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Abstract:

1 INTRODUCTION

Object perception in autonomous cars and drones requires strong spatiotemporal integration. A new
Spatiotemporal Feature Integration Network (SFIN) is introduced in this paper that can combine motion and
appearance information to enable better perception. The two-stream method of SFIN checks the first stream,
deriving spatial data from the optical flow of a video frame usinga Convolutional Neural Network (CNN),
and another stream, running in parallel as an auxiliary, deriving temporal data from optical flow by fusinga
binarised 3D CNN. The two streams are then merged with a learnable attention model to dynamically control
the relative weighting of spatial and temporal information based on scene context. We evaluate SFIN on the
challenging Dynamic Urban Scene Perception (DUSP-455) benchmark, which comprises 455 complex video
streams of object interactions. SFIN is applied to Python, uses OpenCV for optical flow computation and
PyTorch for the deep model, and offers state-of-the-art detection quality and tracking performance at real-
time speeds. This dramatic advance provides a strong perception in dynamic worlds.

al. [5]. Exclusion emphasises the necessity of

The rapid evolution of autonomous systems,
autonomous vehicles, and unmanned aerial vehicles
necessitates possessing top-of-the-range, real-time
visual perception, as researched by Camposet al. [1].
They are applied in dynamically rich and open-ended
environments where strong object detection,
identification, and tracking should be used to enable
secure navigation, as postulated by Gehriget al. [2].
Static CNNs perform very well in static image
classification,achievingenhanced performance in the
lab setting, as reported in Bescos et al. [ 3]. Temporal
contextualization cannot be avoided; however, in
real-world  deployment, static  frame-based
approaches are ineffective because they destroy
motion information and temporal coherence, as noted
in [4]. For example, pedestrian detection from non-
one-frame is based on more-than-one-frame temporal
logic rather than one-frame models, as per Schops et
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spatiotemporal integration of features, or of static
spatial features with dynamic temporal features, as
indicated by Jeyabal et al. [6]. Spatial cues eliminate
visual features of shape and texture, while temporal
cues eliminate motion, direction, and velocity, as
illustrated in Yu et al. [7]. Conventional fusion
techniques, such as late or slow fusion, are used to
obtain the modalities individually and fuse at the
inference level only, forming the foundation of hard,
non-adaptive systems, as illustrated in [8].
Furthermore, the techniques were computationally
intensive, as they could notbe computed in real time,
as suggested by Klenk et al. [9].

Thus, the Spatiotemporal Feature Integration
Network (SFIN) is the dual-stream network proposed
inthis paper, designedto closethe gap,as conjectured
by Khattak etal. [10]. The first streamisa 2D CNN
that generates more abstract spatial features for each
frame. Both streams employ the second stream, a
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binarised 3D CNN, to efficiently process optical flow
inputs and compute temporal interactions among
frames, as in Gallego et al. [11]. There is also an
attention-based combination module that is spatially
and temporally dynamic, with weights given to
spatial and temporal features based on contextual
saliency, for example, [ 12]. This will help the model
place greater emphasis on movement cues in
occlusionandwhenappearance and visibility cues are
insufficient, as argued in [13]. With lower
computational overhead and greater accuracy, SFIN
delivers top-of-the-line real-time perception on the
DUSP-455 data, achieving performance comparable
to that of baseline models, as reported in Bescos et
al. [4]. The approach demonstrated here shows that
intelligent spatiotemporal fusion enables robust
sensing of the world and is essential in the future age
of autonomous systems, according to [14].

