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Abstract: Human activity recognition (HAR) is a challenging computer vision problem that

requires recognizing and categorizing human actions using spatiotemporal data. In recent years,

ConvLSTM has shown distinctive advances in manipulating spatiotemporal data. ConvLSTM-

based architectures, as any deep learning architecture, require deciding on many hyperparameters

apart from trainable weights. State-of-the-art designs for general purpose datasets already exist,

but specific purpose applications require architecture designs that perform well on application-

dependent datasets. The design of such architectures requires either many trials and errors, which

consume time and resources, or an experienced architect. Neural architecture search (NAS) meth-

ods have been introduced to automate the design process and address the challenge of relying

on expert knowledge when creating neural architectures. NAS enables rapid prototyping and

experimentation, reducing the time spent on trial and error in manual design. One of the leading

approaches in NAS is Genetic Algorithm (GA), which plays a significant role in optimizing neu-

ral architectures. In this paper, a novel GA-based approach is proposed to automatically design

ConvLSTM-based architectures from scratch for HAR applications. Our approach is based on

multi-objective GA that maximizes recognition accuracy and minimizes the number of trainable

parameters and overfitting measure. The experiments are held on KTH, Weizmann, and UCF

Sports datasets. The best classification accuracies from the generated models are 97.92%, 96.77%,

and 94.87% for KTH, Weizmann, and UCF Sports datasets, respectively. The experimental results

show that the automatically generated models with the proposed approach outperform some of the

state-of-the-art manually designed ConvLSTM-based architectures with percentages up to 9.92%,

5.77% and 23.64% for KTH, Weizmann, and UCF Sports, respectively. We also compared our

approach with other NAS approaches. Our approach is found to outperform some of the introduced

approaches with percentages approximately 2%, 11%, and 4% for KTH, Weizmann, and UCF

Sports, respectively.
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1 Introduction

Human activity recognition (HAR) is the problem of recognizing the actions done by
one person or a group of people. HAR based on spatiotemporal data is a crucial task
in video understanding [Wang and Schmid 2013]. It is a core component in many real-
life applications, including surveillance systems [Jahlan and Elrefaei 2021], medical
applications [Kaya and Kuncan 2022], industrial processes [Kumar et al. 2024], and
entertainment applications [Heravi et al 2024]. Solving the HAR problem faces many
challenges like data acquisition, input data representation and preprocessing, complexity
of actions, and techniques to manipulate the data [Arshad et al. 2022]. Deep learning
approaches are widely used in solving the HAR problem.

While new architectures continuously emerge, ConvLSTM-based architectures have
distinctive performance in learning and analyzing spatiotemporal data [Ding et al. 2023,
Yuan et al. 2018, Wang et al. 2018, Lin et al. 2020]. Their ability to capture both spa-
tial and temporal dependencies simultaneously makes them valuable tools. However,
designing these architectures requires deciding on many parameters, so it needs hu-
man experience and a lot of computation time [Jaafra et al. 2019]. Neural architecture
search (NAS) approaches are proposed to automate the design process and overcome
the experience problem in designing neural architectures. NAS allows rapid prototyp-
ing and experimentation which make up for trial-and-error time required by manual
design [Elsken et al. 2019]. Among these approaches is Genetic Algorithm (GA). GA is
a prominent method in NAS [Elsken et al. 2019].

ConvLSTM-based architectures are particularly important in solving HAR [White
et al. 2023]. Based on existing ConvLSTM generation approaches, the generation meth-
ods primarily focus on tuning and adjusting parameters of existing architectures [Vrskova
et al. 2021], integrating notable existing architectures [Houreh et al. 2021], or creating
architectures for a specific type of operation and then stacking these types together
[Jahlan and Elrefaei 2021]. We were motivated to propose a solution that generates a
ConvLSTM-based architecture from scratch while optimizing specific parameters to
suit application dependent datasets. Additionally, the proposed approach allows inte-
grating various architectures, including residual and inception architectures. Building
ConvLSTM-based architectures from scratch, not restricted by predefined structures,
allows exploring a wider range of solutions with the potential of finding an optimal
solution.

In this paper, we present an approach to automatically design ConvLSTM-based
architectures using GA to solve the HAR problem. Our approach uses the following
layers as the basic building blocks of the architecture: ConvLSTM, Residual ConvLSTM,
Inception ConvLSTM, and Residual Inception ConvLSTM layers [Khater et al. 2022].
Our approach proposes and uses a new multi-objective fitness function to evaluate each
generated architecture. The objective function maximizes recognition accuracy and
minimizes the number of trainable parameters and overfitting measure [Pavlitskaya et al.
2022] (difference between training and validation set accuracies).

The novelty of our work is introducing a new multi-objective function and using
Residual Inception ConvLSTM layer, along with ConvLSTM, Residual ConvLSTM,
and Inception ConvLSTM to automatically design an architecture from scratch to solve
the HAR problem.

