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1 Computer Engineering Department, İstanbul Commerce University, Istanbul 34840, Turkey;
aboyaci@ticaret.edu.tr
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Abstract: This study introduces a privacy-preserving approach for the real-time action detection
in intelligent vehicles using a federated learning (FL)-based temporal recurrent network (TRN).
This approach enables edge devices to independently train models, enhancing data privacy and
scalability by eliminating central data consolidation. Our FL-based TRN effectively captures temporal
dependencies, anticipating future actions with high precision. Extensive testing on the Honda
HDD and TVSeries datasets demonstrated robust performance in centralized and decentralized
settings, with competitive mean average precision (mAP) scores. The experimental results highlighted
that our FL-based TRN achieved an mAP of 40.0% in decentralized settings, closely matching the
40.1% in centralized configurations. Notably, the model excelled in detecting complex driving
maneuvers, with mAPs of 80.7% for intersection passing and 78.1% for right turns. These outcomes
affirm the model’s accuracy in action localization and identification. The system showed significant
scalability and adaptability, maintaining robust performance across increased client device counts.
The integration of a temporal decoder enabled predictions of future actions up to 2 s ahead, enhancing
the responsiveness. Our research advances intelligent vehicle technology, promoting safety and
efficiency while maintaining strict privacy standards.

Keywords: data privacy; real-time action detection; intelligent vehicles; federated learning

1. Introduction

In a rapidly evolving digital landscape, the demand for real-time action detection has
become increasingly critical across various domains, including surveillance, autonomous
vehicles, and human–computer interaction. Online action detection, the process of iden-
tifying and localizing actions in streaming video data, is pivotal in enabling responsive
and adaptive systems. However, this task is challenging, particularly in terms of privacy
preservation and scalability.

The traditional approaches to online action detection often involve centralized data
collection and model training [1–10]. While effective, these methods raise concerns about
data privacy and communication efficiency as they require the consolidation of sensitive
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information in a central repository [11]. Moreover, as the scale of data generation grows,
centralized solutions face limitations in scalability [12].

To address these challenges, we propose an innovative approach that combines feder-
ated learning (FL) with a temporal recurrent network (TRN) [3] tailored for online action
detection. FL enables distributed edge devices to collaboratively train action detection mod-
els while preserving the confidentiality of their data [13]. This approach enhances data privacy
and alleviates scalability issues by enabling edge devices to independently train their models
on localized data sources, such as driving videos and bus sensor information [14].

Our federated TRN model is designed to capture the temporal dependencies inherent
in video data, making it well-suited for real-time action detection. It processes sequential
frames from video streams, analyzing how actions evolve over time. A critical feature of
our TRN is its ability to anticipate future actions, effectively predicting actions up to 2 s into
the future. This anticipation is achieved through a temporal decoder that learns feature
representations and integrates the predicted future actions with historical evidence.

This paper presents the architecture and methodology of our FL-based TRN for online
action detection. We provide the experimental results, demonstrating the competitive
performance of our model on the Honda HDD dataset [15] and TVSeries dataset in both
centralized and decentralized settings. Moreover, we discuss the advantages of our ap-
proach, including data privacy, scalability, and adaptability. Therefore, in this study, the
contributions are threefold. Firstly, we introduce a novel FL-based TRN for online action
detection, showcasing its efficacy in capturing temporal dependencies and predicting fu-
ture actions. Secondly, our proposed approach achieves a competitive performance, as
evidenced by the impressive mean average precision (mAP) scores on the Honda HDD
dataset. Lastly, our methodology emphasizes data privacy, scalability, and adaptability,
ensuring its applicability in diverse real-world settings.

Our privacy-preserving model enables real-time action detection in intelligent vehicles
without sharing raw data, safeguarding user privacy. The model enhances the performance
and robustness by integrating federated learning with temporal recurrent networks, ensur-
ing better generalization across diverse driving environments. This approach significantly
advances intelligent vehicle technology, promoting safety and efficiency while maintaining
privacy standards.

In our research endeavor, we have employed widely used algorithms, namely the
Federated Mean, Federated Median, and Federated Proxy, formally referred to as the
Federated Proximity Optimization Algorithm.

The rest of this paper is organized as follows: Section 2 reviews the related work in
the fields of online action detection and federated learning. Section 3 provides a detailed
description of our methodology, including the architecture of the TRN and the integration
of FL. Section 4 outlines our experimental setup, including the datasets and evaluation
metrics. Section 5 presents our experimental results. Section 6 includes a discussion and
conclusion. Finally, Section 7 offers future directions, highlights the significance of our
FL-based approach in the context of online action detection, and explores potential avenues
for future research.

