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-------------------------------------- ABSTRACT
DL can provide cutting-edge accuracy for technologies that utilize remote sensing including unmanned aerial vehicles
(UAVs), especially enhance the remote detection abilities in responding to emergencies along with catastrophe control
activities. In particular, "UAVs" that have sensors for cameras are able to function online difficult accessing disaster-affected
places, process images, also notify people in the event of various catastrophes like collapsed buildings, floods, or fire. The
goal is to lessen the detrimental impact of disasters on the natural world and the human population as quickly as possible. DL
integration introduces high processing demands that prevent the implementation of DNN for different cases where low-
latency restrictions on inference are required for making critical decisions in real-time. Consequently, our interest of this
work is the efficient classification of aerial photos taken while a UAV is in flight for emergency response and surveillance
purposes. Specifically, an Aerial Photos Collection for response to emergencies systems is proposed and a comparison
between many current algorithms has been done. That processing is used to propose EmergencyRes, a CNN design. With
lower than 1% accuracy decrease in comparison to the most advanced techniques, it can achieve up to 20x greater
performance than currently available models and operate efficiently on low-power existing platforms. It can also handle
multi-resolution features utilizing atrous convolutions.
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I. INTRODUCTION

The "UAVs" and drones have recognized as a remotely
sensing system for many real-world uses, including
surveillance of traffic [1], rescuing efforts [2], accurate
farming [3], and satellite image processing [4]. New
"UAV" applications, including the ability to identify,
track, as well as evaluate both proactive and passive
dangers and risks during event images (for instance,
flames observes in forests, floods danger, roads crashes,
and landslip prone areas), are made possible by recent
advances in technology, like the inclusion of camera
sensors [5]. Furthermore, because of their compact size,
"UAVs" may be quickly deployed, allowing them to be
present for crucial actions that enhance resource
management and enhance assessment of risks, reduction,
and avoidance [2]. However, there are several limitations
which have to be addressed since a "UAV" must operate in
disaster-affected areas where expensive equipment is
missing and remote access to cloud services might not be
feasible to create. As a result, greater independence is
needed to guarantee immediate evaluation and efficiency
in operation. "UAVs" that operate autonomously can rely
only on their own sensors and microprocessors to
complete tasks without transmitting their data to a base
station. Moreover, "UAVS" independent functioning —
which combines automated on-board visual processing
with path planning algorithms— permits them to more
swiftly occupy a greater region [6]. On the other hand,
because of the "UAVs™ limited payload capacity restricted
computing capacity and low-power limits provide unique

hurdles for on-board processing. Therefore, a critical
factor in allowing autonomous "UAVS" to identify threats
at incident scenes instantly is the computing effectiveness
of the underlying computer vision system. CNNs, one of
the popular DL techniques, have demonstrated outstanding
results in several applications and are widely
acknowledged as a major solution for various computer
applications [7]-[10]. Therefore, there are numerous
advantages to employing DL techniques in disaster
mitigation and emergency response applications. These
advantages include the ability to quickly retrieve vital
information, improve readiness and response in urgent
situations, and facilitate the processes of decision-making
[11]. Previous research has shown that transfer learning,
which uses a pre-trained CNN for the features extraction
and a number of layers stated on above for carrying out the
tasks of classification, can help DL approaches outperform
conventional techniques for machine learning with
features that have been handcrafted [12].

Although CNNSs are getting more and more efficient at
classification tasks, their interpretation rate on integrated
minimal power consumption systems, such as ones "on-
board UAVs", is limited by their highly computational
cost [13]. This can be particularly true if you have to use
the same platform to do numerous vision activities. These
considerations (privacy, latency, or working in remote
locations having minimal or no bandwidth) make locally
integrated computing near the sensor more desirable for
numerous applications than cloud analytics. [14, 15]
Furthermore, specifically designed tiny networks can offer
the degree of precision as well as efficiency required for
specialized applications in which there are computational
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limitations and sparse data availability. In addition to their
computing effectiveness, they undergo training iterations
more quickly and are easier to update over-the-air.
Therefore, a UAV becomes a highly appealing and logical
alternative to typical techniques when it is equipped with a
tiny CNN which considered efficient in processing at edge
for classifying the aerial scene on board. The goal here, as
discussed in this article, is to automatically classify aerial
images that the UAV records into a semantic label [16].
When it comes to emergency response softwares, these
designations match actual dangers or hazards. To improve
readiness and offer quick situational awareness, a device
like this can be installed on UAVs for continual tracking
and inspection. This particular use-case involves a UAV
that follows a predefined way and analyses the becoming
frames from the camera continuously, via its embedded
platform. It then sounds an alert for any potentially
hazardous situations or hazards it recognizes. Our aim in
this study concentrates on enhancing immediate time
perceptual abilities in such events by developing an CNN-
based system which provides the best combination of
precision and performance, and is capable of running on
hardware that is incorporated on the UAV. By proposing a
portable CNN constructed using depth-wise atrous
convolutions, called EmergencyRes, the initial effort in
[17] has been greatly improved upon. This CNN is able to
get many characteristics in a computationally effective
path, controlling to support a suitable compromise across
precision [18] and rapidity for the challenge of responding
to emergency tracking via UAVS. In addition, the dataset
has been greatly expanded, a thorough comparison with
other models is conducted, and additional optimizations
are suggested to enhance efficiency for certain scenarios.
The following is a summarization of this article's primary
contributions.