Our approach is trained and tested against KTH,Weizmann, and UCF Sports datasets.
The classification accuracies yielded from the best-generated models are 97.92%, 96.77%,
and 94.87% for KTH, Weizmann, and UCF Sports datasets, respectively. Also, our ap-
proach is tested against some of the state-of-the-art architectures. The proposed approach
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is found to outperform some of these architectures with percentages up to 9.92%, 5.77%
and 23.64% for KTH, Weizmann, and UCF Sports, respectively. Our approach outper-
forms some of the introduced NAS approaches with percentages of approximately 2%,
11%, and 4% for KTH, Weizmann, and UCF Sports, respectively.

2 Literature Review

Our proposed approach addresses solving HAR using NAS. In this section, we present a
quick review of different approaches used to solve HAR. We also provide an overview
on NAS methods.

2.1 HARApproaches

In general, there are sensor-based HAR approaches [Kuncan et al. 2022, Tuncer et al.
2020] and vision-based HAR approaches. In our work, we focus more on vision-based
approaches. We classify the presented HAR approaches from three different perspectives.

The first perspective is the feature extraction process. Feature extraction is done
either manually or automatically using a learning method. Manual feature extraction may
use body parts, moving object, or a hybrid between these features [Jalal et al. 2012, Jalal
et al. 2015, Kumar and John 2016, Niu andAbdel-Mottaleb 2004, Althloothi et al. 2014].
Examples of manually extracted features are 3D Harris space-time interest point detector,
3D Scale-Invariant Feature Transform (3DSIFT) descriptor [Nazir et al. 2018], and Gray
Level Co-Occurrence Matrix (GLCM) [Kuncan et al. 2022]. These features can then be
arranged for each sequence of frames as a multidimensional feature to train a model like
a support vector machine (SVM) model or an artificial neural network (ANN). On the
other hand, automatic feature learning can be done using famous deep learning methods
like CNN [Khaire et al. 2018], RNN [Qi et al. 2018], CNN-RNN [Singh and Singhal
2023], R-CNN [Liu et al. 2021], ANN [Kuncan et al. 2019], GNN [Jlidi et al. 2024],
and ConvLSTM [Khater et al. 2022], or using non-deep learning methods like dictionary
learning [De et al. 2017] or Bayesian networks [Wang and Ji 2012].

The second perspective is how the features are represented. Features can be defined
to preserve spatial, temporal, dimensional, and color information. This famous represen-
tation uses a sampled frame sequence as the input to the model. In this representation,
the pixel values in each frame are considered the features. Other approaches flatten the
features, losing their spatial information, as in Bag of Features method [Aly and Sayed
2019]. Other feature representations are used, such as Silhouette representation, where
only the object of interest is outlined in the frame [Ramya and Rajeswari 2021]. Bit map
feature representation is also used to encode the movement of the object of interest in a
sequence of frames [Arunnehru et al. 2018]. Binary input representation is also one type
of the used representations.

The third perspective is the supervision level. HAR approaches can be supervised,
semi-supervised, or unsupervised. Supervised learning approaches require the presence
of large labelled datasets [Han et al. 2018, Zhang et al. 2018]. In case the datasets are
not big enough, some augmentation techniques are proposed to overcome the overfitting
problem arising from the absence of massive datasets [Han et al. 2018]. On the contrary,
unsupervised learning is used when labeled datasets are unavailable. Discriminative
features are learned from unlabeled data. [Abdelbaky and Aly 2021] and [Haddad et al.
2021] are examples of research proposed to solve the HAR problem based on unsuper-
vised learning. Semi-supervised learning combines the benefits of both supervised and
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unsupervised learning. Semi-supervised can learn visual features form labelled data, and
learn hidden non-visual features [Singh et al. 2021, Jing et al. 2021].

2.2 NASApproaches

NAS is one of the most widely explored topics in machine learning. Many interesting
research work and approaches are frequently introduced in this topic [Salehin et al. 2024].
In this subsection, we present a quick review of NAS approaches from the following
aspects: search space, search strategy, and candidate architecture evaluation.Additionally,
we provide a more detailed review of the use of GA in NAS. Also, we highlight the most
significant steps towards ConvLSTM-based architectures automatic generation.

The first aspect is the different search spaces. The search space can be defined by
some parameters such as the maximum number of layers, the possible types of each layer,
and the possible hyperparameters of each layer (e.g., the number of filters and kernel
size) [Elsken et al. 2019]. Some search spaces incorporate skip connections [O’Neill
et al. 2021], multi-branch [Ahn and Cho 2021, El Assal et al. 2023], or inception blocks,
which give some complexity to the architecture. This type of search space is called
global search space [Kang et al. 2023]. Global search space describes an architecture as
a directed acyclic graph. Building an architecture requires finding a series of operators
[Cai et al. 2023]. The NAS space can also be described as a sequence of neural network
predefined building blocks or units, also known as cell-based search space [Kang et al.
2023]. Cell-based search space is based on reusing successful neural network structures
or blocks to optimize new architectures [Tu et al. 2023, Liu et al. 2021]. Some research
studies impose restrictions on different parameters of the explored search space, e.g., in
[Xie and Yuille 2017], the authors proposed a fixed length network representation. Also,
autoencoders are proposed to extract a more meaningful representation of the neural
network under assessment [Tang et al. 2020].