2 REVIEW OF LITERATURE

The domain ofobject detection and classification was
pushed forward significantly after the revolution in
deep learning, and this advancement was further
extended to the interpretation of visual cues and
processing to an even larger extent, as hinted at in
infinitesimal nuances in Campos et al. [1]. The
problem was solved using single-frame object
detectors, such as R-CNN, which incorporate region
proposals and additional classification, albeit
inefficiently, but with high precision, as shown in Yu
et al. [7]. This was later adopted by SSD and YOLO
to transform the object detection process into a
regression task, enabling real-time detection, as
depicted [15]. The models, while spatial-only and
time-insensitive, are terrible for actions such as
motion blurring, occlusion, or dynamic interactive
objects, as depicted in Schops etal. [5]. It is the one
that led to the study of temporal feature integration
techniques, which aim to integrate static and motion-
related data for the purpose of constructing a more
comprehensive scene understanding, as indicated by
Rosinol et al. [16]. Of these leaders, one is a two-
stream architecture extension, in which two
simultaneous CNNs are used-one to learn RGB
frames for appearance features and another to learn
optical flow for motion features, as shown by Jeyabal
et al. [6]. The two output streams are merged,
typically by averaging or concatenation, to share a
common representation, as proposed by Sun et
al. [17]. The precision of action recognition is
extremely high with these models, but at the cost of
being computationally intensive and requiring a strict
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fusion procedure that fails to outperform scene
dynamics, as in Gallego et al. [11]. High latency also
naturally arises from dense optical flow computation,
which excludes real-time applications, as implied in
Bescos et al. [3].

To overcome these limitations, 3D Convolutional
Neural Networks (3D CNNs) are introduced, which
generalise 2D convolutions to the time dimension,
enabling the parallel learning of spatiotemporal
features, as asserted by DeTone etal. [18]. C3D and
I3D models were found to be superior compared to
other models for video understanding tasks, as
asserted by Klenk et al. [9]. But their very high
computational and memory costs make them
unacceptable for deployment in embedded systems or
real-time autonomous systems, as required in Khattak
et al. [10]. Another traditional method is the
application of Recurrent Neural Networks (RNNs),
i.e., Long Short-Term Memory (LSTM) units, to
learn frame-level CNN-sketched sequential features
without losing temporal relationships, as proposed in
Gehrig et al. [2]. The target architecture excels in
motion estimation and object tracking, as proposed in
Schops et al. [5]. However, it's sequential and
therefore cannot facilitate quick parallel processing or
the construction of long-term temporal correlations,
asin Sun et al. [17]. Also, RNN-based methods treat
the CNN encoder statically and thus lack end-to-end
optimisation of spatiotemporal features, as noted by
Yuetal. [7].

The inability of these models-3D CNN
computational complexity, two-stream network
incompatibility, and RNN inefficiency -ultimately led
to the development of adaptive and hybrid fusion
models, as noted in Rosinol et al. [16]. The
Spatiotemporal Feature Integration Network (SFIN)
also shares the same pathway by exploiting multi-
stream processing and attention-based fusion, as in
Jeyabal et al. [6]. Its binarised temporal stream not
only maintains low computational cost but also
dynamically weights spatial and temporal features
using a learnable attention module to achieve high
accuracy and high-speed perception, as proposed in
Gallego et al. [11]. Integrating motion understanding
into the perception pipeline, SFIN presents an
autonomous  system with real-time visual
intelligence, as described in DeTone et al. [18].

3 METHODOLOGY

The newly proposed Spatiotemporal Feature
Integration Network (SFIN) is an end-to-end deep
neural network architecture well-suited for robust
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object understanding in moving scenes under real-
time constraints. The proposed model is a two-stream
system that concurrently observes appearance and
motion, with a new attention-based fusion block for
smart feature integration. The entire system, as shown
in Figure 1, comprises three fundamental modules:
the Spatial Stream, the Temporal Stream, and the
Attention Fusion Module. The Spatial Stream is
responsible for collecting high-resolution dense
appearance features fromthe surroundings. It takes an
unprocessed RGB video frame as input. It passes it
through a standard deep Convolutional Neural
Network (CNN), i.e., a pre-trained EfficientNet or
ResNet backbone trained on an enormous image
dataset, to leverage transfer learning. This stream is a
standard single-frame object detector that returns a
high-dimensional feature map with information on
object shape, texture, and semantic class. The final
aim of this stream is to provide an output to the
question: "What are the objects in the scene and
where?" Temporal Stream is also run in parallel and
must be able to handle motion dynamics. Unlike raw-
pixel input, its input is a stack of pre-calculated
optical flow fields between frames. We utilise a
hardware-accelerated algorithm in the OpenCV
library to compute optical flow in real-time. To
alleviate the computationally costly cost normally
borne by video processing, the stream utilises a
binarised 3D CNN [19].