2. Related Work

In this section, our objective is to furnish a comprehensive survey and synthesis of the
current state of the scholarly investigations in terms of online action detection and federated
learning. By meticulously examining the extant literature, we aim to encapsulate the
diverse spectrum of research contributions, methodologies, and advancements within these
fields. This overview offers readers a nuanced understanding of the existing knowledge
landscape, setting the stage for the subsequent in-depth discussions and analyses within
the broader discourse.
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2.1. Online Action Detection

Given a real-time video stream encompassing one or more actions, we aim to discern
the actions of interest manifesting in each video frame. Diverging from the conventional
approaches and assuming the simultaneous availability of the entire video sequence, the
online action detection problem necessitates the immediate processing of each frame upon
its arrival, devoid of access to future information. Formally, we aim to infer, for each frame
It within an image sequence, a probability distribution pt = [p0

t , p1
t , p2

t , . . . , pK
t ] spanning K

potential actions. This estimation relies solely on the information from past and current
frames, denoted as f (I1, I2, . . . , It), wherein pt

0 signifies the probability of the “background”
scenario where no action is transpiring.

Online action detection is a rapidly evolving field focusing on real-time action recogni-
tion and localization in video streams. The traditional methods in this domain often rely on
handcrafted features and models that process each frame independently, which may limit
their ability to capture temporal dependencies. Recent advancements have witnessed the
adoption of deep learning techniques, including Convolutional Neural Networks (CNNs) [16]
and Recurrent Neural Networks (RNNs) [17], to improve the action detection accuracy.

The notable approaches include the use of two-stream networks that combine spatial
and temporal information as well as Temporal Convolutional Networks (TCNs) designed
to capture long-range dependencies in video data [18]. These methods have demonstrated
impressive results in action recognition tasks.

A substantial amount of studies in the literature are devoted to action and activ-
ity recognition in various types and uses of videos. Consumer videos [19], surveillance
videos [20], and first-person videos taken using body-worn cameras [21–23] are exam-
ples. The previous works in the literature are based on handcrafted visual characteris-
tics like HOG [24], HOF [24], and MBH [25], as well as motion features like enhanced
dense trajectories [26]. Deep convolutional networks have mostly been used in the re-
cent approaches. Simonyan and Zisserman [27], for example, suggested a two-stream
convolutional network that accepts RGB frames as well as optical streams as input [28].
Others, such as Tran et al. [29] and Carreira et al. [30], eschew precomputing the optical
flow and instead use 3D convolution to learn end-to-end time information. To record time
and motion information [31], Recurrent Neural Networks (RNN) such as long short-term
memory (LSTM) [32] and gated recurrent units (GRUs) [33] have frequently been used [34].
However, most of these methods are designed for cut-and-paste videos and may not be
immediately relevant to long video sequences with multiple actions and backgrounds.

2.2. Federated Learning in Computer Vision

Federated learning (FL) has gained prominence in various fields, including computer
vision, for its privacy-preserving ability and distributed model training. In the context
of computer vision, FL has been applied to object detection, image classification, and
video analysis.

Recent studies have explored FL-based techniques for collaborative model training
across distributed cameras in surveillance systems, preserving data privacy while improv-
ing object recognition [35,36]. Additionally, FL has been employed in multimodal settings,
where sensors from different devices contribute to a unified model, enhancing the accuracy
of action recognition [37].

The conceptualization of a driver activity recognition (DAR) model incorporating a
federated learning (FL) approach has been introduced. The inherent complexity of driver
activity recognition mandates nuanced differentiation among various actions, compelling
the utilization of diverse training data from multiple sources. The innovative FL-based DAR
model addresses the imperatives of data privacy preservation and the security concerns
often associated with centralized configurations and establishes its efficacy by showcasing
competitive performance in centralized and decentralized settings, as substantiated in [38].

Accurate and Privacy-Preserving Person Localization Using Federated Learning and
the Camera Surveillance Systems of Public Places is proposed [39]. In contrast to the
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prevailing methodologies reliant on the Euclidean distance measurements of embedding
vectors storing facial features for person location, the proposed approach employs a more
accurate strategy by training a machine learning model. Additionally, a federated learning
technique is employed to mitigate the potential of compromising sensitive information
associated with sharing images of visitors in public places for model training. This ensures
the computation of the model in a privacy-preserving manner.