The second aspect is the different search strategies that automatically search for an
artificial neural network in the designated search space. The most common strategies
used to automatically generate an artificial neural network are:

– Evolutionary algorithms [Miikkulainen et al. 2019, Tirumala et al. 2016, Shang et al.
2022, David and Greental 2014, Lu et al. 2023]: Evolutionary algorithms imitate
nature to find an optimal architecture. A lot of research is done on this point. In [Liu
et al. 2018], authors proposed a sequential model-based optimization method that
combines evolutionary algorithm and reinforcement learning method. In [O’Neill
et al. 2021], the authors suggested using evolutionary algorithm to explore the Dense
net structure with various skip connections. Also, in [Xie and Yuille 2017], Xie and
Yuille proposed a CNN search approach that uses GA. In [Ishwarya and Nithya
2023], Ishwarya and Alice Nithya proposed a method for human pose estimation
using squirrel search optimization (SSO) technique applied on CNN.

– Traditional learning: This approach includes supervised learning, semi-supervised
learning, unsupervised learning, and reinforcement learning. In [Li et al. 2020], the
authors used supervised learning to modularize the NAS search space to ensure the
proper training of all candidate architectures to get a correct candidate evaluation.
In [Luo et al. 2020], the authors proposed an approach that uses a minimized set
of architecture-accuracy pairs to train an initial architecture accuracy predictor and
expands the predictor with generated data pairs. Other literature used variations of
semi-supervised learning approaches [Li et al. 2021, Kaplan andGiryes 2020, Ducros
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2023], and very little work is done using unsupervised learning [Xue et al. 2021].
[Zoph and Le 2016, Jaafra et al. 2019, Hsu et al. 2018] explored reinforcement
learning to solve NAS problem. In [Hsu et al. 2018], the authors proposed a multi-
objective reinforcement approach to automatically search for high-performance
neural network architectures. The approach optimizes both prediction accuracy and
energy consumption.

– Transfer learning: Transfer learning improves the learning process by reusing knowl-
edge gained while solving a related problem [Torrey and Shavlik 2010]. In [Lu et al.
2021], transfer learning is combined with multi-objective evolutionary search to
automatically generate custom models that compete with state-of-the-art models.

– Meta learning: Meta learning dynamically improves its bias by accumulating meta-
knowledge [Vilalta and Drissi 2002]. Much work explored this approach in NAS
[Lian et al. 2019, Wang et al. 2020, Elsken et al. 2020].

– Bayesian optimization: Bayesian optimization is one of the most promising methods
in NAS after being a real success in hyperparameter optimization [White et al.
2021, Shen et al. 2023, Nandagopal et al. 2023].

– Many other techniques are examined to solve this problem, for e.g., one-shot method,
this method is still not very effective on large datasets [Guo et al. 2020], but still, it
compresses lengthy training process by parameter sharing across different candidate
solutions. Remarkable research is done using this method [Dong andYang 2019, Zela
et al. 2020, Shi et al. 2020]. Also, fusion methods have a share in NAS research
work [Tran et al. 2021, Peng et al. 2020].

The last aspect is the objective function on which an architecture is elected as a better
solution. Different approaches are used to evaluate the generated architectures. Many
research studies use recognition accuracy to assess the network [Wang et al. 2021, Zhao
et al. 2021]. Some work uses multi-objective functions that optimize different objectives,
e.g., energy, number of floating-point operations per second, number of parameters,
latency, and recognition accuracy [Lu et al. 2023, Hsu et al. 2018, Liu et al. 2023, El
Assal et al. 2023]. More complex assessment approaches have been suggested. In [Tang
et al. 2020], Tang et al. proposed a semi-supervised predictor to assess the performance
of each neural network. [Shang et al. 2022] used an evaluation correction technique
that helps isolate poorly performing architectures from mating with other promising
architectures. In [Zheng et al. 2020], authors proposed a minimum importance pruning
technique so that less promising solutions are pruned to reserve more computational
resources for more important ones.