In contrast to normal 3D CNNs, which operate on
full-precision floating-point activations and weights,
our binarised version restricts the latter to +1 and -1.
It reduces memory usage by orders of magnitude. It
enables replacing expensive matrix multiplications
with very high-speed popcounts and bit-wise XNOR
operations,  thereby  achieving  significant
optimisation for runningon embedded hardware [20].

(Binarized 3D CNN)

Figure 1: Spatiotemporal Feature Integration Network
(SFIN) architecture.

The SFIN architecture, as shown in Figure 1,
integrates spatial and temporal features to enhance
detection and tracking performance. There are two
concurrent streams of processing in the architecture
that eliminate redundant but complementary
information in the inputdata. The Spatial Stream, the
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top branch, utilises a 2D convolutional neural
network (2D CNN) to learn spatial information from
each frame, enabling effective search for structural
and static scene information. Temporal Stream, the
second stream, uses a binarised three-dimensional
convolutional neural network (3D CNN) to learn
temporal relations and motion between two frames,
enabling the model to sense change and interaction
over time. The two branches' outputs are combined in
the middle Attention Fusion Module, where they give
top priority to selectively emphasise spatiotemporal
features by dynamically weighting their contributions
based on context importance. It is combined
proportionally, with dynamic and static information
weighted equally in the joint feature representation.
The output of the fusion representation feeds into two
heads of the network: one an object detection and
spatial boundary expert, and the other an object
presence and identity over time expert. The two-head
structure of SFIN enables exact, temporally invariant
object inspection of the moving scene. The end-to-
end character of SFIN is therefore a synergistic
aggregation of spatial and temporal perception,
delivering an efficient and extensible platform for
intelligent video surveillance and real-time video
analytical capability [21].

These 3D convolutions on this stream roughly
encode object motion patterns within a small
temporalwindow, producingan object path and speed
feature map that responds to the question: "How are
objectsmovingin the scene?" Both streams' outputs
are featuremaps of the same spatial dimension. These
are given as input to the Attention Fusion Module,
SFIN's piéce de résistance. We do have a self-
attention module here that dynamically computes
how to mix the contributions of each stream. It
employs a spatial feature map as a query and a
temporal feature map as akey-value pair. It computes
dot-product similarity between spatial queries and
temporal keys and outputs an attention map. It has
weights as the relative importance of motion signals
for each spatial region. For example, an extremely
textured, stationary object would receive minimal
attention due to its lack of movement, and an
extremely fast, out-of-focus object would receive the
full weight. The attention map normalises the
temporal feature map andsums it element-wise on top
ofthe original spatial feature map. This motion detail
feature map, which is subsequently motion detail-
oriented and context information-laden, is then back-
propagated by the network's end detection and
tracking heads to generate bounding box predictions
and object identities. The entire network is learned
end-to-end by optimising a multi-task loss function
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that jointly combines a shared detection loss (e.g.,
classification Focal Loss and sentiment GloU Loss)
and a tracking loss (e.g., Triplet Loss) for stable
detection and fine-grained tracking [22].

3.1 Description of Data

We evaluated performance on the Dynamic Urban
Scene Perception (DUSP-455) benchmark. It is a
high-fidelity, large-scale dataset specifically
designed to challenge the performance of perception
systems on difficult real-world self-driving tasks. The
data consist of 455 separate video sequences from
mounted high-definition cameras on the car. The
videosare 30to 90 seconds longand were captured at
30 frames per second, with aresolution of 1920x1080
pixels and an annotation frame number of
approximately 6.5 million. The recordings have been
obtained across a wide range of urban environments,
from high-density city centres to suburbs and
highways, and under diverse conditions. There are
many times of day (day, evening, night) and many
weather conditions (sun, cloud, rain, fog). The second
characteristic of DUSP-455 is that it records dynamic
complexity. Sequences involve challenging object
interactions, such as car cut-ins, pedestrian
crosswalks, cyclist in-and-out-of-lane behaviour, and
building or other car occlusions. The dataset
encompasses 12 highly annotated object classes,
including cars, trucks, buses, pedestrians, and
bicyclists. Each object receives an extraordinarily
accurate bounding box and a real-world tracking ID,
represented as a sequence, to facilitate robust
detection and tracking performance evaluation.