1) A specialized database with more photos than current
datasets, intended for the use of aerial imagel
categorization in emergency response.

2) A brand-new, computationally effective CNN (called
EmergencyRes) is presented, combining multiple
resolution depth-wise convolutions to deliver near-recent
accuracy (95.7%) and more than 20x quicker processing
times, making it appropriate for low-cost, low-power
devices.

3) Examine and compare the effects of various CNN
designs on the job of classifying aerial scenes of disasters
and assessing their accuracy, rate of deduction, along with
storage.

4) A real trial setup made up of a Smartphone base station,
an embedded computer platform, and a UAV with two
analyzing choices was used to evaluate the various
models.

This is how the article is organized. In Part Il, the
architectures of CNN is presented, along with an overview
of earlier research in the field of aerial picture
categorization for disaster relief and emergency response.
In Part 111, the methods utilized to create the suggested
network and the dataset that was created for the purpose of
classifying aerial images of catastrophes are described in
depth. In Part 1V, several models and methodologies are
analyzed and evaluated using an actual practical UAV
platform. The final part offers closing thoughts and
explores potential areas for further research in this field.

I1. Related Work and Background

A. CNN Design Methodologies and Architectures

CNNs are methods of machine learning with roots in
biology that could possibly be trained to carry out a range
of recognition of images, authentication, and
categorization tasks. Stochastic gradient descent and back-
propagation are used for training each of the layers which
make up CNNs to learn hierarchical representations of
visual data. The deep learning community has put out a
number of architectures in an effort to improve upon
previous efforts in image categorization. A CNN's
structure usually consists of a feature extractor stage and a
classification layer. Here are a few of the most significant
architectures.

VGG16 [17]: When removing CNN elements from photos,
the VGG network has grown in popularity. This specific
network has 16CONV/FC layers and is aesthetically
pleasing in its simplicity. The final structure is only two
4096-neuron fully-connected layers and three x three
convolutional layers stacked over upon each other, with
two pooling layers lowering the size of the feature maps
by a factor of two. The final thick layer is equal to the total
number of classes employed in the entire classification.
The VGGNet has several drawbacks, including higher
evaluation costs and a high parameter and memory use.
ResNet [19]: it introduces the concept of residual learning
to train even more complex CNNSs. Essentially, the
network learns residuals by propagating and adding the
input of a convolution layer to its output after the
operation. But the precision it gains comes at the expense
of running times and memory requirements.

The primary contribution of the design is seen in Inception
[20] and Xception [21], where several convolution filters
are combined to create a multilayer feature extractor.
Before being sent into the following layer, the outcomes
from these filtration at the identical network layer gets
arranged across the dimension of the channel. In the
network, this module is known as the inception module.
The Inception V3 design is derived from the work of [20],
who suggested modifications to the original Inception
module in order to increase accuracy even further. At 96
MB, the weights of Inception V3 are less than those of
VGG and ResNet, but they are still deemed excessively
huge for embedded applications. In an effort to reduce the
complexity of computation, a more optimized version of
the Inception family known as Xception was created,
which included the concept of separable convolutions. A
depth-wise separable convolution is created by separating
a convolution and applying a separate filter to each
channel. Point-wise convolutions are then used for
combining the resulting sets of data.

MobileNet [22]: The MobileNet series of algorithms
achieves the latest in performance at a lower computing
cost by utilizing the concept of separable convolutions. In
essence, instead of the more intricate inception module,
the structure is a simplified variant of the Xception
network which performs just one filter at every input. As a
result, optimizing and parameterizing this approach for
mobile apps is simple. The creators of the most recent
version of MobileNets [22] use neural search methods to
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better optimize the design of the model, particularly for
semantically segmenting tasks.

SqueezeNet [23]: This CNN is made to be efficient with
parameters. It makes use of a fire module to blend the
output from several convolutional layers. Additionally, it
has a bottleneck layer which lowers the input feature map's
dimensionality, which lowers computing costs.

ShuffleNet [24]: This method lowers the network's
parameter count by employing many filter groups, each of
which focuses on a distinct channel collection from the
input feature map. It then makes use of a technique known
as channel shuffling to relate the wvarious channels
together.

EfficientNet [25]: To improve accuracy and efficiency, a
novel CNN scaling method is presented in this paper that
evenly scale every dimension of depth, breadth, and
resolution in a logical way. This method works with any
backbone architecture, including ResNets and MobileNets.
Furthermore, an optimized architecture is automatically
found through the usage of the auto-ML framework. All
things considered, EfficientNets have been shown to
outperform bigger models like VGG with orders of
magnitude less parameters and FLOPS. However, only
cloud-centric processing systems were included in the
evaluation of EfficientNets.

B. Image Categorization for Disaster and
Emergency-Response

This section describes some pertinent works that address
the aerial picture classification problem for responding to
emergencies and disaster management. A few of these
works also focus on using UAVs for remote sensing. Over
time, a variety of techniques have been put forth to
identify different types of disasters in images. [26] These
include pixel-level classification performed by image
processing based on thresholds, models based on Gaussian
mixtures that need to be empirically tuned, as well as
support vector machines, which are deemed to be
inefficient for applications that operate in real time. [27,
28] The research community is now looking at CNNs and
DL's potential for various image processing tasks due to
their success in these areas. These methods were originally
put out for use with ground robots, as in the work in [29],
and then they were applied to the interpretation of aerial
photos [30]. Because of its greater classification accuracy
and generalization skills, deep learning has become a
popular method for classifying aerial images for
responding to emergencies and disaster management
applications. The authors of [31] suggest using "UAVs" to
detect fires using a deep learning method based in the
cloud. The detection uses a bespoke CNN that is trained to
distinguish between fire and non-fire pictures with a
resolution of 128 x 128 and has a structure akin to that of
VGG16. The algorithm is run on a workstation equipped
with a GPU Titan Xp GPU once the video feed from a
UAV is transmitted to it. In [32], an approach for locating
items of interest among avalanche debris uses a pre-trained
inception network for extraction of features and an SVM
with linearity for classification. They provide a picture
segmentation methodology that serves as a preparation
method to split the image in portions via a sliding window.
The basis for this technique is the difference in colour
between the object of interest and the background.