Since our proposed approach leverages GA to address NAS, we provide a compre-
hensive review of existing work in this area. The following are the most remarkable
studies done to solve NAS problem using GA. Some approaches relied on proposing
novel fitness functions. In [Thanh et al. 2024], the authors proposed a hardware-aware
NAS approach. The approach considers latency of the candidate architecture in the
filtering process. In [Liang et al. 2024], the authors proposed a multi-objective GA-based
approach that optimizes both accuracy and size of the generated CNN-based architecture.
In [Lu et al. 2019], the authors proposed a fitness function that minimizes both error
metric and number of floating-point operations, representing computational complexity.
The proposed approach was applied on image classification. Other approaches tackled
the computational costs in evaluating a neural architecture. In [Lin and Tsai 2024], Lin
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and Tsai proposed a training-free fitness function. The training-free fitness function is
used to evaluate a model or its outputs without requiring the model to undergo training.
The function evaluates the generated architectures based on the number of architecture
parameters and the number of CNN layers. Some of the proposed GA approaches rely on
the novelty of the chromosome representation. The chromosome representation plays a
crucial role in shaping the efficiency and effectiveness of the proposed approach. In [Wen
et al. 2022], the authors proposed a fixed length encoding approach to be utilized by GA
to generate variable depth VGG-based architectures. The approach was applied on image
classification. In [Ghosh and Jana 2020], the authors used GA to automatically design a
feed forward network to solve image classification. Each chromosome is represented as
four parameters defining the generated architecture. These parameters are the number of
hidden layers, the number of neurons per hidden layer, the activation function, and the
network error optimization technique.

Given that our proposed approach automatically generates ConvLSTM-based archi-
tectures, we provide an in-depth review of relevant work in this domain. The following
part of the review explores key steps towards ConvLSTM automatic generation, offering
context for the relevance and effectiveness of our method. Some approaches target explor-
ing different layers configurations. In [Jahlan and Elrefaei 2021], the authors proposed
an approach to recognize human violence in spatiotemporal data. The authors used a
CNN-based architecture search approach to find the best layers configuration to extract
spatial features. The authors suggested aggregating the generated CNN-based architecture
with a ConvLSTM layer to capture both spatial and temporal features. Some approaches
rely on tuning critical hyperparameters, including number of layers or learning rate. In
[Vrskova et al. 2021], the authors proposed a hyperparameter tuning approach to tune
ConvLSTM-based architectures. The approach tunes parameters like filter size, number
of filters, batch size, number of epochs, and training optimization algorithm. Some ap-
proaches utilize existing architectures to automatically generate suitable architecture for
a particular problem. In [Houreh et al. 2021], the authors proposed an approach that uses
GA to generate a U-Net architecture by combining the most relevant U-Net architectures.
The proposed approach was used in segmenting retinal blood vessels.

In general, the proposed ConvLSTM-based architecture generation approaches rely
mainly on tuning architecture parameters, combining existing remarkable architectures,
or generating architectures composed of a single type of operation and stacking multiple
instances of this operation together [Jahlan and Elrefaei 2021, Vrskova et al. 2021, Houreh
et al. 2021]. Our approach tackles this gap in research. Our proposed approach builds
ConvLSTM-based architectures from scratch, not restricted by predefined structures.
Also, the proposed approach incorporates different architectures, residual and inception
architectures. The proposed approach allows exploring a wider range of solutions that
increases the likelihood of discovering an optimal solution.

3 Generated Model Building Blocks

This section briefly illustrates the basic building blocks used in the generated architecture.
The basic building blocks are ConvLSTM [Shi et al. 2015], Residual ConvLSTM [Wei
et al. 2018], Inception ConvLSTM [Song et al. 2018], andResidual Inception ConvLSTM
[Khater et al. 2022].

ConvLSTM architecture was first introduced by X. Shi et al. in [Shi et al. 2015]. It
uses the recurrent nature of the LSTM unit to manipulate spatiotemporal data by applying
convolution operations to perform state-to-state and state-to-output transformations.
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Fig. 1 shows the unfolded structure of ConvLSTM layer labelled with its main tensors:
input tensor X1, …, Xt, cell current state tensor C1, …, Ct, and hidden state tensor,
also referred to as cell output tensor, H1, …, Ht. State-to-state and state-to-output
transformations are illustrated by ConvLSTM fundamental equations, shown in 1-5,
given that it, ft and ot are 3D tensors and the basic operations are: (i) nonlinear activation
function ‘σ’, (ii) convolution operator ‘∗’, and (iii) Hadamard product ‘◦’. Each grid cell
value is calculated using the current input and the current neighboring cells values.

Residual ConvLSTMArchitecture was introduced to incorporate residual concept [He
et al. 2016] with ConvLSTM. Residual blocks are motivated by the vanishing gradient
problem. In the backpropagation method, theoretically, as the architecture goes deeper,
the model ability to learn a more complex function increases. But, in practice, as the
model goes deeper, the gradients become vanishingly small and no more learning takes
place. A residual block uses shortcuts to skip two or three layers. These shortcuts help
with the vanishing gradient problem by reusing activations from previous layers until
adjacent layers adjust their values. Fig. 2 shows Residual ConvLSTM layer.

Inception ConvLSTMArchitecture combines both inception [Szegedy et al. 2015]
and ConvLSTM concepts. Inception uses repeated components to extract features at
different scales, then these features are combined to construct a more general block for
object recognition. Fig. 3 shows Inception ConvLSTM layer.