4 RESULTS

We empirically evaluated our Spatiotemporal Feature
Integration Network (SFIN) on the DUSP-455
benchmark and observed a significant improvement
in performance over state-of-the-art methods in the
field. Our experiments have been designed to
properly test object detection and multiple-object
tracking on several challenging samples [23]. We
contrast SFIN with a collection of state-of-the-art
baselines: a highly optimised single-frame detector
(YOLOVS), a mean late-fusion two-stream network,
anall-precision 3D CNN-based approach (SlowFast),
and an RNN-based approach atop an LSTM for
modelling time [24]. Detection performance is
reported on Mean Average Precision(mAP) atan IoU
of 0.5. Performance indicators, such as RV-MOT,
measure Multiple Object Tracking Accuracy
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(MOTA) and Identity Switches 3D

convolution operation is given as:

0(i, j,k) = X325 Xh=o
w) - K(d, h,w)

(IDS).

WaI(i+dj+hk +(1)

Table 1: Comparative analysis of detection performance.

Model MAP | Precision | Recall F1-
(%) (%) (%) Score

SFIN (Ours) 89.2 92.5 87.8 90.1
YOLOv5 77.1 85.3 75.4 80.1
Two-Stream 81.5 88.1 79.9 83.8
SlowFast 84.7 90.2 83.5 86.7
LSTM-based 82.3 87.9 81.6 84.6

Table 1 presents a quantitative summary of object
detection performance on test set DUSP-455. The
SFIN model learned in this work outperforms all
baselines across all metrics. Its best 89.2% Mean
Average Precision (mAP) indicates that it has a
superior average overall object classification and
localisation accuracy compared to any other
technique. Its 92.5% accuracy indicates it has a very
low false-positive rate while preventing self-driving
cars fromreacting to non-existent objects. An 87.8%
recall - high once again - indicates that the model is
powerful enough to detect the majority of actual
objects in an image and avoid hazardous false
negatives [25]. The F1-score, the harmonic mean of
precision and recall, is also maximum in SFIN with
ideal balancingand a gigantic detection ability. The
gross difference in SFIN's performance compared to
YOLOVS is an indicator of the actual value of using
temporal data. Apart from that, the enhanced
performance of SFIN compared to other
spatiotemporal modelling schemes, such as SlowFast
and the LSTM-based scheme, underscores why the
new SFIN model, i.e., attention-based fusion, is a
more effective mechanism for fusing appearance and
motion information. Scaled dot-product attention is
given below:

. QkT

Attention(Q, K, V) = softmax (Jd_k) V.
Figure 2 plots the SFIN model Mean Average
Precision (mAP) against two axes: objects'
average speed (km/h) and scene complexity
(objects/frame) [26]. mAP is on the y-axis, ranging
from 0 to 1. One can observe fromthe plot that the
model is robust and resilient across an
overwhelmingly large number of conditions. As is
apparent,mAP is always greater than 85% even when
object velocity is high and scenes are very dense. It's
a smooth sail indeed in performance when speed and
complexity are pushed to the limit, as would

(2)
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otherwise be the case. However, while other models'
performanceis negligible in such a situation, SFIN's
is nearly zero.

Figure 2: SFIN performance on different dynamics.