Additionally, they employ post processing to improve a
classifier that makes employing hidden Markov models in
terms of performance. With a clock speed of 3 GHz and
8GB RAM, the program runs on a desktop computer rather
than an embedded device averaging 5.4 frames per second
(FPS) for 224 by 224 pictures. The range of accuracy was
72%-97%.

In a similar vein, [33]'s study focuses on deep learning
applications for fire detection. To train fire detection
systems, two pre-trained CNNs—VGG16 and Resnet50—
are specifically employed and contrasted as foundation
architectures. To test the classification accuracy, fully
connected layers are added to the architectures once the
features are extracted. For a bespoke database, the various
models have an average accuracy of 91% and a median
computation time of 1.35 s using an Intel GTX 820 GPU.
The study in reference [34] suggests a method for using a
UAV platform to identify wildfires. The overall method
consists of a CNN named FireNet with 15 layers that
recognizes fire in 128 x 128 resolution photos. Its design
is comparable to the VGG16 network and includes 8
convolutional, 4 maximum pooling, and 2 fully
interconnected layers. Alongside it is a region suggestion
approach that uses higher resolution photos to extract
image areas for neural network classification. The system
was trained on an Intel 840M GPU; for 128 x 128
resolution pictures, and without accounting for the cost of
the region proposal and area selection algorithms, the
overall accuracy is 98%, as well as the average
performance is 24 frames per second on the specific GPU
platform. In terms of application domain, the work of [35]
may be the most pertinent as it trains a deep neural
network (DLN) to categories aerial photographs into one
of five groups that correlate to natural disasters. A fully
connected network is layered on top of the VGG network,
which serves as the foundation for feature extraction, in
order to carry out transfer learning for the new job. For a
bespoke test set, an accuracy of 91% is attained, and
processing a 224 x 224 picture takes less than 3 seconds
on average. The goal typically focuses on increasing the
independence and actual processing capabilities of the
UAV on-board system by adding extra limitations to it,
even if the application is comparable. Using DCNN
algorithms as the primary classifying strategy, previous
systems for aerial scene in managing emergencies and
catastrophe with UAVs have demonstrated very significant
results, according to the literature study. For the purpose
of classifying a particular event, they mostly employ pre-
trained networks that are already in place and adapt
through transfer learning. The primary computational
platform used to remote processing the UAV data on
GPUs is desktop-class PCs. But in other cases, connection
problems and communication delay might make these
systems perform worse, requiring the UAV to have more
autonomy and on-board computing power [36].
Additionally, the computational constraints of embedded
devices make it impractical to employ current methods
designed for desktop-class computers. The assessment of
current methods for the challenge of classifying aerial
image for responding to emergencies, as well as the launch
of an effective CNN appropriate for embedded systems
(like UAVs that is capable of on-board classification for
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several disasters), constitute this article's contribution to
the state-of-the-art.

Il. DL for Classifying Aerial Disaster Events

The method for creating an efficient CNN which
would be applied for classifying aerial photos taken
by a UAV for emergencies response applications is
described in this section. In particular, it describes
the process of gathering the training set for this task,
the many networks utilized for comparison and
analysis, both through transfer learning of pre-trained
networks and new networks, and the decisions taken
in their design. Lastly, the specifics of the training
procedure are given.

A. Collection of Datasets

Gathering an appropriate dataset is the initial step in
training a CNN for aerial image classification
applications related to emergency response and
disaster management. As far as we are aware, there
isn't a publicly accessible and extensively utilized
dataset designed for emergency response purposes.
Because of this, a special database known as AIDER
is created specifically for this purpose. In order to
produce the dataset, all photos for four catastrophic
events—fire, flood, collapsed building, and traffic
accidents—as well as one class for the normal
scenario, had to be manually gathered. Images with
comparable visual characteristics, like smoke and
flames, are grouped together. Although conceivable,
a more precise categorization is left for later research.
Using the terms ""UAV" or "Drone" and an incident
like "Fire," "Earthquake," "Highway accident,” etc.,
the aerial images for above events are collected from
a variety of open accessed datasets. Before being
trained, images are first standardized despite having
varying sizes. Every picture underwent a human
inspection process to ensure that the event of interest
was present and centred inside the image to prevent
its removal from the image view during any
geometric alterations during augmentation. The
multiple catastrophic occurrences were recorded
during the data gathering procedure at varying
resolutions and in varied lighting and perspective
conditions. In order to accurately represent real-
world situations, the dataset is unbalanced, with a
greater proportion of photos belonging to the no-risk
class. [37] Naturally, it may affect on the training to
be more difficult, but throughout the training, a
suitable technique is used to counter this, and it will
be covered in depth in the upcoming parts. [38] Since
the environment might affect the UAV's operating
circumstances, it's critical that the dataset includes a
variety of "clean" and “clear" picture types.
Furthermore, gathering data may be costly and time-
consuming. Therefore, before adding each image to

