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Abstract

Fusion techniques on enhancing the efficiency of Long Short-Term Memory (LSTM) networks are dominating across a
variety of domains. To handle sequential data while integrating from various sources is often challenging using LSTM
techniques. Fusion methods that integrate different models enhances LSTM” ability to handle complex correlations in
the data. This paper examines early, late and hybrid fusion techniques. The study provides fusion approaches to enhance
LSTM networks to efficiently handle complex multimodal data across self-navigating models. The findings reveal that
the hybrid fusion techniques outperform traditional methods in terms of accuracy and generalization of various tasks.
This paper proposes the Gated Recurrent Fusion (GRF) approach to demonstrate its performance to handle multimodal
and temporal models in a supervised recurrence. The findings report 10% enhancement in terms of precision rate.
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1. Introduction

Long Short-Term Memory (LSTM) networks is one of the popular approaches used in analysing sequential data as it
can handle vanishing gradient issues faced during recurrent neural networks [1] and can obtain distant range
dependencies making them ideal for handling tasks such as natural language processing, time series, speech recognition
[2]. The ability to hold data over extensive periods along with the capability to update information makes them adapt to
complex temporal models. However, LSTMs face challenges while handling distinct sources involving varied
information [3]. Traditional LSTMs face challenges to integrate and analyse information from different sources,
resulting to low performance since it needs to integrate diverse data. Feature-modal discrepancy and data divergence
cause significant challenges in integration of data, thereby limiting models’ ability in the field of identifying patterns
[4][5]. By integrating techniques such as early fusion, late fusion and hybrid fusion approaches fusion techniques can
be enhanced and can be used to overcome the challenges.

This paper explores the advancements of hybrid fusion techniques for LSTM networks in the field of capturing data
from diverse sources. This paper introduces a recurrent neural network approach known as Gated-Recurrent Fusion
(GRF) approach to solve challenges. The network is trained to learn and predict for diverse datasets. This complex
multimodal data can be used to solve challenges across diverse fields especially in fusion and prediction for temporal
data.
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2. Literature Review

Hochreiter and Schmidhuber (1997) laid foundational work on LSTM networks, which marked a significant
breakthrough in the field of sequential data analysis [1]. In their work, they enhanced traditional recurrent neural
networks (RNNSs) and designed LSTM networks to overrule vanishing gradient problem and could effectively design
long-range dependencies in sequential data. LSTM networks are used widely across various fields such as natural
language processing (NLP), time series and speech recognition. This popularity was mainly due to their remarkable
ability to capture temporal patterns and preserve information during sequential analysis making it crucial while handling
complex tasks. As per the studies, it faced challenges while working with heterogeneous data consisting of diverse
sources [12]. The major concern noted was in the field of feature alignment while extracting features from different
models. Studies find that the design fail to align temporal/sequential sources making integration difficult. Furthermore,
difference in data model sources and data heterogeneity add further challenges and complexity in the fusion processes
as the algorithms get harder to gather pattern from diverse data models.

Researchers have developed a series of fusion algorithms to improve the LSTM networks performance using hybrid
techniques integrating data from multiple sources [4] [5]. Early fusion algorithms collect features from different sources
at the input level whereas; modern fusion-hybrid algorithms collect information at higher level from different sources
enabling network to learn independently from each model before integrating them. Hybrid approach provides a fusion
of both early and modern fusion technologies providing a framework that harness information from diverse data models.

Recent advancements in fusion techniques have broadened significantly to enhance LSTM performance [6] [7].
Attention networks have gained popularity as it prioritises diverse data model and is able to work dynamically to map
query and a set of key-value pairs, which are vectors, to an output. The output is evaluated as a weighted total of the
values [11].

Sensors in electronic independent navigation are gaining popularity in modern world [21] [22] [23] [17] [24]. Self-
navigating systems, navigator learning behaviour, can [12] [13] predict [28] [29] recognise [16], learn [30], segment
[31] [32] and do much more. Much research has been conducted in the field of temporal and non-temporal algorithms
using RGB-D [15] [16] [18] [30] [31].

In this paper, our experiments incorporate hybrid multimodal fusion learning, which uses recurrent supervised approach
for predicting navigators’ behaviours.

3. LSTM Architecture

Long Short-Term Memory (LSTM) networks mark a leap towards the progression of recurrent neural networks (RNNSs)
as it handles learning methods based on vanishing gradient models for long-memory persistence in sequential dataset

[1].

The LSTM setup most used in literature features three gated states (input, forget, output) along with the hidden and
candidate cell states. LSTM architecture consists of inter-connected cells, each projecting distinct gates that manages
the data flow. As mentioned in literature [23], LSTM cell is composed of three gated states named as:

1. Input Gate: This unit controls the data flow to the cell and determines whether to retain or discard the parts of current
and preceding cell state.