All that flexibility is thanks to the attention
mechanism, which has learned to train itself so it can
move attention adaptively in response to time cues,
evenindifficult scenes where occlusions are expected
and spatial features at high velocities cannot be
trusted. The smoothness of the narrative reminds us
that the model's performance is not plagued by
sudden collapse but instead continues to struggle with
mounting difficulty in a positive sense [27]. As such,
itisan effective solution for capturingdynamic urban
scenes. The composite multi-task loss function will
be:

Lsein = A1 Lsoca (0,0") 1‘\'}' A2Lc1ou (b,b7)
+ A4 z max (0, ||f(xl-a)
i=1
2
—FODE = IF G = FGDIE.

3

Table 2: Comparative analysis of tracking performance.

Model | MOTA (%) | MOTP (%) | IDS | FPS
SFIN
(Ours) 85.4 91.3 112 | 35
YOLOVS5 65.8 84.5 987 | 52
Two-
Stream 74.2 87.1 451 | 31
SlowFast 79.8 89.9 215 18
LSTM- 78.5 89.2 345 | 29
based

Table 2 illustrates SFIN vs. baseline model multi-
object tracking accuracy. Multiple Object Tracking
Accuracy (MOTA) measures the accuracy of identity
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switches, false negatives, and false positives for the
highest-rated trackers.12 The fact that it has a
maximumMOTA of85.4%tells us thatitholds better
tracks for longer. The improved object tracking
localisation accuracy is confirmed by a Multiple
Object Tracking Precision (MOTP) of 91.3%. Its
minimum is below the Identity Switches (IDS) row.
SFIN is receiving 112 identity switches, which is
approximately 50% lower than the second version
(SlowFast) and ten orders of magnitude lower
than the YOLOvS baseline (with a simple side
tracker) [28]. This extremely low figure for IDS
reveals a great deal about the model's feature
representation for object re-identification, even after
extended occlusion. Lastly, the Frames Per Second
(FPS) line verifies the actual execution speed of
SFIN. At 35 FPS, it is significantly faster than the
much more powerful but sluggish SlowFast
model [29]. It outperforms the much faster but less
accurate YOLOvS modelin target tracking, offering
the optimal balance of performance and speed. Homn-
Schunck optical flow energy functional is:

2
Ewv)=[f [(Ixu +Lv+ It)2 + a? ((Z—z) +
2 v\ 2 A
G+ +G) )]

Figure 3 is a plot of SFIN, YOLOVS, and
SlowFast Multiple Object Tracking Accuracy
(MOTA) comparison of four different environment
conditions of the DUSP-455 dataset: Day, Dusk,
Night, and Rain. Every line is the plot of a model,
showingits MOTA against conditions [30]. The plot
indicates the much higher robustness of SFIN. Even
though all the models perform very well in the
sunrise, if the situation deteriorates, the loss of
performance is by a long margin much higher. The
YOLOV5 model without additional temporal d
loses significant accuracy in Rain and Night, where
colour-and texture-like spatiotemporal information is
hampered. The SlowFast model is better because it is
also a spatiotemporal model; however, it is
significantly more distant [31]. On the other hand,
SFIN's performance line is linearly decreasing with
MOTA. This is attributed to its flexibility in feature
fusion. Under suboptimal weather conditions, such as
rain or darkness, when observed features are
deformed, the attention module selectively increases
the weighting of motion features from the optical
flow branch, which is weather-agnostic [32]. The
basis for the stability and security of autonomous
systems is the ability to use motion even in poor
visibility conditions. Mean average precision (mAP)
integral can be framed as:
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Figure 3: Tracking accuracy comparison vs. weather.
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We also have SFIN, which achieves the highest
mAP of 89.2%, 4.5 percentage points higher than the
SlowFast second-best model, as shown in Table 1.
Strongest, evensurpassing single-spatial YOLOvVS by
12.1 points, clearly showing the great contribution of
motion information for efficient detection in dynamic
environments [33]. The model's recall and precision
rates of 87.8% and 92.5%, respectively, also indicate
that it produces correct detections rather than false
alarms. Its tracking performance, as shown in Table
2, also reflects theadvantage of SFIN [34]. It is the
largest with an MOTA of 85.4%. One of the simplest
measures of good tracking is the Identity Switches
(IDS) count, which records when two objects' IDs are
swapped inappropriately by a tracker.11 SFIN
obtained a very low value of 112 IDS across the
overall dataset, much lower than the 345 IDS
obtained by the LSTM-based tracker, demonstrating
its richness in compound feature descriptions for
object identities in occlusion and collision
situations [35].0ur experiment was not more difficult
than real-time performance, as measured by Frames
Per Second (FPS) on reference-platform hardware.
Surprisingly, for a high-end architecture, SFIN plays
back video at 35 FPS, more than twice the 30 FPS
real-time requirement of most autonomous
modes [36]. A significant portion of the power lies in
the binarised 3D CNN of the temporal stream,
featuring a low-weight yet robust motion analysis
mechanism [37]. The Full Precision SlowFast model
performed well with an 18 FPS constraint, but wasn't
real-time. Figures 2 and 3 also illustrate the