the batch for training, a number of random
augmentations are performed to it in a probabilistic
manner in order to further improve the dataset. [39]
These include specifically picture manipulations
including lighting adjustments, colour transferring,
blending, grinding, and shadowing, as well as
geometric transformations like rotations, translations,
cropping, and zooming on the horizontal axis. [40]
Furthermore, sample pairing is utilized to combine
photos and improve the training set even more [41].
To prevent the network from capturing the
augmentation qualities as a dataset characteristic,
each transformation is done with a random
probability that is carefully calibrated to guarantee
that not all photos in a training batch are changed.
[42] Fighting over-fitting and raising training size
variability are the goals of all these modifications in
order to boost generalization capability. In general,
over 17x more data were gathered than in previous
research that take into account multiclass issues (e.g.,
[43]). While there are less photos in the dataset than
in popular benchmarks like ImageNet and CIFAR, it
is more harder to come across such real-life
situations and obtain sufficient data. Therefore,
augmentation techniques were applied in order to
further improve the original dataset. We believe that
this designates AIDER (Table 1) as a useful
supplementary data source for creating and
comparing data-driven approaches for applications
related to emergency response and catastrophe
monitoring.

Table I: AIDER cases

Classes — D_a tas_et :
Training validating testing
Building collapsing 480 180 280
Fires 500 190 290
Flooding 480 180 280
Accidents of traffic 480 180 280
Normal 2900 1100 2100

B. CNNs for Classifying Airborne Disasters

In order to determine the optimal CNN structure for
classifying aerial images, two distinct methodologies were
used to create several networks. Investigating the trade-
offs between these networks' accuracy and performance is
the method' main goal. Initially, the networks described in
Section 1I-A are trained by transfer learning, which is
consistent with the approach taken in previous studies.
Moreover, particularly for this job, new network structures
have been developed and trained from scratch. The latter
method is justified by the fact that it enables the design
decisions that result in faster, more accurate networks
while maintaining the accuracy of bigger networks,
making them more efficient on embedded systems.

1) Transfer Learning Networks: Various networks
(VGG16, ResNet50, FireNet, MobileNets, and
SqueezeNet are used for transfer learning. Many related
works have also made use of most of these networks. For
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each of these networks, the feature extraction portion is
frozen once the input picture has undergone all required
preprocessing. A classification layer is then added on top,
in a manner similar to previous research. Unlike previous
efforts, a softmax classification layer is applied at the
conclusion of the process after a global (per feature-map)
average-pooling layer has been applied before the dense
layers. Average pooling has been demonstrated to function
just as well as traditional techniques, while also reducing
the number of parameters and the ensuing computing and
storage demands. Because the networks utilized in
published research for this purpose include fully connected
layers, the pre-trained models that were utilized for
evaluation are therefore by nature more effective with
respect to of memory and operations.

2) Custom Networks: according to how closely the dataset
resembles the large-scale dataset being utilized (such as
ImageNet), the pre-trained networks have varying degrees
of sensitivity. Transfer learning can lead to larger and
deeper networks, but they might not be appropriate for
resource-constrained systems like UAV platforms, which
have restrictions on platform size, weight, and power
envelope. Modifying the architecture of current networks
is also cumbersome since it necessitates repeating the pre-
training on a big dataset, which is computationally
expensive. To get over the aforementioned restrictions, it
is necessary to create specialized networks that are
computationally efficient by nature. [45] By concentrating
on the layer designs, type, along with connection, the
design space is investigated. As a result, several networks
are created to help comprehend the trade-offs associated
with the design decisions. Several consistent design
decisions are taken for each of the various network setups.
An architecture that uses the fusion of features from atrous
convolutions with varying degrees of dilatation as its
fundamental building block is devised, and these designs
are mostly applied to segmentation tasks. They are used
here to more effectively learn characteristics at several
resolutions simultaneously, enabling UAV applications
that encounter interesting locations at different sizes. With
the same resolution and fewer parameters, the suggested
architecture enables customizable grouping of the multi-
scale context data. We next go into depth about the atrous
convolutional feature fusion block.

C. Atrous Convolutional Feature Fusion (ACFF)

By controlling the dilation rate, which establishes the
distance between the kernel points, atrous convolutions,
also known as dilated convolutions [46], may efficiently
increase their receptive field without adding more
parameters. As a result, they can collect and convert
pictures at various resolutions. As a result, it may be
applied to provide further context to the model. The
proposed block computes several such ACFF (Ug) across
various dilation rates d. In order to decrease computational
complexity, every atrous convolution is factored into
depth-wise convolution, which applies a single
convolutional kernel per input channel to accomplish
lightweight filtering. [47] The various traits are then
combined by some kind of fusion. The natural tendency is
to use the various dilation rates since variations in
object/region resolution might cause one approach to
reveal details that another would have overlooked. It is