The Federated Few-Shot Learning framework, FedFSLAR, was designed to enhance
video-based action recognition by combining federated learning with few-shot learning.
This approach addresses the challenges of limited annotated data and model biases in FL
clients, leveraging 3D CNNs within a meta-learning paradigm to capture the temporal cor-
relations in video frames more effectively. The experimental results on benchmark datasets
demonstrate that FedFSLAR significantly improves the action recognition performance
under non-IID data conditions, showcasing the potential of integrating pre-trained feature
backbones with federated learning for few-shot learning tasks [40].

The Federated Skeleton-based Action Recognition (FSAR) paradigm serves to address
the privacy concerns and training instability in skeleton-based action recognition. By incor-
porating an Adaptive Topology Structure (ATS) and Multi-grain Knowledge Distillation
(MKD), FSAR effectively separates generalization and personalization, enabling stable and
privacy-preserving model training across heterogeneous human topology graphs. Exten-
sive experiments show that FSAR outperforms the existing FL-based methods, achieving
comparable performance while protecting user privacy [41].

2.3. Challenges and Opportunities

While the existing research has made significant strides in online action detection
and federated learning, there remain several challenges and opportunities. The privacy
preservation in FL remains a critical concern, particularly in scenarios involving video data
from edge devices. Moreover, achieving efficient model updates and communication in FL
for real-time applications is an ongoing research area.

Given the constrained computational resources inherent to vehicular edge devices,
efficient model development is imperative. Federated learning (FL) facilitates collaborative
model development among data parties to address this challenge. FL operates by preserv-
ing data privacy and minimizing the communication requirements, presenting a viable
strategy to surmount the computational constraints in the context of vehicular edge devices.

Our work addresses these challenges by proposing a novel FL-based temporal recur-
rent network (TRN) for online action detection. By adapting TRN for FL and integrating
predictive capabilities, we provide a versatile and privacy-conscious solution for real-time
action detection across distributed edge devices.

3. Methodology

Within this section, we present an elaborate elucidation of our chosen methodology,
directing particular attention to the instantiation of the federated learning (FL)-based
temporal recurrent network (TRN) for the purpose of online action detection. We intend
to provide readers with a comprehensive understanding of the intricacies involved in
implementing and integrating FL principles within the temporal context, as encapsulated
by the TRN framework. This entails a detailed exploration of the components, processes,
and rationale underlying our chosen approach, thereby fostering clarity and insight into
the methodological underpinnings of our study.

3.1. Architecture of FL-Based TRN

Our approach leverages FL to collaboratively train action detection models across
distributed edge devices while preserving data privacy. The architecture of our FL-based
TRN consists of the following key components:

Temporal Recurrent Network (TRN): TRN is designed to capture temporal depen-
dencies within video data, as shown in Figure 1. It recurrently processes sequential frames,
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enabling it to analyze how actions evolve over time. This is achieved through recurrent layers
and long short-term memory (LSTM) [32], which maintains past frames’ memory and features.

Feature Extractor

ImageSensor

TRNCell

Feature Extractor TRNCell

Feature Extractor TRNCell

.

.

.

.

.

.

Figure 1. Temporal recurrent network.

Our TRN network architecture incorporates specialized cells featuring a temporal
decoder, a future gate, and a spatiotemporal accumulator (STA), as illustrated in Figure 2.
LSTM was used as a backbone of STA and the temporal decoder. The temporal decoder is
designed to acquire a feature representation and forecast forthcoming actions within a given
sequence. The future gate functions by accepting a set of concealed states from the decoder
and incorporates these attributes into the future context, as shown in Algorithm 1. The
STA mechanism plays a crucial role in this context as it assimilates spatiotemporal features
derived from historical, present, and anticipated future data. The STA model is proficient
in assessing the action taking place in the present frame by integrating information across
various temporal dimensions.

STA
RNNCell

FC

Dec
RNNCell

Dec
RNNCell

+

Current Future

FC

FC

Dec
RNNCell

FC

Figure 2. The TRN cell.

The TRN model functions sequentially to anticipate forthcoming actions and their
associated hidden states across a defined number of time steps (l̃d). The evolving states of
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the decoder at each time step after t are denoted as h̃0
t , h̃1

t , . . . , h̃ld
t . Initialization involves

an all-zero input at the initial time step. Subsequently, the decoder incorporates predicted
action scores (r̃i−1

t ) in later time steps, embedding these scores using a linear transformer.