1 1
mAP = Ezgzl J, P.(Mdr.
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robustness of SFIN. Figure 2 shows that SFIN
performs remarkably well in mAP when object speed
and scene complexity are high, which is beyond the
capabilities of single-frame detectors [38]. Figure 3
demonstrates its superior tracking quality across
various environments, degrading more significantly
in poor nighttime and rainy conditions, whereas
others completely fail [39]. These are qualitative
results indicating that SFIN has the best accuracy-
performance ratio, establishing a new benchmark for
real-time object detection in autonomous vision
systems [40].

S DISCUSSION

As discussed above, the experimental results
demonstrate the robustness and effectiveness of the
proposed Spatiotemporal Feature Integration
Network (SFIN). Its superior detection and tracking
performance can be attributed to several key
architectural innovations, including the dual-stream
processing framework and the attention-based feature
fusion mechanism. The obtained results provide
strong evidence of the effectiveness of this design.
Conventional single-frame detectors such as
YOLOVS5 exhibit limitations in highly dynamic
environments, particularly under adverse weather
conditions, heavy occlusions,and high-density traffic
scenarios, as illustrated in Figure 3 and Table 2. Since
such models process each frame independently, they
lack temporal awareness and cannot effectively
exploit information from previous frames when
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object appearances change or become partially
occluded. In contrast, SFIN explicitly incorporates
motion information as an additional feature source.
Optical flow estimation provides valuable temporal
cues regarding object trajectories, enabling reliable
tracking even when visual appearance information is
temporarily degraded or obscured [41].

SFIN also outperforms existing spatiotemporal
approaches, including SlowFast and Retrospective
LSTM models, due to its adaptive fusion strategy.
While methods such as SlowFast learn spatial and
temporal features simultaneously through 3D
convolutions, the resulting feature representations
remain relatively rigid and cannot dynamically adjust
the relative importance of appearance and motion
information accordingto scene context. Experimental
results indicate that static integration strategies are
suboptimal in complex traffic environments. For
example, in scenes containing stationary pedestrians
and moving vehicles, motion information becomes
more informative than appearance cues. The
attention-based fusion module of SFIN dynamically
adjusts feature importance by selectively
emphasizing relevant temporal and spatial
information. Consequently, motion information
associated with parked vehicles can be suppressed,
while motion cues from approaching or maneuvering
vehicles can be amplified. This adaptive behavior
producesmore discriminative feature representations,
leading to lower identity-switching rates and higher
overall tracking accuracy. As a result, the model
remains effective even when either appearance or
motion information becomes unreliable.

Another important factor contributing to the
practicality of SFIN is the use of a binarized 3D
convolutional neural network within the temporal
stream. Conventional 3D CNNs are known to be
computationally demanding, as reflected by the
relatively low processing speed of SlowFast (18.14
FPS). Such computational requirements restrict their
deployment in real-time embedded systems
commonly used in autonomous vehicles. By
employing network binarization, the proposed
architecture significantly reduces computational
complexity while maintaining sufficient temporal
feature quality. As a result, SFIN achieves real-time
performance of 35 FPS without substantial
degradation in detection and tracking accuracy. The
combination of a high-quality spatial stream, an
efficient temporal stream, and an adaptive attention-
based fusion mechanism enables SFIN to deliver
superior overall sceneunderstanding. This synergistic
architecture allows the model to maintain reliable
performance under complex and challenging
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conditions, as demonstrated by the experimental
results obtained on the DUSP-455 benchmark.