significant to notice that each path learns unique weights
wd that can be more beneficial; the weights are not shared
across pathways. The fact that atrous convolutions need
the same amount of calculations and parameters at every
resolution is another benefit of employing them. Typically,
each atrous convolution operates on the same feature map
but at a different spatial resolution, beginning with a
dilation rate of 1 and a filter size of 3x3 (i.e., no spacing)
and increasing to 3, which is equivalent to a 7x7 receptive
field (Figure I).
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This allows for different kernels to effectively look at the
same area with fewer parameters used. Reducing the
channel dimensions as well as the spatial size of feature
maps is a crucial component of optimized CNNs. For this
reason, the input feature map channels are separated in
half before the atrous convolutions. Because of this, atrous
convolution can have several branches without noticeably
affecting performance. A hyper-parameter that may be
adjusted further based on requirements is the depth
reduction factor. A bottleneck layer is employed to reduce
the overall amount of pathways after resizing without
changing the feature maps' spatial scale. The atrous
convolutional characteristics at different dilation rates
have to be blended in order for the unit to learn across
representations from a wide practical receptive field. After
the fusion procedure, channel characteristics are combined
nonlinearly and projected onto a higher dimensional space
using 1x1 convolutions and activation. An activation and
batch normalization come next for every atrous
convolutional block.
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D. Selections for Macro-architecture Design



1)

2)

Int. J. Advanced Networking and Applications

6878

Volume: 17, Issue: 02, Pages : 6873-6884 (2025) ISSN: 0975-0290

https://doi.org/10.35444/1JANA.2025170210

A low-computational-complexity deep neural network that
is appropriate for embedded systems is constructed using
the ACFF macro-block as a foundation. Table 11 shows
the total network structure that was designed using the
following options.

Lower First Layer Cost: Because the first layer is applied
to the whole image, it usually has the highest
computational cost. As a result, only sixteen filters with a
3 x 3 spatial resolution are chosen. Here, low-level picture
characteristics are more effectively captured by using a
conventional convolution layer. Two strides are employed
in order to minimize the calculations.

Early Down-sampling: All of the earliest layers undergo
down-sampling. Stride and max-pooling layers are
combined in an attempt to minimize information loss
caused by aggressive striding, while the spatial resolution
is still decreased. Empirical research revealed that
reducing the size of feature maps in later phases led to a
decline in accuracy; hence, the first four layers undergo
down-sampling.

3) Canonical Architecture: A pyramid-shaped architecture is

used for the CNN configuration in order to maintain
representational expressiveness. This implies that as the
depth of the feature maps increases, the spatial resolution
of each layer is gradually reduced. Thousands of filtering
at each layer are common in big networks, however this
adds a significant burden for embedded systems. As a
result, the first layer encounters Sixteen filters, and the
number of filters increases from there, although never goes
over 256, indicating the last layer before the categorization
section.

4) Fully Convolutional Architecture: By eschewing the usage

5)

6)

of fully linked layers, a quick and easy method is used to
drastically lower the number of parameters and computing
expense. Rather, the channels are reduced to the number of
classes using a channel-wise 1 x 1 convolution. The per
class feature maps are then summarized using a global
average pooling operation and supplied to a softmax layer.
Capped Leaky RelLU: Because capped ReLU is resilient
when used to low-precision computing, it is employed,
like to [17], as the primary nonlinearity throughout the
network. To be more precise, the output has an upper
constraint of 255, which may be roughly represented by
the integer 8 b. This particular ReLU variation does not
take use of quantization, but it makes the network more
receptive to future enhancements. Additionally, there are
two ways that the modified capped leaky ReLU can
function. The tiny percentage of gradient is allowed to
flow throughout the training phase, but it is wiped out
during the inference phase to allow for quantization if
needed.

Regularization: Beyond augmentation to prevent over-
fitting, extra regularization approaches are also included
because of the dataset's smaller size in comparison to
databases like ImageNet. Specifically, depth reduction
techniques, 1 x 1 convolutions, and atrous convolutions
are employed before batch-normalization [49]. The layers
with the most parameters are followed by a dropout layer
with a rate of 0.2. Similar to previous studies, it was
discovered that L2 weight regularization, using a 5 x 104
parameter, was useful in accelerating the network's
learning process and reducing error rates.

7) Network Depth: Large amounts of data are a prerequisite

for deep networks, which are required to construct robust
representations. Additionally, the computational cost of
very deep networks is significant. Based on these two
considerations, it was empirically discovered that a
network size of six ACFF blocks had been adequate to
reach accuracy levels comparable to the state-of-the-art;
expanding it resulted in increased computing costs but no
discernible accuracy gains.

8) Ignore Connection Fusion: The aggressive down sampling

procedure may result in the loss of a substantial quantity of
information. The input feature map is additionally
incorporated into the fusion process in order to retain part
of the original data.

The foundational EmergencyNet architecture depicted in

Table 11 is constructed from the aforementioned
combinations. In order to assess and contrast the tradeoffs,
several approaches of fusing together the feature maps
have been tested alongside base implementations of
conventional  convolution, depth-wise  convolution
networks, and spatially-separable convolutions. Section
IV-B presents these findings.