2. Forget Gate: This unit determines whether to hold or discard the data from the preceding cell state thus enabling the
LSTM cell to specifically exclude extraneous data, which aids to address the vanishing gradient challenges.

3. Cell State: The cell state is LSTM cells memory that enables flow of data across time steps. Additive operations
update the cells to contain important data over long successions.

4. Output Gate: This unit selects the data from the current cell and passes to the next step. It controls the flow of data to
subsequent layers of the LSTM cell network.

LSTM networks can attain extensive range dependencies by incorporating these gates in sequence and supplements the
vanishing gradient issues, which results in traditional RNNs. This feature of LSTMs architecture allows them to handle
complex temporal patterns as it can preserve data over long time [2].

4, Methodology- Fusion Model ideas:

Temporal fusion LSTM techniques play a vital role in improving the performance of Long Short-Term Memory (LSTM)
networks by integrating data from diverse datasets.

In this section, an overview of fusion ideas, including early fusion, late fusion, and hybrid fusion are stated. This section
also explores LSTMs multimodal settings such as summing/concatenation, adaptive attention and gated mechanism
network [5].
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A. Early Recurrent Fusion (ERF):

Early recurrent fusion multimodal concatenates and sums all sensor datasets of the LSTM network and feeds it to the
input level [12] [19] [20]. Concatenation method results in blotting up of the cell while summation contracts the cell size
by merging all sensor codes, which sometimes in certain scenarios may not provide accuracy. Hence tuning such
architectures to how to hybrid/fuse data is must.

In early recurrent fusion, model is trained to learn from a standard description across diverse sensor datasets, which
gathers complex relationships between different data sources. It is beneficial to handle tasks that are from diverse inputs.

However, there are challenges as early fusion can suffer from dimensionality, feature recognition while handling large
complex multi-dimensional datasets from diverse datasets.

To tackle this issue, we have used a) delay or late recurrent fusion to input sensors through LSTM cells and b) gates are
defined to gather the output of sensors to a fused cell.

B. Proposed Temporal Fusion:

In this section, the modifications are defined separately and the hybrid model combining the two called as late graded
recurrent fusion model is generated.

1) Late Recurrent Fusion:

In this approach, each LSTM units are processed independently and then totalled at a different stage or by forming
additional layers. Different LSTM units handle each sensor and distinct input, output, forget, states are calculated. In
this architecture, each representation of the model learns independently before totalling. The weights and biases for each
gate are distinct for each dataset model and exchanged later. LSTM receives its input from both the previous state and
from the current step and fuse temporarily. All hidden cell states are totalled and sent to the next step.

This method allows processing of the individual modal, and thus can manage complex relationships in each dataset.
2) Early Graded Recurrent Fusion:

As per the gating approaches mentioned in the LSTM [23] and graded recurrent fusion [24], for a group of sensors, gates
are defined to manage the encoding of the sensors and the last sensor.

Dimensions of the sensors enclosed are standardised using non-linear algorithm and gates are calculated. The temporal
model is carried out after the product of each gate and its sensor is obtained and totalled to obtain a fused state. Thus,
learning takes place, and user can verify the match.

3) Late Graded Recurrent State Fusion:

This approach combines features such as individual access to sensors memory of late recurrent and learning ability of
grated recurrent fusion approaches. Sum of final and hidden cells in the outputs are calculated.

Fusion gates are found for all sensors and gates are used to control individual control the encoding sent to each LSTM
sensor cells.

5. Experimental Evaluation
1) Dataset

This paper aims to classify the behavioural aspects of a navigator’s task. HDD dataset is used to learn the navigator
practices [12]. Video-data comprising of 200 sessions is mapped with a label for each frame. 15 classes consisting of
varied navigator behaviour is recorded. Each class records navigator road crossing, lane change and the like activities.
For training 170 sessions and for testing 30 sessions are defined. Data such as speed, braking, acceleration, steering,
wheel positions are considered. Table 1 given below shows the various stages of image processing.

Table 1: Image processing and stages of feature extraction

Aspect Description Dimensions

Input Images Dimensions 512 x512x 3

) Conv layer extracted,
Image Representation ) 16 x 16 x 1024
pre-trained on ImageNet
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. . . Features convolved to 1x1,
Dimensional Reduction . . 16 x 16 x 50
reduced dimensions
Flattened Features Flattened value 1 x 4000
Raw Sensor Signals Passed through connected layers and 1% 10— 1 x 50
transformed
Final Feature Vector Combined features 1 x50

2) Results

Input data is CAN signals in unclipped form, output is strategic navigators’ behaviour. Table 2 depicts results of training

behaviour prediction.