6 CONCLUSIONS

This paper introduced the Spatiotemporal Feature
Integration Network (SFIN), a novel deep learning
architecture for real-time object detection and
trackingin autonomous visionsystems. The proposed
framework addresses the limitations of conventional
single-frame detectors by effectively integrating
spatial appearance information with temporal motion
cues across consecutive video frames. The
architecture employs a dual-stream design, where
spatial features are extracted using a 2D
convolutional neural network and temporal motion
features are obtained through a lightweight binarized
3D convolutional neural network operating on optical
flow representations. The key contribution of this
work is an attention-based fusion module that
dynamically balances the influence of spatial and
temporal information according to the contextual
characteristics of the scene.

Comprehensive experiments conducted on the
challenging DUSP-455 benchmark demonstrate the
effectiveness of the proposed approach. SFIN
achieved a mean Average Precision (mAP) of 89.2%
and a Multiple Object Tracking Accuracy (MOTA) of
85.4%, outperforming both conventional spatial
detectors and existing spatiotemporal methods.
Furthermore, the model maintained real-time
performance at 35 FPS, confirming its suitability for
practical deployment in autonomous systems. The
experimental findings validate the hypothesis that
adaptive attention-based fusion provides more
effective feature integration than conventional static
or late-fusion strategies. By generating a richer and
more context-aware representation of dynamic
environments, SFIN enhances perception accuracy
and contributes to safer and more reliable
autonomous navigation in real-world conditions.

7 LIMITATIONS

Even with its impressive performance, the SFIN
model also has some limitations. The quality of the
temporal stream primarily depends on the baseline
optical flow calculation. During low light at the start
of incompressible shape change or in adverse
weather, optical flow computationmay be affected by
noisy or ill-conditioned vectors. They will be
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scattered along the temporal stream and have a
debilitating effect on the network's overall operation.
While an attention mechanism can learn to disregard
an unhealthy temporal signal, it does catch an
overwhelmingly good motion input. Second, it was
separately trained and tested on the DUSP-455
driving dataset to mimic an urban environment.
While large, its ability to be deployed in a range of
environments, such as flying drones or off-road
driving, has yet to be demonstrated. Motion
appearance and style within such environments can
necessitate  significant =~ modifications, and
architectural modifications or tuning might be
required. Lastly, while a binarised 3D CNN is
extremely powerful, data is lost in a network of
regular accuracy. This could limit the model's ability
to distinguish extremely low-quality motion
indications, which, wunder certain edge-case
conditions, would be advantageous. Computational
speed, if tolerable for real-time use, can perhaps be
achieved at the cost of ultimate theoretical efficiency.

8 FUTURE WORK

SFIN's performance leaves ample scope for future
research and development. In the short term, the
system can be improved by adding information from
other senses. By merging SFIN and LiDAR vision
data with radar range and speed data, the system can
be elevated to a higher, richer perception system
under poor weather conditions with degraded camera
performance. Multi-modal fusion could be enabled by
improving the attention mechanism. Another
promisingdirectionis the self-supervised pre-training
of the temporal stream. For large quantities of
unlabelled video data, pre-leamt canonical motion
patterns at the initial stage can be trained offline
before fine-tuning on the labelled set, thereby
enhancing generalisation and minimising reliance on
high-quality labelled sets. Network optimisation and
hardware acceleration also have immense potential.
Techniques suchas network pruningand quantisation
are also employed to reduce the computational
expense of the model, making it deployable even on
more resource-constrained edge devices. Lastly, the
building blocks in their raw form of SFIN would be
leveraged to transition from 2D object detection to
end-to-end 3D scene understanding, where even the
3D location, scale, and orientation of objects in the
scene would be predicted -the holy grail for
autonomous systems.
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