Table Il: EmergencyRes Model Structure

Input images 240*240

Convolution 120*120 16 2
ACFF-Block-1 120*120 64 1
Max-pooling-1 60*60 2
ACFF-Block-2 60*60 96 1
Max-pooling-2 30*30 2
ACFF-Block-3 30*30 128 1
Max-pooling-3 15*15 2
ACFF-Block-4 15*15 128 1
ACFF-Block-5 15*15 128 1
ACFF-Block-6 15*15 256 1
Convolution 15*15 5 1
Global-pooling 5

Softmax 5 5

E. Testing and training

For equal circumstances and an equitable comparison
throughout the inference phase, every network is tested
and grown using the same training framework. All models
are available through the Keras DL framework, which uses
TensorFlow as the backend. When feasible, every network
should utilize the same picture size (with the exception of
the MobileNet V1 and V2 models, which need a smaller
image size). As a result, a picture is first shrunk to the
proper size based on the network before being enhanced
and added to the batch (240 x 240 pixels is the default size
that's usual for training CNNs). Although using higher
picture sizes might result in slower inference times, this
study does not examine the image size space; instead, the
network architecture is the main emphasis. Dividing the
set of data into training, validation, and testing sets is the
first stage in the training process. [50] The training set
receives the majority of the data, with the remaining data
being divided in a ratio of 0.5, 0.2, and 0.3 amongst the
other two sets. The Normal class is overrepresented in the
dataset because, as was previously indicated, it is the
dominant class. This is a reflection of actual
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circumstances, but if left unchecked, it may cause issues in
which the network overfits and labels everything as
belonging to the majority class.

Under sampling the majority class and oversampling the
minority classes in the same batch are done simultaneously
to prevent problems caused by the imbalanced dataset. In
order to do this, the steps listed in Algorithm 1 are
followed to choose an equal number of photos from each
class to create a batch, ensuring that every case is
represented equally. This procedure is favoured in part
because most of the photos were taken from movies.
There's a reliance between pictures in close temporal
proximity even with minimally sampled footage.
Therefore, throughout the training process, it is less
common to come across Visually comparable photos
thanks to random sampling. A GeForce Titan Xp, an Intel
i7 — 7700K CPU, and 32GB of RAM were used to train
each network. For training, a cosine learning rate annealed
plan was employed along with the conventional Adam
optimization technique [51]. Given that there were 300
epochs overall and a starting learning rate of 0.1, the
learning rate LR at time t is determined using the formula
in (3). Additionally, label smoothing with an epsilon of 0.1
is done during training. With a batch size of 64 and 60
iterations, each epoch produces 3840 enhanced photos in
1total.

LR(t) = 0.5 (1 + cos(((t *z) / (300)))) *O.1.
3

IV. Results of the Experimental Evaluation

Results from the approach's testing on a real embedding
system are shown in this part along with the experimental
evaluation of the suggested technique. Initially the
produced data is wused to confirm the enhanced
performance over the current networks, and the learning
process' qualitative outcomes are shown. Additionally, real
tests have been carried out in two distinct environments.
First, there is aboard embedding processing, in which
every calculation is done on a device that is embedded
inside the UAV platform's limited resource pool. Second,
processing that is done remotely, using an Android tablet
to operate the UAV while transmitting the footage it has
recorded to a controller ground station. Because this is
typical in actual time streaming software in which the
camera produces each picture repeatedly, it is important to
note that the evaluation stage happens with a batch size of
one. This is because the major interest is in the speed at
which just one picture can be processed.

A. Measures of Performance

The resultant frame-rate, or FPS, attained by each model is
a crucial performance indicator for real-time applications
since it is inversely related to the amount of time required
to analyze a single image frame from a video or camera
stream. Furthermore, a simple accuracy measure
(percentage of correctly classified examples), that has been
employed within other publications, might be less suited to
the exact issue regarded during this research since the
typical scenario is typically much more frequent than other
classes, given that previous variation over classes is

significantly non-uniform. The F1 score is used as the
learning performance parameter instead of this to prevent
bias in our results. Here is a summary of the important
metrics.

1) Frames-Per-Second (FPS): The pace that a machine
learning algorithm can process receiving camera pictures,
with ti being the amount of time it takes to process one
picture.

Fromm =

est_s: \mplas
e )
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2) Mean F1 Score (F1): it measures the average accuracy for
every class, scaled using the quantity of test cases for every label,
represented by the symbol |Ci|. The balance across recall and
accuracy is expressed by the F1 score. Generally speaking,
having low false positives and low false negatives corresponds to
having a high F1 score. This solves the issue of label imbalance
and yields a performance metric that is better suitable for
comparing different classes.

Flmodel =
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B. Comparison and Analysis of the General
Performance

The bespoke algorithms with various fusion strategies with
the primary architect shown in Section I11-B2 have been
contrasted with networks made up of depth-wise and
regionally separable convolutions and vanilla CNN
representations of regular convolution networks. Table 111
summarizes the findings of comparing the various
networks based on factor size that influences the model's
learning complexity, accuracy, and memory for storing the
model weights.

TABLE I11I: models comparison

Standard convolutional 720123 3.12 94.4
Depthwise-Separable 96112 0.401 92.01
Spatially-Separable 629320 2.688 93.61
Max-Fusion 91021 0.409 95.8
Average-Fusion 91021 0.409 94

Add-Fusion 91021 0.409 96

Concatenate Fusion 223501 0.975 95.3

In comparison to other models, the typical CNN requires
more memory because to its greater parameter count.
Among the conventional networks with the greatest cpu
and parameter count requirements, it obtained the best
accuracy. These requirements are lessened by the depth
wise-separable convolution network, but the accuracy
reduction is significant. The accuracy is increased by the
regionally separated network, although more parameters
are required. Conversely, the suggested networks using
various fusion techniques offer better or comparable
accuracy. The small number of parameters makes them
memory- and  computationally-efficient, and the
combination of many features from various kernel sizes
results in a notable improvement in accuracy. Among the
ACFF-based networks, the maximal and add fusion
models performed superior for this specific sample. This is
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explained by the reality that they place greater focus on
certain spatial places that aid in learning as opposed to
average fusion, which may diminish some significant
characteristics and suppress information. Furthermore,
they do not result in an increase in memory or processing
demands, as concatenation fusion does.