Residual Inception ConvLSTMArchitecture aggregates the three concepts of residual,
inception, and ConvLSTM. Fig. 4 shows Residual Inception ConvLSTM layer.

it = σ(Wxi ∗Xt +Whi ∗Ht−1 +Wci ◦ Ct−1 + bi) (1)

ft = σ(Wxf ∗Xt +Whf ∗Ht−1 +Wcf ◦ Ct−1 + bf ) (2)

Ct = ft ◦ Ct−1 + it ◦ tanh(Wxc ∗Xt +Whc ∗Ht−1 + bc) (3)

ot = σ(Wxo ∗Xt +Who ∗Ht−1 +Wco ◦ Ct + bo) (4)

Ht = ot ◦ tanh(Ct) (5)

Ht+1& Ct+1

Ht& Ct

Ht−1& Ct−1

Xt+1

Xt

Figure 1: ConvLSTM unfolded Structure.
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F (X)
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Figure 2: Residual ConvLSTM Architecture.
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Figure 3: Inception ConvLSTM architecture.

4 Proposed Approach

In this section, we discuss the details of the proposed approach. Our approach is a
ConvLSTM-based architecture search using multi-objective GA. The proposed approach
automatically designs an architecture using a combination of four basic building blocks:
ConvLSTM, Residual ConvLSTM, Inception ConvLSTM, and Residual Inception Con-
vLSTM.

The algorithm searches for an architecture with the following parameters: i) number
of layers, ii) layer types, iii) filters number, and iv) kernel sizes for each layer. Our
approach uses a multi-objective fitness function to evaluate each architecture. The multi-
objective functionmaximizes recognition accuracy andminimizes the number of trainable
parameters and overfitting measure [Pavlitskaya et al. 2022]. The following subsections
describe the used GA chromosome representation and initialization, GA operators, and
the proposed fitness function.
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Figure 4: Residual Inception ConvLSTM architecture.

4.1 Chromosome representation and initialization

Each architecture is encoded in the chromosome as a string of genes, with each gene
representing a single basic building block.Agene structure encapsulates the basic building
block type. In case of ConvLSTM or Residual ConvLSTM building blocks, the gene
structure also includes the number of filters and the kernel size. The chromosome,
representing the generated architecture to be trained, is initialized using the following
characteristics:

1. Number of layers, the number of genes in a chromosome, is between 2 and 15 layers.
As the number of layers increases, the trainable parameters increase drastically.
Therefore, we decided on limiting the number of generated layers to 15 layers due
to computational restrictions and based on state-of-the-art architectures depth [Yang
et al. 2017, Yin et al. 2021].

2. The type of each layer is ConvLSTM, Residual ConvLSTM, Inception ConvLSTM,
or Residual Inception ConvLSTM.

3. For ConvLSTM and Residual ConvLSTM layers, batch normalization and activation
layers are subsequently applied.

4. For Inception ConvLSTM and Residual Inception ConvLSTM layers, layer structures
are shown in Fig. 3 and Fig. 4.

5. In the initialized architecture, layers are configured as follows:

– The first layer is always a ConvLSTM layer. This layer is added to adjust the
number of input channels for the following layers.
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– The following layers are initialized with probabilities according to their depth.
Early layers are designed to be less complex [Szegedy et al. 2015] with proba-
bilities 0.5, 0.2, 0.2, and 0.1; for ConvLSTM, Residual ConvLSTM, Inception
ConvLSTM, and Residual Inception ConvLSTM, respectively.

– Higher layers are designed to be more complex [Szegedy et al. 2015] with prob-
abilities 0.1, 0.3, 0.3, and 0.3; for ConvLSTM, Residual ConvLSTM, Inception
ConvLSTM, and Residual Inception ConvLSTM, respectively.

6. ConvLSTM and Residual ConvLSTM layers are initialized with one of the following
number of filters: 16, 32, 64, 96, or 128, and kernel sizes (2, 2), (3, 3), (4, 4), or (5,
5).

7. Maxpooling layers are added randomly in-between layers.

8. Each architecture must have at least one non-linear activation layer.

9. Each architecture ends with a fully connected layer.

4.2 Algorithm Operators

4.2.1 Crossover Operator

In our approach, we use single point crossover, as illustrated in Fig. 5, where a single point
is picked in each chromosome and two new chromosomes are created by exchanging
the genetic material with crossover probability Pcr. If any of the generated chromo-
somes violates the chromosome structure, the chromosome is adjusted according to the
chromosome description mentioned in Section 4.1.

4.2.2 Mutation operator

In our approach, we use single point mutation, as illustrated in Fig. 6, where each gene,
layer, is subject to mutation with probability Pm. When a gene is selected to be mutated,
a new layer is randomly generated to replace the old one.

4.2.3 Selection operator

In our approach, we use roulette selection. The probability of selecting a chromosome is
proportional to its calculated multi-objective fitness. Although local minima problem
may arise from using roulette selection method, but the results analysis invalidates this
problem in our case.