Algorithm 1: Workflow of a TRN Cell
Input: Image feature xt and previous hidden state ht−1
Output: Probabilities pt and current hidden state ht

1 Initialization: h̃−1
t ← ht−1 embedded by an FC layer;

2 r̃−1
t ← all zeros;

3 for i = 0 to ld do
4 Update h̃t

i using r̃i−1
t and h̃i−1

t ;
5 Compute f i

t and p̃i
t using h̃i

t;
6 Update r̃i

t using p̃i
t;

7 end

8 Compute future context features x̃t using Equation (1);
9 Update ht with STA(ht−1, [xt, x̃t]);

10 Compute pt using Equation (2);

The future gate module captures the feature representation of forthcoming context
by extracting hidden states from the decoder and performing a computational operation,
typically involving an average pooling operator followed by a fully connected (FC) layer.
More specifically, the feature representing future context (x̃t) is computed through the
averaging and embedding of the hidden state vector (h̃t) derived from all decoder steps.
This process ensures the nuanced integration of future contextual information within the
model architecture.

x̃t = ReLU
(

WT
f AvgPool(h̃t) + b f

)
(1)

The spatiotemporal accumulator (STA) amalgamates the preceding hidden state (ht−1),
the image feature (xt), and the forecasted future feature (x̃t). It adapts its hidden states (ht)
and calculates a distribution across potential actions using a softmax activation function:

pt = softmax
(

WT
c ht + bc

)
(2)

Here, Wc and bc are parameters of the FC layer used for action classification.
The TRN model generates predictions not solely for the present frame (t) but extends

its forecasting horizon to encompass the subsequent d time steps. In the pursuit of concur-
rently optimizing online action detection and prediction tasks, the model integrates the
accumulator and decoder losses throughout the training process. This concerted approach
during training facilitates the amalgamation of detection and prediction objectives, con-
tributing to the holistic enhancement of the model’s performance. The loss function for one
input sequence is a combination of the loss for the predicted actions at the current time step
and the losses for the predicted actions at the next d time steps:

∑
t
(loss(pt, lt) + α

ld

∑
i=0

loss( p̃i
t, lt+i)) (3)

At this specific juncture, p̃i
t signifies the predicted action probabilities generated by

the decoder for step i subsequent to time t, while lt denotes the actual ground truth.
The expression loss designates the cross-entropy loss, and α serves as a scaling factor.
The network undergoes optimization through offline training, leveraging labels for both
the present and future frames. In the testing phase, the model utilizes forecasted future
information without direct access to the actual future frames, characterizing it as an online



Electronics 2024, 13, 2820 7 of 19

model. The optimization objective minimizes the discrepancy between predicted and actual
action probabilities, as governed by the cross-entropy loss term.

Integration of FL: FL is seamlessly integrated into the TRN model. Each edge device
with video data locally trains its TRN model, capturing temporal patterns and actions.
Periodically, a central server aggregates these local model updates, creating a global TRN
model that benefits from the collective knowledge of all devices, as shown in Figure 3. This
decentralized approach preserves data privacy and enhances model accuracy.

Global Model

ΔW1 ΔW2 ΔWn

Figure 3. Federated learning on intelligent vehicles.

3.2. Data Preprocessing and Model Training

We perform data preprocessing steps to prepare the data for training, including frame
extraction, resizing, and feature extraction. We extract relevant features from each frame to
feed into the TRN model.

Three different federated learning types have been implemented, namely Federated
Mean Aggregation, Federated Median Aggregation, as shown in Algorithm 2, and Fed-
Prox [42], illustrated in Algorithm 3. We have implemented the identical algorithm for
Federated Mean Aggregation, with the only distinction lying in the aggregation method,
where the mean is employed as the primary metric.

Algorithm 2: Federated Learning with Median-based Aggregation
Input: Server, Client devices C1, C2, . . . , CN
Output: Improved global model M′

1 Initialization: Initialize M with random weights on the server;
2 for each communication round t = 1, 2, . . . , T do
3 foreach client Ci do
4 Client Ci:
5 Sample a random subset of local data Di;
6 Compute the local update ∆Mi on Ci using Di and M;

// Which means, Each Client (Ci) uses Global Model(M) weights
and local data(Di) for training itself.

7 ; Share ∆Mi with the server;
8 end
9 Server:

10 Aggregate client updates M′ ← Median(∆M1, ∆M2, . . . , ∆MN);
11 Update the global model: M← M′;
12 end
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Algorithm 3: FedProx Algorithm
Input: Central model, Clients
Output: Updated central model

1 Initialize central model;
2 Distribute the model to all clients;
3 for each iteration do
4 Collect updated models from all clients;
5 Update the central model using FedProx;
6 Distribute the updated central model to all clients;
7 end

8 FedProx Model Update:

Input: Central model, Local models from clients
Output: Updated central model

9 Initialize global_weights as zeros;
10 for each client do
11 Train local model with local data;
12 Get updated weights from local model;
13 Add local weights to global_weights;
14 end
15 Average global_weights;
16 Calculate proximal term ∆ as
17 ∆ = central model− global_weights;
18 Update central model using FedProx as
19 central model = central model− α · ∆;

The data were distributed randomly among client devices. The subsequent results
section will include detailed model parameters and a discussion of outcomes.