The primary design of EmergencyRes, which is utilized
for evaluation compared to different networks in addition
to results from experiments, is chosen from the top-
performing networks with add fusion. Table IV presents
an overview of the outcomes for every network. In order
to quantify complexity as a platform-independent metric,
comparisons are also done for these networks with regard
to FLOPS. First, it is noted that VGG16 leads all other
pre-trained models in terms of accuracy, with an F1
accuracy score of 96.4%, followed closely by ResNet50
with 96.1%. This is consistent with previous research
utilizing these networks, which revealed accuracy levels of
81% — 98% for various scenarios and purposes. However,
because to their extremely high computing and storage
needs, these networks are not suited for applications that
operate in real time or systems with limited resources. The
most recent generation, V32, earns an accuracy rating
95.3% and is the most accurate of the MobileNet series of
models. It also has the least FLOPs among the pre-trained
models. But it needs an order substantial greater in RAM
and variables. Even though both of the MobileNet editions
(V1 and V2) had lesser picture sizes (224 x 224), their
FLOP needs remain greater.

EfficientNet3's complex architecture allows for an
impressive accuracy of 96.0%. Nevertheless, compared to
EmergencyNet, there are more parameters and memory
needs. Some networks need more FLOPs with more
parameters and don't offer accurate enough results. This
research makes it evident that, if one wants improve every
area of design, it is worthwhile to look at custom-made
solutions for limited applications. Compared to the most
comparable structures, EmergencyNet delivers equivalent
performance with less FLOPs and variables. It achieves
95.7% accuracy on the F1 score, extremely similar to pre-
trained network techniques, and requires just 360 KB of
RAM, 30% fewer than MobileNetV3. In regard to
accuracy, EmergencyNet performs well than more modern
models like EfficientNet and MobileNetV3, but with a lot
fewer parameters. Further evidence of EmergencyNet's
effectiveness in drastically lowering memory requirements
for using classification of images over actual time
incorporated rescue applications comes from its noticeably
smaller model size when compared to other models. This
also qualifies within the chip storage on low-power
structures with memory limitations and for more
specialized computing platforms like FPGAs that can
restrict on-chip storage.

Table 1V: models comparison

EmergencyRes 91201 0.428 MB 96.7% 59
ResNet50 24224601 98.3 MB 97.2% 4644
VGG16 14972520 60.28 MB 97.6% 17831
Xception 21442416 86.47 MB 96.5% 428
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MobileNet V1 3587628 143 M 96% 561
MobileNet V2 2696318 11.2 MB 96.2% 281
MobileNet V3 3132148 13.4 MB 96.4% 71
SqueezeNet 701340 3.6 MB 92.6% 855
ShuffleNet 4393536 17.6 MB 92% 562
EfficientNet 4489896 18.1 MB 97.1% 435

FireNet 5346971 5.7 MB 91% 1688

Using EmergencyNet's confusion matrix in Figure I, we
can make some inferences about the task's complexity and
identify some areas that may benefit from further
investigation. Reducing the bulk of mistakes associated
with correctly identifying photos as belonging to the
normal class can lead to several areas of improvement. It's
for being anticipated because there are certain photos
where the occurrence doesn't take up much space in the
image and the angle might not be perfect. It is standard
procedure to process many crops from the images supplied
for the purpose of making up such instances. On the other
hand, this has detrimental effects on time for processing.
Additionally, it is noted as the traffic incident class yielded
the least accuracy generally. This is due to the fact that in
certain photos, the “incident" was unclear due to the point
of view, or the label was unclear in certain instances. Fig.
Il provides some intriguing categorization results
examples. Notably, similar behaviours were true for all
networks, supporting previous research suggesting
additional pertinent data is required for CNNs to perform
well in challenging scenarios.

Collapsed 0.00 0.03 0.00
Building 0.8
Fire 1 0.01 0.02 0.00
E 0.6
% Flood 1 0.00 0.02 0.00
2 0.4
-
None 1 0.00 0.00 0.01
0.2
Traffic 1 002 000 o0.00
Incident < - v 0.0
coNepse® e Fl1008 NONE qaffic

puildin® ycigent
Predicted Label

Fig. Il: EmergencyNet confusion matrix.

= AN ,(l;) y =

Fig. 111: Events classification.

C. Evaluating Learning Qualitatively

The following subsection delves further into the elements
and areas of the picture that affect the neural network's
predictions along with how it learned to respond for
different scenarios to determine a classification. To do
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this, the method described in [33] is applied to identify the
regions of the picture which elicit the largest activity. The
actions of the maps of features are averaged and adjusted
up to match the dimension of the map in the layer above
using this method in each layer. The mean map from the
layer below is then multiplied by the up-scaled averaged
map of a higher level. Once the input is attained, these
stages are repeated. Additionally, data on gradients
coming towards the final layer of convolution instead of
activating result can be employed in the gradient-weighted
class activation mapping (Grad-CAM) technique [34] to
visualize the input areas that are significant for class-
specific predictions. Which areas of the input picture
influence most to the network's output are displayed by
these mask visualizations? Several successfully identified
photos are shown in the illustration Ill, along with the
regions that correlate to the CNN's greatest activations
(namely, the EmergencyNet framework). It is clear from
both methods that the CNN considers significant
indicators while making decisions, such as the reddish-
yellow glow fire in Figure 1V. The heat-maps consistently
demonstrate that the catastrophic event-related pixels
dominate the significance of the categorization outcome.
This suggests that the network does acquire the ability to
identify significant occurrences for scenarios of
emergency.