4.2.4 Proposed Fitness Function

Each chromosome is evaluated by constructing the architecture, that maps to the chromo-
some, then training the constructed architecture. The model is then assessed using a test
set, different from the training and validation sets. Each model is evaluated according
to a multi-objective fitness function. The multi-objective fitness function depends on
three factors: recognition accuracy, the number of trainable parameters, and the standard
overfitting measure [Pavlitskaya et al. 2022]. The function maximizes the recognition ac-
curacy on the test set. The function minimizes the number of trainable parameters and the
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ConvLSTM Residual ConvLSTM ConvLSTM Residual ConvLSTM ConvLSTM

ConvLSTM ConvLSTM Residual ConvLSTM ResIncConvLSTM ConvLSTM ConvLSTM

Crossoverpoints

ConvLSTM Residual ConvLSTM ConvLSTM Residual ConvLSTM ResIncConvLSTM ConvLSTM ConvLSTM

ConvLSTM ConvLSTM Residual ConvLSTM ConvLSTM

Figure 5: Crossover Operator.

Mutate

ConvLSTM ConvLSTM Residual ConvLSTM Inception ConvLSTM ConvLSTM ConvLSTM

ConvLSTM ConvLSTM Residual ConvLSTM ResIncConvLSTM ConvLSTM ConvLSTM

Figure 6:Mutation Operator.

standard overfitting measure. The standard overfitting measure is the difference between
training and validation set accuracies, as illustrated in Eq. 6, where, Ptrain_accuracy

and Pval_accuracy are the training and validation recognition accuracies, respectively.
Although overfitting measure has its limitations, which are:

1. There is no guarantee that the validation set is representative of unseen data. It may
not describe the underlying data distribution.

2. This measure gives false estimation when comparing different architectures trained
using various datasets.
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To overcome the limitation of overfitting measure:

1. The validation set is randomly picked from the dataset.

2. Also, we use the same predefined dataset splits to compare different architectures.

The multi-objective fitness, F , can be seen in Eq. 7, where, Ptest_accuracy is test recogni-
tion accuracy, Rtp is the ratio between the number of trainable parameters of the current
solution and the maximum allowed number of trainable parameters of the generated
solutions, and Roverfitting is overfitting measure. In case that overfitting measure is
zero, the chromosome is assigned the highest fitness value; this usually happens when
validation accuracy approaches 100%.

Roverfitting = |Ptrain_accuracy − Pval_accuracy| (6)

F =
Ptest_accuracy

Rtp ∗Roverfitting
(7)

5 Experimental Results

This section describes and discusses the conducted experiments to evaluate our approach.
The section is organized as follows. Section 5.1 gives a brief description of the datasets
used in the experiments. Section 5.2 describes the experiments conducted and presents
the results, along with a discussion of these results. Section 5.3 compares our approach
with some state-of-the-art architectures.

5.1 Datasets

We trained and tested our approach against the following datasets: KTH, Weizmann, and
UCF Sports datasets.

KTH is a public dataset. It consists of six actions. The actions are performed by
25 actors, each actor performs the six actions in four separate videos. The actions are
running, jumping, clapping, walking, two-handwaving, and skipping. The dataset consists
of 600 videos with resolution (160 x 120) pixels. The average video length is 4 s.
Fig. 7 shows sample frames of KTH dataset, as an illustration. Weizmann is a public
dataset that consists of 10 actions. The actions are performed by nine actors. The actions
are walking, running, jumping, gallop sideways, bending, one-hand waving, two-hand
waving, jumping in place, jumping jacks, and skipping. The dataset consists of 90 videos
with resolution (80 x 144) pixels. The average video length is 1.5 s. Fig. 8 shows sample
frames of Weizmann dataset, as an illustration.

UCF Sports is a public dataset of 13 actions, collected from different sports featured
on television. These actions are diving, golf swing (back, front, and side), kicking (side
and front), lifting, horseback riding, running, skateboarding, swing (bench and side),
and walking. The dataset consists of 150 videos with resolution (720 x 480) pixels. The
minimum and maximum number of videos per class are six and 22, respectively. The
average, maximum, and minimum video lengths are 6.39 s, 2.2 s, and 14.4 s, respectively.
Fig. 9 shows sample frames of UCF Sports dataset, as an illustration.

Table 1 shows a brief description of KTH, Weizmann, and UCF Sports datasets.
In our experiments, the evaluation of each model uses the train-test split method, 90%

- 10%. Train split encapsulates both training and validation sets. Each video is sampled
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into 20 frames and resized into (50 x 50) pixels. For KTH, we convert the frames into
gray scale. KTH dataset is grouped by actions, and each split has videos performed by
the same actors. For Weizmann, we use multiple samples per video for better training.
During GA epochs, each architecture is evaluated using the train-test split method.

