (12) 

 
where 𝑋𝑋TkaK  is the output of the multi-headed ProbSparse self-attention layer in this layer;	�𝑥𝑥TK…¢£ is the calculation 

result of the multi-headed ProbSparse self-attention layer in the previous layer; ELU is the activation function. 
For fast prediction, we put the input 𝑋𝑋t] into the decoder layer. 

𝑋𝑋t]K = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋KP8]\K , 𝑋𝑋¥K)                                 (13) 
 
For the decoder layer, where 𝑋𝑋¥ is a placeholder of the target to fill the values with zeros,	𝑋𝑋KP8]\	 is the start input 

which is same as the encoder layer.  A fully connected layer acquires the final output. Till now, the kernel of temporal 
part has been created. 
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5. Result  

We divide the data into 80% and 20% of samples for respectively the training and the testing sets. The loss function 
used is Cross-Entropy. The training and testing accuracies are shown in Figure 2. After 200 epochs of training, the 
accuracy can reach 0.86. 
 

Fig.2. Human activity recognition accuracy. 
 

Figure 3 presents the confusion matrix for the test set. We can see that for the test data, most of the classifications 
are accurate. But it must be mentioned that there are some reasons why some individual classifications are inaccurate.  

Fig.3. Human activity recognition confusion matrix. 
 

Eating food can be confused with pouring water and tidying up because the same objects and relationships between 
human and objects often appear in these activities. For example, in pouring water, the cup is an important feature, but 
in eating food, the cup is also an object that often appears with food, so the two can be confused to a certain extent. 
However, the relationship between people and objects is not exactly the same, especially in videos. During eating food 
activities, although people may glance at the cup or even touch the cup, most of the time it is interactions between 
human and food. The key relationships between people and objects during the whole duration of the videos is 
important for identifying the activities correctly. Therefore, the context-based human activity recognition proposed in 
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this study is effective in eliminating ambiguity. Especially for similar scenes with the same object features, the 
contextual relationship is that special feature. 

The analysis clearly demonstrates that the cooking activity is correctly identified in all videos. This accuracy is 
primarily due to the activity being closely associated with the stove, which is the central object used in cooking. This 
focus on the stove aids in disambiguating the activity, despite the presence of other objects like cups in the kitchen. 
In scenarios where the human is looking at the stove, it is a significant indicator of cooking activity.  

To demonstrate the superior performance of our algorithm, we conducted comparative analyses with two leading 
algorithms currently used for spatial-temporal graph data. The results, presented in Table 2, clearly show that our 
algorithm outperforms the others. 

Table 2. Comparison of results. 

Algorithms Loss value Accuracy 

Spatial temporal GAT 1.64 0.76 

Spatial temporal GCN 2.1 0.80 

Our algorithm 1.7 0.86 

 
This model focuses on extracting temporal and spatial features. In addition, it learns the contextual relationship 
between people and objects, along with the characteristics of dynamic images in consecutive frames of the video. 
Finally, the attention mechanism in this model can better re-embed the features to learn their importance, thereby 
achieving higher accuracy. 
 

6. Conclusion 

This paper primarily investigates human activity recognition based on contextual relationships. Although there are 
numerous methods for recognizing human activities, such as those based on sensors and computer vision, these often 
overlook the significance of context. Currently, no publicly available datasets adequately store the relationships 
between people and surrounding objects. Consequently, this study initially selected videos with clearly labelled human 
activities from public sources to generate graph-structured data, which effectively determines the relationships 
between people and objects. This has led to the creation of a new graph dataset for human activity recognition. 
Furthermore, this research introduces a new framework architecture for human activity recognition. The results 
indicate that recognizing human activities, with an integration of context, achieves high accuracy and also performs 
well in disambiguation. 

Effective reasoning and Interpretability can be achieved based on graph structures and this model. For future 
development, there is potential to collect more data to improve performance across a broader range of activity 
classifications. As the amount of data increases, including more types of human activities will make the model more 
generalizable. The real-time monitoring and further need for disambiguation that comes with that may be the next 
challenge. In addition, for outdoor human activities, there may be more complex context relationships and objects, 
which is also a challenge for future research. 
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this study is effective in eliminating ambiguity. Especially for similar scenes with the same object features, the 
contextual relationship is that special feature. 

The analysis clearly demonstrates that the cooking activity is correctly identified in all videos. This accuracy is 
primarily due to the activity being closely associated with the stove, which is the central object used in cooking. This 
focus on the stove aids in disambiguating the activity, despite the presence of other objects like cups in the kitchen. 
In scenarios where the human is looking at the stove, it is a significant indicator of cooking activity.  

To demonstrate the superior performance of our algorithm, we conducted comparative analyses with two leading 
algorithms currently used for spatial-temporal graph data. The results, presented in Table 2, clearly show that our 
algorithm outperforms the others. 

Table 2. Comparison of results. 

Algorithms Loss value Accuracy 

Spatial temporal GAT 1.64 0.76 

Spatial temporal GCN 2.1 0.80 

Our algorithm 1.7 0.86 

 
This model focuses on extracting temporal and spatial features. In addition, it learns the contextual relationship 
between people and objects, along with the characteristics of dynamic images in consecutive frames of the video. 
Finally, the attention mechanism in this model can better re-embed the features to learn their importance, thereby 
achieving higher accuracy. 
 

6. Conclusion 

This paper primarily investigates human activity recognition based on contextual relationships. Although there are 
numerous methods for recognizing human activities, such as those based on sensors and computer vision, these often 
overlook the significance of context. Currently, no publicly available datasets adequately store the relationships 
between people and surrounding objects. Consequently, this study initially selected videos with clearly labelled human 
activities from public sources to generate graph-structured data, which effectively determines the relationships 
between people and objects. This has led to the creation of a new graph dataset for human activity recognition. 
Furthermore, this research introduces a new framework architecture for human activity recognition. The results 
indicate that recognizing human activities, with an integration of context, achieves high accuracy and also performs 
well in disambiguation. 

Effective reasoning and Interpretability can be achieved based on graph structures and this model. For future 
development, there is potential to collect more data to improve performance across a broader range of activity 
classifications. As the amount of data increases, including more types of human activities will make the model more 
generalizable. The real-time monitoring and further need for disambiguation that comes with that may be the next 
challenge. In addition, for outdoor human activities, there may be more complex context relationships and objects, 
which is also a challenge for future research. 
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