For the model’s training, each edge device independently conducts training on its
localized data using the temporal recurrent network (TRN) model. This localized dataset
comprises sequences of video frames annotated with corresponding action labels. The train-
ing process encompasses optimizing model parameters, including those of the temporal
decoder, employing the Adam optimizer.

3.3. Future Action Performance

We further assess the capacity for action anticipation, forecasting the subsequent
action in a given sequence. Our findings indicate comparable performance in terms of
mAP compared to the existing state-of-the-art methods in this context, notwithstanding
that anticipation does not constitute the primary emphasis of our current investigation.

Our FL-based TRN excels in anticipating future actions, a critical capability for real-
time action detection. By considering historical patterns and predicted future actions, the
model enhances its accuracy in recognizing actions as they unfold. The temporal decoder
and spatiotemporal accumulator (STA) play a crucial role in this anticipation, extracting
spatiotemporal features and integrating future predictions seamlessly into the detection process.

This architecture and methodology enable our FL-based TRN to excel in online action
detection while addressing privacy concerns and ensuring scalability.

4. Experimental Setup

Proceeding to discuss the experimental setup, we present a comprehensive depiction
of the experimental configuration employed to assess the efficacy and performance of our
temporal recurrent network (TRN) for online action detection. This encompasses a detailed
delineation of the configuration, including the hardware and software components, the
intricacies of the dataset employed for training and evaluation, as well as the specific
parameters and methodologies utilized throughout the experimentation process. The
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objective is to offer the readers a thorough understanding of the conditions under which
the federated learning (FL)-based TRN model is evaluated, thereby enhancing transparency
and facilitating the interpretation of the subsequent results and analyses.

4.1. Datasets

We conducted our experiments using the Honda HDD and TVSeries datasets, as
shown in Figures 4 and 5, widely recognized benchmark datasets for action detection. The
datasets include a diverse range of action classes and real-world scenarios, making them
suitable for evaluating the robustness and accuracy of our FL-based approach.

Figure 4. Sample images from Honda dataset.

The Honda HDD dataset contains video sequences captured from multiple cameras
in various environments, providing challenges such as different lighting conditions, oc-
clusions, and complex background scenes. We used a subset of the dataset for training
and testing, ensuring a balanced distribution of action classes. The datasets are distributed
across the clients to ensure that each client receives an equal number of action events for
each action. In federated learning, the use of independently and identically distributed
(IID) data across clients ensures uniformity in training, leading to more consistent and
reliable model performance. When data are non-IID, clients possess data with varying
distributions, resulting in significant disparities in local updates. This lack of homogeneity
in data distribution causes the aggregated global model to perform poorly as it struggles to
generalize across the diverse local data environments [43].

The HDD dataset comprises 137 driving sessions conducted in the San Francisco Bay
Area. It includes frame-level annotations for 11 distinct goal-oriented actions, along with
non-visual sensor readings.
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Figure 5. Sample images from TvSeries dataset.

The dataset was used for training and testing. We used 100 sessions for training
and and 37 sessions for testing, which is consistent with previous works [3,15]. Random
splitting of the dataset disrupts the temporal flow. For this reason, datasets are compiled
on a session basis.

The TVSeries dataset represents a substantial and authentic collection intended for
action detection tasks, characterized by its large scale and realism. Comprising 16 h of
footage extracted from six contemporary television series, it offers a diverse and com-
prehensive corpus for analysis. The dataset encompasses thirty distinct action classes,
each meticulously annotated with precise temporal markers indicating the commencement
and cessation of the actions. Furthermore, accompanying metadata enrich the dataset by
furnishing supplementary information on various contextual factors, including instances
featuring a solitary individual, occurrences of occlusion, or partial coverage of the action.
Such detailed annotations enable researchers to scrutinize methodological performance
across a spectrum of challenging scenarios, thereby enhancing the evaluative capabilities of
action detection methodologies [7].

4.2. Training and Testing Protocols

To evaluate the performance of our FL-based TRN, we employed a standard train-
ing and testing protocol. The dataset was divided into training and testing sets, with a
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73/27 split. This enabled us to assess the model’s ability to generalize to unseen data while
ensuring sufficient training samples.

Each edge device independently trained its TRN model using its localized training
data for training. Training iterations and batch sizes were consistent across all devices to
maintain fairness in model convergence. The central server aggregated local model updates
after a predefined number of training iterations.