Figure 7: Examples from KTH dataset

Figure 8: Examples from Weizmann dataset

Dataset Number Number Average Resolution

of actions of videos video length

KTH 6 600 4s 160 x 120

Weizmann 10 90 1.5s 180 x 144

UCF Sports 13 150 6.39s 720 x 480

Table 1: KTH, Weizmann, and UCF Sports Brief Description

5.2 Experiments

The experiments are held on a system with the following specs: NVIDIAA100 Tensor
Core GPU with 80 Gigabyte High-bandwidth memory 2nd generation with GPUmemory
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Figure 9: Examples from UCF Sports dataset

Parameters Datasets Proposed GA Standard

Approach Approach

Recognition Accuracy KTH 97.92% 95.83%

Weizmann 96.77% 100%

UCF Sports 94.87% 92.31%

Number of Trainable Parameters KTH 2,545,830 3,685,510

Weizmann 4,594,794 20,739,594

UCF Sports 3,798,445 6,404,429

Overfitting Measure KTH 0.0135 0.0417

UCF Sports 0.0336 0.0718

Table 2: Comparison between best performing architectures of the proposed approach
and GA standard approach for KTH, Weizmann, and UCF Sports datasets.

bandwidth of over 2TB/s. Our work is based on the following experiments: Examining
our approach, GA using the proposed multi-objective fitness function, and comparing
the results with GA standard approach, GA with recognition accuracy as the fitness
function [Ijjina and Chalavadi 2016], refined with insights from [Houreh et al. 2021].
The experiments are held on the datasets mentioned in Section 5.1. The experiments
yielded the following statistics.

In our approach, 20% of the generated architectures achieved more than 92%, 91.5%,
and 90% recognition accuracy for KTH,Weizmann, andUCFSports datasets, respectively.
Also, the generated architectures in the final population achieved average recognition
accuracy of 90.885%, 90.32%, and 84.616%, and worst recognition accuracy of 79.17%,
64.52%, and 61.54%, for KTH, Weizmann, and UCF Sports datasets, respectively.

Table 2 compares the results of the best performing architectures among both our
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proposed approach and GA standard approach for KTH, Weizmann, and UCF Sports
datasets. The table compares the best-performing architectures in terms of recognition
accuracy, the number of trainable parameters, and overfitting measure.

For KTH dataset, the conducted experiments yielded recognition accuracy of 97.92%,
for our proposed approach, and 95.83%, for the standard approach, which show an
increase in recognition accuracy with approximately 2% for our proposed approach.Also,
the results show that the proposed approach yielded an architecture with fewer trainable
parameters. The numbers of trainable parameters for the generated architectures are
2,545,830, for our approach, vs. 3,685,510, for the standard approach, with a reduction
percentage of 30%. The results show an overfitting measure of 0.0135, for the proposed
approach, and 0.0417, for the standard approach.

For UCF Sports dataset, the experiments resulted in recognition accuracy of 94.87%,
for our proposed approach, and 92.31%, for the standard approach. The results show an
increase in recognition accuracy by 2.56% for our proposed approach. Also, the results
show that the proposed approach yielded an architecture with fewer trainable parameters.
The numbers of trainable parameters for the generated architectures are 3,798,44, for our
approach, vs. 6,404,429, for the standard approach, with reduction percentage of 40%.
Also, the results show an overfitting measure of 0.0336, for the proposed approach, and
0.0718, for the standard approach.

For Weizmann dataset, the experiments show accuracy of 96.77%, for our proposed
approach, and 100%, for the standard approach. In the proposed approach, the misclas-
sifications are only in the skip action test cases. Some of the skip action test cases are
classified as run and jump actions. The resemblance between these three actions can be
seen in Fig. 8, the actors are moving quickly showing their sideview with one or both legs
not touching the ground. But still, the results show that the proposed approach yielded
an architecture with fewer trainable parameters. The numbers of trainable parameters
for the generated architectures are 4,594,794, for our approach, vs. 20,739,594, for the
standard approach.

Fig. 10, Fig. 11, and Fig. 12 show the best performing generated architectures elected
from the last epoch. The figures are labelled with the layer types, kernel sizes, number
of filters, input, and output.

The results show that the proposed approach generated architectures that yielded
higher recognition accuracy, along with fewer trainable parameters, and less overfitting
measure for both KTH and UCF Sports datasets. For Weizmann dataset, the gener-
ated architecture yielded less recognition accuracy, yet comparable. Also, our approach
generated an architecture with substantially fewer trainable parameters for Weizmann
dataset.

At early GA epochs, models generated from population chromosomes are trained for
20 epochs. The number of training epochs increases with the number of GA epochs till
each model is trained for 80 epochs. Models generated from chromosomes in the same
GA epoch are evaluated based on training for the same number of epochs.