Fig. IV: the red—orange glow of fire images

D. Results of Embedded Applications

The assessment of EmergencyRes in actual use scenarios
is shown in this section. Targeted are edge devices with
constrained computing capacity and energy overhead, such
as mobile ARM-based devices with 10-150 MFLOPs.
Along with other cutting-edge networks, the planned
network EmergencyRes's processing capacity and ensuing
frame-rate are measured. The focus is on two distinct
situations. For the purpose of processing the input image,
the UAV controller is connected to a tablet that serves as
the mobile ground station. The first involves an on-board
processing platform. Due to their ease of deployment, both
solutions can be used for remote monitoring in emergency
situations.

1) UAV aboard Processing: A platform with a quad-core
ARM Cortex-A57 can be utilized for on-board processing;
this processor is strong and energy-efficient, and it has a
tiny form factor that makes it ideal for UAVSs. In
comparison to other state-of-the-art models that can only

attain 9 frames per second, the EmergencyRes model
obtains 25 frames per second on this platform. This makes
it considerably more practically usable. It's crucial to
remember that MobileNetV3's lower FLOPs are not
immediately converted into greater efficiency on the
particular CPU-based experimentation architecture. This
highlights even more how important it is to optimize while
keeping the unique features of the computing architecture
in consideration. All in all, a 2 — 20% accelerates is shown
in comparison to previous models. But more benefits
might be made by using bits compression also
normalization approaches, for which EmergencyRes has
proven appropriate. This would allow it to operate at even
faster frame rates and enhance CPU architecture
efficiency.

2) Analysis on "UAV Mobile Ground Station": A
somewhat traditional approach is also used for evaluation,
in which the UAV controller is linked to a tablet that
serves as a mobile control station and receives the picture
from the UAV camera. With this configuration, the weight
and power of the UAV platform are not affected as the
video stream may be processed directly on the tablet.
Modern networks can only provide frame rates of about 10
FPS; the EmergencyRes network is able to provide greater
frame rates of 19 FPS. Observe that interference between
the UAV and the controller may be seen in real-world
scenarios, which has a detrimental effect on the visual
task's dependability. Therefore, the former scenario may
be a better choice.

E. Discussion and Additional Improvements

The EmergencyRes network can produce accuracy on par
with cutting-edge models at a quarter of the amount of
storage and compute required, which is a promising
outcome overall. It is still feasible to make changes,
especially if the computer platform permits them.
EmergencyRes's wide margins enable scientists to analyze
photos with even better quality. Specifically, by fusing the
effective model with partitioning techniques that divide
bigger pictures into smaller sections, each model is able to
handle separately. More specifically, it is feasible to
provide comparable frame-rates for higher quality pictures
by merging them into one batch using the use of parallel
processing capabilities [52]. Assuming that successive
frames in a video are associated with respect to their
semantic contents might significantly enhance total
accuracy in classification for streams of video. It is
feasible to determine the degree of similarity among
several frames by measuring the distance between the
output vectors before to the classification tier. This allows
one to weight the predictions made by previous frames so
as to flatten out and eliminate flickering in the
classification. This straightforward yet efficient method
was able to lessen predicting flicker in the tests we
performed films. It was discovered that the characteristic
of the fusion design offered strong representation
capability with fewer parameters. Therefore, utilizing the
latest developments in computerized modeling search—
which have been applied more and more in recent studies
[23], [26]—would be advantageous as a natural
progression towards enhancing the integration of features
architecture.
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The study has shown a few challenging scenarios that need
more investigation to produce better answers. Sub-classing
can be useful, and the traffic accident scenario, for
instance, can encompass a wide range of circumstances. A
significant obstacle that needed to be addressed was the
complexity of data collection and gathering. In situations
when obtaining a large amount of data online is difficult, it
may be useful to investigate the latest developments in
generative models to determine the joint probability
distribution for every class and produce new, lifelike
synthetic data. Last but not least, there is a chance to
incorporate EmergencyRes with algorithms which identify
individuals and vehicles along with other methods (like
thermal cameras) to produce substantially improved
contextual awareness. This may serve as a useful
instrument to feed disaster reconstruction alongside
emergency-management applications, particularly when
combined with spatial applications to getting the identified
events.

CONCLUION

This paper serves as a foundational research for
emergency response applications utilizing "on-board
UAV" analysis. The design and deployment of an effective
deep learning system for autonomously identifying and
categorizing catastrophic situations in real-time from a
UAV's onboard have been analyzed. The suggested
method offers a suitable balance between complexity,
inference speed, and accuracy, and it may be applied as a
foundation for use-cases with related limitations. The
experimental investigation verifies the effectiveness of the
suggested approach given that EmergencyRes offers
accuracy that is on par with or superior to current models,
is up to 20x quicker, and uses an order of magnitude less
memory.  Furthermore, an exclusive aerial pictures
collection for emergency response applications will be
provided, providing researchers with additional tools to
enhance the current models. With the goal to improve on
current models and methodologies and increase
community knowledge regarding these applications, the
dataset is going to be continuously updated along with
enlarged using more photos and classes.
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