The testing phase involved evaluating the models on the held-out testing data. We
measured performance metrics, including mean average precision (mAP), to assess the
accuracy of action detection and localization. Additionally, we recorded execution times to
evaluate the real-time capabilities of our FL-based TRN.

4.3. Hardware and Software Configuration

The experiments were conducted on a single computer equipped with a dedicated
GPU to accelerate model training and inference. The computer specs are an i5 13400F CPU,
NVIDIA 3060Ti GPU, and 32 GB System Memory. We used Python (v3.9) and popular deep
learning libraries, including TensorFlow (v2.10) and PyTorch (v2.0), for model development
and implementation. Federated learning was facilitated using the numpy library and
PyTorch for secure and privacy-preserving model updates.

InceptionResnet-V2 [44] pre-trained on ImageNet [45] is used for extracting features
of each frame.

The computer is used to simulate a central server and clients. The central server
responsible for model aggregation has ample storage and computational resources to
efficiently handle the incoming updates from edge devices.

4.4. Metrics

To evaluate the performance of our FL-based TRN, we employed the following metrics:
Mean Average Precision (mAP): This metric assesses the accuracy of action detection and

localization. It provides a measure of how well our model identifies actions in video sequences.
The mean average precision (mAP) is calculated as

mAP =
1
N

N

∑
k=1

APk (4)

where

N: The total number of classes or categories;
APk: Average Precision for class or category k.

Execution Time: We recorded the time taken for our FL-based TRN to process video
frames and generate action predictions in real-time scenarios. This metric quantifies the
model’s efficiency and suitability for online applications.

4.5. Experimental Design

To extract features, firstly, frames were extracted from the videos at a rate of 3 frames
per second. This frame rate was chosen to balance computational efficiency with cap-
turing important visual information. Each extracted frame went through a series of pre-
processing steps to ensure consistency and improve the performance of the pre-trained
InceptionResnet-V2 model. Preprocessing steps involved resizing each frame to a fixed
resolution of 299× 299 pixels, which was the input size required by the InceptionResnet-V2
model. Next, the pre-processed frames were fed into the pre-trained InceptionResnet-V2
model to extract high-level feature representations. Details of these features and the specific
layers from which they were extracted are described below.

Utilizing the identical configuration as detailed in Ref. [3,15], we initiated the process
by sampling video frames and values from Controller Area Network (CAN) bus sensors at
a rate of 3 frames per second (fps). The Conv2d_7b_1×1 layer within the InceptionResnet-
V2 [44] architecture, pre-trained on ImageNet [45], yields the visual features for each frame.



Electronics 2024, 13, 2820 12 of 19

An additional 1 × 1 convolutional operation was applied to retain spatial information,
reducing the frame features from 8 × 8 × 1536 to 8 × 8 × 20 and flattening them into
1200-dimensional vectors. Concurrently, raw sensor numeric representation underwent
processing through a fully connected layer, producing 20-dimensional outputs. The visual
and sensor features obtained were concatenated to create a multimodal representation for
every video frame. Adhering to the methodology outlined in [15], we designated the input
sequence length (l) as 90. The number of decoder steps (ld) is regarded as a hyperparameter,
subject to cross-validation in experimentation, whose (ld) value is evaluated in Figure 6.
The temporal decoder and the Spatiotemporal Accumulator (STA) employ 2000 dimensions
for their hidden units. These are proposed in [15]; also, evaluation results are shown in
Figure 7. The constant α was selected at a value of 1.0 in Equation (3).

0 2 4 6 8 10 12 14 16 18 20 22
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m
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P
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Figure 6. Selecting the ld in terms of best mAP using HDD dataset.
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Figure 7. Selecting the hidden units of the temporal decoder size in terms of best mAP using HDD dataset.

For TVseries Dataset: In alignment with established methodology as outlined in
prior literature [15], the configuration parameters employed for experimentation adhere
to the standardized settings utilized in the analysis of the TVSeries dataset. Videos are
sampled at a frame rate of 24 frames per second, with each video chunk comprising a
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duration of 6 s. Decision-making processes are conducted at the level of video chunks,
thereby facilitating performance evaluation at intervals of 0:25 s. Feature extraction utilizes
two distinct methodologies: VGG-16 and two-stream (TS) CNN. Specifically, VGG-16
features are extracted from the fc6 layer of the central frame within each chunk, while
two-stream features integrate appearance features derived from the Flatten 673 layer of
ResNet-200 and motion features extracted from the global pool layer of BN-Inception.
The concatenation of these appearance and motion features yields the two-stream feature
representation. le is the input sequence length constrained to 64. Consistent with previous
research benchmarks [15], the number of decoder steps (ld) is fixed at 8, corresponding to a
temporal span of 2 s. The hidden units of both the temporal decoder and the Spatiotemporal
Attention (STA) mechanism are configured to possess dimensions of 4096, maintaining
fidelity to established conventions within the field.