5.3 Comparison with existing approaches and state-of-the-art architectures

In this section, we compare our GA-based generated architectures with some of the
existing approaches and state-of-the-art architectures. We use recognition accuracy as
the comparison metric because it serves as a reliable measure for evaluating the per-
formance of various approaches. The comparison is illustrated in Table 3. We compare
our approach with SVM method [Schuldt et al. 2004], conventional CNN architecture,
RNN architecture, two stream CNN architecture, squirrel search optimization technique,
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Figure 10: KTH Generated Architecture.
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Figure 11:Weizmann Generated Architecture.

and hyperparameters optimization technique. When compared using KTH dataset, our
approach is found to outperform [Rao et al. 2023, El Assal et al. 2023, Singh and Singhal
2023, Jaoudedi et al. 2020, Schuldt et al. 2004]. Also, our approach shows compara-
ble performance when compared with [Mahmoud et al. 2022, Liu et al. 2021]. When
compared using Weizmann dataset, our approach is found to outperform [Singh and
Singhal 2023, Schuldt et al. 2004]. Also, our approach shows comparable performance
when compared with [Rao et al. 2023, Mahmoud et al. 2022, Liu et al. 2021]. When
compared using UCF Sports dataset, our approach is found to outperform [El Assal et al.
2023, Nandagopal et al. 2023, Ishwarya and Nithya 2023, Jaoudedi et al. 2020, Schuldt
et al. 2004].
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Figure 12: UCF Sports Generated Architecture.

Reference Method Year KTH
Acc.
(%)

Weiz.
Acc.
(%)

UCF
Sports
Acc.
(%)

Rao et al. [Rao et al.
2023]

CNN with
Silhouette repre-
sentation

2023 95.6% 98% -

El-Assal et al. [El As-
sal et al. 2023]

Two Stream CNN 2023 64.97% - 71.23%

Singh and Singhal
[Singh and Singhal
2023]

CNN+RNN 2023 88% 91% -

Nandagopal et al.
[Nandagopal et al.
2023]

Hyperparameter
Optimization

2023 - - 85.44%

Ishwarya and Alice
Nithya [Ishwarya and
Nithya 2023]

SSO 2023 - - 91.2%

Mahmoud et al. [Mah-
moud et al. 2022]

DNN 2022 97.5
%

98.7% -

Liu et al. [Liu et al.
2021]

Two Stream Net-
work with Faster
R-CNN

2021 98.83% 99.10% -

Jaouedi et al.
[Jaoudedi et al.
2020]

Hybrid Deep
Learning

2020 96.30% - 89.01%

Schuldt et al. [Schuldt
et al. 2004]

SVM 2004 95.17% 91.11% 78%

Ijjina and Chalavadi
2016 [Ijjina and
Chalavadi 2016]
Houreh et al. 2021
[Houreh et al. 2021]

Standard GAwith
ConvLSTM layer

2021 95.83% 100% 92.31%

Proposed approach Multi-objective
GA

2023 97.92% 96.77% 94.87%

Table 3: Comparison with Existing Approaches and State-of-the-art Architectures.
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6 Conclusions and Future Work

In this paper, we addressed the HAR problem by proposing a NAS approach. Our
method automatically designs ConvLSTM-based architectures from scratch using a
multi-objective GA that maximizes recognition accuracy, and minimizes the number of
trainable parameters and overfitting measure, using ConvLSTM, Residual ConvLSTM,
Inception ConvLSTM, andResidual Inception ConvLSTM layers as basic building blocks.
We demonstrated the effectiveness of our method by achieving recognition accuracies of
97.92%, 96.77%, and 94.87% on KTH,Weizmann, and UCF Sports datasets, respectively,
outperforming state-of-the-art HAR solutions by up to 9.92%, 5.77%, and 23.64%.
Additionally, our method surpassed some existing NAS approaches with improvements
of approximately 2%, 11%, and 4% for KTH, Weizmann, and UCF Sports, respectively.
Our approach addresses key research gaps by generating ConvLSTM-based architectures
from scratch, rather than refining existing models, allowing for greater flexibility in
identifying optimal designs. Moreover, it tailors the optimization process to specific
datasets and offers flexibility through the integration of various layer architecture types,
enhancing its adaptability to diverse tasks.

Although our work shows robust and promising results, certain limitations provide
opportunities for improvement. While we proposed exploring different layer types in
ConvLSTM-based architecture generation, our study may still be constrained by the
specific types of layers used. Adding more layer types could have a significant impact
without requiring much additional effort. Another key limitation is the time-consuming
nature of NAS, especially during the early stages of training and evaluating each candidate
architecture. The resource-intensive process points to the potential for optimizing resource
allocation through a training-free objective function. In the future, several directions can
be explored to enhance the scope and impact of our approach. Expanding the architectural
search space by experimenting with a wider variety of layer types and testing the approach
on additional HAR datasets would improve its robustness and adaptability. Another
promising avenue involves the use of a training-free objective function during the initial
stages of training, followed by our proposed fitness function, to optimize resource
usage. Refining the multi-objective function further could also enhance the precision
and effectiveness of the search process. Additionally, for domain-specific applications,
integrating state-of-the-art architectures as initial chromosomes alongside randomly
initialized ones would leverage existing high-performing models while maintaining
flexibility, broadening the applicability without restricting it to known designs. Lastly,
while validated on HAR, the method could be extended to other NAS tasks, such as
speech recognition and semantic segmentation, increasing its potential across different
domains.
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