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Abstract: Advanced-Convolutional Neural Networks (A-CNNs) and modern computer vision technology are revolutionising
remote sensing. This research revolutionises remote sensing visual identification by seamlessly merging cutting-edge sensor
design and CNNs. We want to redefine remote sensing data use away from human-centric methods. Our substantial research
into upgraded CNNSs has given us unsurpassed image recognition accuracy and efficiency. Cutting-edge sensors that record
stunning faraway images and provide contextual data for analysis have enhanced this achievement. Our extensive analysis
includes sensor technology advances and the incorporation of CNN into remote sensing workflows. Thus, a comprehensive
remote image analysis system for environmental monitoring, disaster management, and security enhancement has been created.
The study showed great advances in distant picture processing and item detection. Our adaptable technique can recognise
objects of interest, classify land cover, and track temporal change. Using sensor data efficiently with CNNs allows real-time,
data-driven decision-making in many fields. In summary, our study ushers in a new era in distant sensing visual identification,
entering undiscovered territory. With powerful CNNs and cutting-edge sensor design, remote image analysis and object
detection can be improved across industries, ushering in a new era of innovation.
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1. Introduction

Over the past decade, there has been an incredible increase in the gathering of visual data from above. These large amounts of
data, known for being very large and having very specific details, have been used in many different fields, such as helping with
disasters, watching the environment, and doing Intelligence, Surveillance, and Reconnaissance (ISR) [13]. However, managing
and understanding these huge and complicated amounts of data has been difficult using only human analysis [14]. As a result
of this difficulty, the field of picture data processing has undergone quick and significant change. Adopting advanced
technologies such as Convolutional Neural Networks (CNNs) has received special attention [15]. These neural networks have
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shown to be game changers in image identification, allowing us to tackle previously thought intractable issues. The evolution
of CNNs in image recognition is remarkable [16]. Their beginnings can be traced back to the late 1990s when Yann LeCun
introduced the notion. However, it wasn’t until Alex Krizhevsky’s revolutionary work in 2012 that CNNs finally came to the
fore [17]. Krizhevsky’s groundbreaking deep architecture, which included several layers, was a watershed moment in computer
vision. It proved deep learning’s great potential, particularly when applied to challenging picture identification issues. We are
solving an issue involving image recognition [18]. Imagine you have a collection of images (dataset D) taken with a sensor
with specific settings (parameters P). Our goal is to identify the best settings (p) to optimize the performance of an image
recognition model (m) on dataset D. We measure performance using criteria such as accuracy [19]. However, we must also
consider the sensor’s cost in a practical setting. Ultimately, we seek to balance performance and cost-effectiveness [20].

This research demonstrates using the latest image data and advanced visual recognition techniques to formulate an optimized
solution to this problem [21]. We showcase findings for various problem settings. Our selected models m € M consist of CNN
(Convolutional Neural Network) variants and image quality algorithms. However, it is crucial to emphasize that the approach
presented here is versatile and can be applied in numerous scenarios [22]. Developing strong neural network software
frameworks such as TensorFlow, Caffe, and PyTorch facilitates this advancement [23]. These frameworks have enabled a
vibrant and dynamic community of researchers, engineers, and developers to work together on creating and implementing
neural networks specifically designed for visual identification tasks [24]. They have enabled quick experimentation and
innovation, allowing the industry to evolve astonishingly [25].

The importance of employing CNNs for visual recognition in the context of overhead imagery cannot be emphasized. Their
extraordinary capabilities and the ever-increasing volume of image data highlight the importance of optimizing sensing systems
to gather images that smoothly correlate with CNN-driven recognition [26]. These sensing devices must be built to provide
copious data suitable for CNNs’ sophisticated capabilities [27]. This optimization approach is not confined to a single image
recognition model but may be applied to various models, including CNN-based models and picture quality algorithms. It is a
flexible approach that may be used with various image recognition models, including the Human Visual System (HVS) [28].
One of the key aspects of this research is the comparative analysis of metrics. It delves into comparing metrics associated with
human recognition and metrics associated with machine recognition [29]. This comparative approach offers valuable insights
into sensor parameters’ effectiveness in optimizing image recognition models’ performance. The vital elements and
configurations to solve the optimization problem [30]. These elements match the variables and settings in the optimization
equation. We will explore the background in the following sections, covering image usefulness and sensor modelling [31]. We
will also discuss the sensor simulator and our experimental approach [32].