The selection of parameters outlined herein is grounded in meticulously considering
prior research endeavors that have demonstrated noteworthy performance [3,15]. The
deliberate choice of these parameters is motivated by achieving comparability with estab-
lished benchmarks set by exemplary works in the field. By aligning our experimental setup
with configurations proven to yield favorable outcomes in previous studies, we aim to
facilitate a meaningful and rigorous comparison of our results with those reported in the
existing literature. This strategic alignment ensures our findings’ contextual relevance and
contributes to our experimental framework’s robustness.

The network weights were learned using the Adam optimizer, and data augmentation
involved randomly chopping off frames and dividing the video into non-overlapping train-
ing samples. Model parameters were selected as mentioned via TRN implementation [3]
with a learning rate 0.0005, ld 2 s (6 frames in HDD dataset), weight decay 0.0005, and batch
size 32 for decentralized learning approaches. A value of 8 was used for federated learning
approaches, and the epoch value was 21.

The number of clients was selected as 4 due to the lack of data and computing power.
The proposed FL model was evaluated with different client sizes from 2 to 4. The central
model updated its weights in each epoch.

5. Results

Examining the results of our experiments aimed at appraising the efficiency of our
federated learning (FL)-based temporal recurrent network (TRN) for online action detection,
we provide an in-depth exploration of the results we obtained.

5.1. Performance Metrics

We employed a set of performance metrics to assess the effectiveness of our FL-based
TRN in action detection:

• Mean Average Precision (mAP): This metric quantifies the accuracy of the action de-
tection and localization. It measures the precision and recall of detected actions and
comprehensively assesses our model’s performance.

• Execution Time: We recorded the time taken by our FL-based TRN to process video
frames and generate action predictions. This metric is crucial for evaluating the model’s
efficiency in real-time scenarios.
The FL-based median aggregation and mean training time is approximately 5 h on
average for each client when the client size is 4. The central model training time is
20 h.

5.2. Experimental Results

Our FL-based TRN achieved competitive results across a range of experiments, show-
casing its effectiveness in online action detection:

1. We tested the ld parameter, where the performance of action anticipation is averaged
over the decoder steps. The results indicate that having a larger number of decoder
steps does not necessarily guarantee better performance. Although the higher ld
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values (8 and 10) initially show a slight improvement in mean average precision
(mAP), the differences diminish as the number of epochs increases. This phenomenon
can be attributed to the fact that the anticipation accuracy typically decreases for longer
future sequences, leading to increased noise in the input features of the Spatiotemporal
Attention (STA) mechanism. Thus, while varying the number of decoder steps is
crucial for optimizing the performance, the results suggest that a balanced approach
is necessary to mitigate the introduction of noise.

2. mAP Scores: In both centralized and decentralized settings, our FL-based TRN con-
sistently demonstrated competitive mAP scores. These scores reflect the model’s
accuracy in localizing and identifying actions within video sequences. Specifically,
we achieved an mAP of 40.1 in the centralized setting and 40.0 in the decentralized
setting. The model training performance with HDD and TVSeries datasets are given
in Figure 8 and Figure 9 respectively.

3. Our methodology enables the model to anticipate actions for up to 2 s into the
future, contributing to the system’s responsiveness and adaptability. The FL-TRN
model achieves comparable results with the central TRN model. Their mAP scores
are 31.8 and 32.2 when the decoder step (ld) is 6.

4. Scalability: Our approach exhibited excellent scalability as the number of client sizes
increased. The model’s performance remained consistent, highlighting its ability to
handle large-scale deployments effectively.

5. Privacy Preservation: Our FL-based approach ensured data privacy by enabling edge
devices to retain their data locally during training. This privacy-preserving mechanism
is a crucial benchmark as it addresses the concerns related to sensitive video data.

6. Adaptability: The proposed approach demonstrated adaptability to dynamic envi-
ronments. The model continually updated its knowledge from various edge devices,
enabling it to adapt to changing action patterns and scenarios. This adaptability is a
valuable feature for real-world applications.

7. Execution Time: Our FL-based TRN exhibited efficient real-time processing capabili-
ties. It processed video frames and generated action predictions within milliseconds,
making it suitable for online applications where timely responses are crucial.
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Figure 8. Methods’ performance in each epoch using HDD dataset.
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Figure 9. Methods’ performance in each epoch using TVSeries dataset.