Table 2: Navigator behaviour prediction on HDD dataset

Aspect Details
Input Data Unclipped video pattern, CAN signals
Output Strategic driver behavior label on individual frame

Evaluation Metric

Compute Mean Average Precision (mAP) [12]

Optimizer

To learn network, Adam optimizer is used

Sequence Length

120 video frames

Batch Size

32

Training Method

Truncated back-propagation

Training Duration

60 epochs

Learning Rate

4x10°3

Table 3: Comparative analysis and observations

Architecture  Description Performance Key Observations
Non-Fusion 1. Conducted CAN Signal: -TCN outperforms
experiments on: LSTM for both sensors
Better performance for
o CAN signal = different turns
. Image (left, right, and U)
Sensors
ZLSE_nlc/?eddlngs SR Image: -Successful sensor fusion
. L should be executed to
3. Hidden size = 2000 | -Better performance for
. outperform results from
4. Output sent to fully | lane change and different disti
. . istinct sensors
connected layer crossing and  passing
5. Output Image (intersection/crosswalk)
classification  takes
place
5. Output is classified
into 12 classes.
DOIL: https://doi.org/10.54216/FPA.190105

Received: November 10, 2024 Revised: January 12, 2025 Accepted: February 11, 2025

53


https://doi.org/10.54216/FPA.190105

Fusion: Practice and Appli

cations (FPA)

Vol 19, No. 01. PP. 50-56, 2025

Early Fusion Input level- wusing Early-Concat: -Early-Add suffers due to
LSTM concatenation sensor Outoerforms  Earlv-Add differences in  sensor
embeddings are ulp y ranges,

combined R G .
-Leads to unreliable
(Early-Add) fused encodings
-LSTM discard noisy data
Late Fusion 1. LSTM  cells Late-Concat: -Late-Add concentrates
LSTM process: “Works on fully connected on _temporal part of
distinct sensor
. CAN layer
e Image ) -Outperforms other
embeddings Operates on 2000x2 vector fusion approaches
2. Fusion occurs after
processing LSTM
cells
Late-Add: -Does not pass out
i weights/hidden  states
Works on fully connected between modal levels
layer
-Operates on a 2000 vector
-Outperforms Early Fusion

We have followed LLL architecture stated in [11] to first look then listen and finally learn the architecture. Auxiliary
losses are added for both the models are total is added to the result. Standard LSTM is replaced with Late Recurrent
Summation, Early Gated Recurrent Fusion, Late Gated Recurrent State Fusion models. Table 4 depicts performance
analysis across different architectures and benefits.

Table 4: Performance boost across different models and key benefits

Replaces

both LRS and EGRF

standard by 7% over LSTM

Combines benefits of by 10% over LSTM

Benefits from:

LSTM added flexibility
-distinct class label
optimization

Replaces standard by 7% over LSTM  Excels in leveraging:

LSTM .
-sensor-specific  temporal

information

Higher overall performance

and flexibility of:
-EGRF

-Temporal optimization of
LRS
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Figure 1 shows that our that our fusion network model performance graph displays an increase of 7% for EGRF and
LRS models when compared to traditional LSTM architecture and the fusion model LRS and LGRF show mAP increase
by 10%.

mMAP Increase (%) with differnt fusion models

12

10

S 8
&S
o

S 6
=

< 4
IS

2

Standard
LSTM EGRF LRS LGRF
———mAP Increase (%) 0 7 7 10
Models

Figure 1. Performance analysis mAP % increase

6. Conclusion

In conclusion, this paper presents a novel method using gated recurrent fusion. This network learns from diverse range
of temporal datasets. Optimal fusion techniques modulate the performance of distinct sensor data at each level. Gating
functions used in the experiment has benefited in combining data from diverse datasets as these functions control the
flow of sensor at different stages of the experiment. Gating function based recurrent enhances traditional LSTM approach
as it removes the use of separate networks while performing preprocessing, learning and modelling navigator behaviour.
The designed network system can learn sensor fusion, dataset and behavioural aspects for each block. This paper offers
more systematic approach to sensor fusion and behavioural model.

7. Future Directions

Designing LSTM models using fusion techniques is gaining popularity in the field of Al learning. For future directions,
we aim to boost the computational effectiveness of graded recurrent fusion unit in terms scalability and deployment to
generate high throughput systems using temporal convolutional networks. This furthermore can be enhanced to design
a system to predict actions from diverse datasets by fusing attention algorithm [14] with graded recurrent fusion unit.
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