Most importantly, our work incorporates the findings of multiple experiments [33]. These trials demonstrate the practicality
and efficacy of the proposed optimization approach. Through these experiments, we provide insight into how sensor
characteristics affect picture recognition performance, whether through classification, detection, retrieval, or any other
recognition task. In conclusion, our research marks an important step toward optimizing sensor systems for image recognition
[34]. It recognizes the growing importance of machine-based recognition in a world flooded with massive image databases.
Incorporating CNNs and image quality algorithms highlights the adaptability of our method [35]. We discover significant
patterns that link observable sensor parameters with recognition outcomes by comparing human and machine recognition
measures [36]. Finally, our study has far-reaching consequences and provides novel advances in picture identification in the
context of overhead images [37].

2. Literature Review

Sumbul et al. [1] address fine-grained object recognition and zero-shot learning in remote sensing imagery. The authors explore
advanced techniques in image analysis for improved classification in geospatial data, contributing to the field’s understanding
of recognizing objects with high granularity and achieving zero-shot learning capabilities in remote sensing applications.

Song et al. [2] focus on intelligent object recognition of urban water bodies using deep learning on multi-source and multi-
temporal high spatial resolution remote sensing imagery. The research aims to enhance the accuracy and efficiency of urban
water body detection, contributing to advancements in intelligent image analysis for water resource management in urban areas.

Nica et al. [3] investigate the convergence of geospatial big data management, computer vision algorithms, remote sensing,
image recognition, and event modelling in the metaverse. Their comprehensive approach sheds light on integrating advanced
technologies and their implications for the virtual economy.

Cui et al. [4] contribute to remote sensing image analysis focusing on multi-scale semantic segmentation and spatial relationship

recognition. Their work employs an attention model, enhancing the precision of identifying and understanding spatial features
in remote sensing imagery, offering advancements in image processing for geospatial applications.
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Lin et al. [5] introduce a novel secure satellite remote sensing approach by proposing a few-shot RF fingerprinting recognition
system. The study addresses the need for enhanced security in satellite image processing, contributing to advancements in
securing remote sensing data through innovative techniques in radio frequency fingerprinting.

Zhang et al. [6] comprehensively review deep learning applications in remote sensing image understanding. The study
highlights the efficacy of deep learning methods for classification and feature extraction tasks, showcasing their potential to
enhance the accuracy and efficiency of remote sensing data interpretation.

Alhilal et al. [7] focus on image-based object identification to enhance event-driven sensing in wireless multimedia sensor
networks. Their work emphasizes efficient methods for identifying objects through images, contributing to advancements in
sensor network capabilities for real-time event detection and monitoring.

Redondi et al. [8] present a testbed realization of a visual sensor network for object recognition. Their study focuses on the
practical implementation of a network designed for efficient object recognition, contributing to developing robust and scalable
systems in digital signal processing and visual sensor networks.

Mirdanies et al. [9] propose an object recognition system for remote-controlled weapon stations, employing the SIFT and SURF
methods. Their study addresses the critical need for accurate and efficient object recognition in military applications,
contributing to advancements in technology for enhancing the capabilities of remote-controlled weapon systems.

Che et al. [10] present a comprehensive review of the state of the art in object recognition, segmentation, and classification of
mobile laser scanning point clouds. The study surveys current methodologies, highlighting advancements in processing
techniques for extracting meaningful information from mobile laser scanning data, contributing to improved applications in
various domains.

Martins et al. [11] introduce a Multi-scale Object-Based Convolutional Neural Network (multi-OCNN) for high-resolution
remote sensing image classification. The study explores the effectiveness of this novel approach, highlighting its potential to
enhance classification accuracy and efficiency in handling high spatial resolution imagery, contributing to advancements in
remote sensing applications.

Mohan et al. [12] review remote sensing methods for landslide detection, focusing on machine and deep learning techniques.
The study assesses the efficacy of these methods, offering insights into advancements in landslide detection technologies. Their
work contributes to the evolving field of remote sensing applications for natural disaster monitoring.

3. Contextual Framework

When evaluating the quality of images in general, we can group these into two kinds of image quality assessment (IQA): full-
reference IQA and no-reference IQA. With full-reference IQA, we can compare a target image with the original (undistorted)
one. On the other hand, no-reference IQA doesn’t have this luxury, so it has to evaluate the quality of an image without it being
given a reference point. Numerous algorithms have been proposed for each category, all of which work toward taking an image
and producing a single score representing its quality [38]. Full-reference IQA in evaluating compression effects like those
created by JPEG typically use the Mean-Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) as their main metrics.
For no-reference IQA, we don’t have such a large amount of functions [39].

There are algorithms like BRISQUE and NIQE, for example [40]. The former is considered opinion-aware since it’s developed
using human evaluations, measuring the quality based on linear combinations of locally normalized luminance coefficients
[41]. Its creator says it can capture image distortion and naturalness by doing so. On the other hand, the latter calculates its
score by comparing features of the image to a multivariate Gaussian distribution model [42]. Comparing these IQA metrics
with how humans perceive image quality and how CNNs recognize images, the team could determine their effectiveness and
whether they could predict CNN performance across different sensor systems [43].