5.3. Comparison with Centralized Models

We compared the performance of our FL-based TRN with the existing centralized mod-
els for online action detection. Our model achieved results on par with or superior to these
models in terms of the mAP scores as shown in Table 1. Moreover, our approach offered
distinct advantages in terms of data privacy preservation, scalability, and adaptability.

Table 1. Results of applied methods using mAP (%).

Method

Single FedMean FedMedian FedProx

In
di

vi
du

al
ac

ti
on

s

intersection passing 78.0% 80.5% 80.7% 79.0%

left turn 77.7% 76.5% 76.6% 77.1%

right turn 73.8% 77.9% 74.2% 78.1%

left lane change 51.1% 46.9% 43.4% 44.7%

right lane change 37.6% 38.9% 39.2% 39.1%

left lane branch 46.0% 44.2% 45.8% 45.9%

right lane branch 5.7% 5.5% 6.0% 6.0%

crosswalk passing 13.3% 11.5% 14.2% 13.7%

railroad passing 2.8% 0.9% 1.2% 1.7%

merge 7.2% 3.2% 7.1% 7.2%

u-turn 51.9% 32.0% 51.1% 51.5%

Federated learning (FL) using median aggregation and mean training time is approxi-
mately 5 h on average per client, with a client size of 4. In contrast, training the centralized
model takes 20 h.

The federated approach uses a smaller batch size of 8, which requires a maximum of
2 GB of GPU memory per client. The centralized model, however, uses a larger batch size
of 32, requiring up to 8 GB of GPU memory.

These results demonstrate the effectiveness of our FL-based approach in addressing the
challenges of online action detection while ensuring privacy and real-time responsiveness.
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6. Discussion and Conclusions

In this part, we analyze the implications and insights obtained from our experimen-
tal results and evaluate the performance of our federated learning (FL)-based temporal
recurrent network (TRN) for online action detection.

6.1. Interpretation of Results

The FL-based TRN presented in our experiments consistently achieves competitive
mAP scores, demonstrating its accuracy in real-world action detection and localization.
Notably, it exhibits remarkable scalability across edge devices, ensuring its adaptability
to dynamic environments while preserving data privacy. The model’s efficient real-time
processing, generating action predictions within milliseconds, underscores its suitability
for time-sensitive applications.

6.2. Advantages and Limitations

Our FL-based TRN offers several advantages, including privacy preservation, scalabil-
ity, adaptability, and real-time responsiveness. However, we acknowledge certain limitations:

• Communication Overhead: While FL minimizes the data transfer requirements, com-
munication overhead is still involved in aggregating model updates from edge devices.
This overhead can affect the responsiveness of the system in low-bandwidth environments.

• Model Complexity: Including FL and a temporal decoder increases the model’s complex-
ity, potentially requiring more computational resources during training and inference.
Optimization strategies may be necessary for resource-constrained edge devices.

• Edge Device Heterogeneity: Edge devices in a real-world deployment may exhibit
varying computational capabilities and data quality. Addressing the heterogeneity of
edge devices is an ongoing challenge.

6.3. Practical Implications

Our FL-based TRN has significant practical implications for various domains, includ-
ing surveillance, autonomous vehicles, and smart cities. The approach’s privacy-preserving
nature makes it well-suited for applications where data confidentiality is paramount. Its
scalability ensures that the model can adapt to evolving deployment scenarios, while its
adaptability caters to the dynamic nature of real-world actions.

6.4. Comparison with Existing Models

Compared with the existing centralized models, our FL-based TRN offers a unique
blend of competitive accuracy and privacy preservation. This advantage positions it as a
valuable solution for organizations and industries that require real-time action detection
while safeguarding sensitive video data.

7. Future Directions

As part of our ongoing research, we are exploring several future directions, including
the following:

• Optimization Strategies: We are investigating optimization techniques to reduce the
communication overhead in FL, enabling more efficient model updates.

• Resource-Aware Models: We are developing resource-aware TRN models tailored
for edge devices with varying computational capabilities, ensuring scalability and
adaptability in heterogeneous environments.

• Multimodal Integration: We are exploring integrating multiple data modalities (e.g., audio,
depth) with TRN to provide a richer context for action detection.
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Our FL-based TRN bridges the gap between online action detection and privacy-
preserving federated learning, offering a versatile, real-time, and privacy-conscious ap-
proach to address the demands of today’s dynamic data landscape. It contributes to the
advancement in online action detection and holds promise for various applications in
data-sensitive and distributed computing scenarios.
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