Specifically, we differentiate between the concepts of picture quality and utility, both of which are concerned with judging the
worth of an image for particular recognition tasks. The National Imagery Interpretability Rating Scale (NIIRS) was developed
by the IRARS group in 1974 with the purpose of quantifying the interpretability of imagery that is normally obtained from
overhead platforms [44]. It employs a scale that ranges from 0 to 9, where 0 indicates that it is impossible for anyone to read it
due to artefacts or blur, and nine indicates that you are able to differentiate between items at the centimetre scale. Despite the
fact that there is no clear definition for “image quality” in the same way that there is for “image utility” in the context of NIIRS,
image utility, as defined by NIIRS, is something that we are able to quantify, measure, and eventually improve [45]. We have
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developed equations in order to establish a correlation between human-annotated NIIRS data and other quality characteristics
of the most popular forms of imagery and the collecting techniques that are linked with them [46].

The GIQES optical analysis runs on the belief that an analyst will manipulate the image during the analysis progress, known as
the softcopy scenario [47]. By merely using image-editing tools, the artist does not subscribe to postprocessing generic elements
[48]-[50]. The GIQES involves three key variables The GIQES involves three key variables:

_ Land Q = 2™
FN =Jand Q== (1)

In order to carry out the method, we have a plan in place. To begin, we make use of public photos, and then we proceed to
incorporate any items that are already present in the image system [51]. After that, we remade these photographs so that they
appeared to be real as if they had been obtained by a piece of different imaging equipment. However, we were the ones
responsible for designing all of the parameters [52]. With regard to these sets, the process of image production is broken down
into two groups, namely training standards and testing standards [53]. Following that, a CNN and a classifier model are trained
with the help of these SVM simulations. Following the loading of the results of the tests, we analysed the images, and then we
returned to the process of making the necessary adjustments to the various parameters [54]. Leakage and yield are two system
metrics that are extremely important to consider when evaluating the performance indicators of a technology.

Let’s consider a situation in designing an imaging system: for example, we can imagine a NASA-bound remote sensing system
engineer whose decision leads to the diameter of the lens aperture selection being his concern [55]. This is achieved by studying
GSD, SNR, output NIIRS value, and their contribution to the final price to find the fine line between the price and their true
value [56]. An increase in aperture may cause a lower GD, a higher SNR, and finally, the highest NIIRS among all objects. On
the other hand, there is a dimension after which the diameter of the aperture could rise, which is caused by the cost of building
and launching the system [57]. If we connect this example to Equation 1, we can express it as:

argmin L(D; P, D) (2
D

L = a - NIIRS(D; P, D) + B - cost(D; P) 3)

In our proposed system, the letter ‘D’ represents the diameter of the system’s aperture. The amount of monetary investment
‘cost’ respectively should be taken into account, ‘NIIRS’ means the potential NIIRS rating for the system and stands for the
dataset used for the NIIRS model (in this case, the GIQE). The objective function we need to optimize, called ‘L’, is a complex
function which includes coefficients’ o’ and ‘B’ for NIIRS scores and costs. Only the space around the sensing device and
direction ‘P’ is not part of the camera’s field of view, whose parameters are ‘D’. Using night vision technology, we aim to
optimize imagery for the Human Visual System to reach the highest Night Image Intensifier Rating System.

Convolutional Neural Networks, also known as CNNs, are a class of significant algorithms that are fast gaining popularity for
decision-making procedures based on optical pictures obtained from above. Generally speaking, they are attempting to find
solutions to issues with categorization, retrieval, detection, and segmentation. When it comes to image classification, the amount
of different ways that deep CNN techniques can be applied varies depending on the architecture, particularly when it comes to
scenes that are shot from above. In addition, there is an increasing tendency toward viewing and making enormous databases
of publicly available surface images available to the public. For instance, the SpaceNet dataset, which was initially presented
in 2016, is intended for use in classification applications. It is comprised of hundreds of thousands of annotated polygons that
detect buildings in DigitalGlobe satellite imagery. The Functional Map of the World (fMoW) dataset, which was published in
2016, is another illustration. It contains one million DigitalGlobes that are organised into 63 categories. This increase in publicly
available data using rectangular bounding boxes for segmentation, innovations in GPU hardware, and advancements in CNN
architecture have all contributed to a significant increase in the use of CNN for surface image analysis. Image descriptions also
contributed to this increase.

4. Methodology

We use a simple method to predict algorithm performance as image system parameters change. Initially, we create a code
replicating imagery gathered by several overhead image systems. This simulator currently uses high-quality DigitalGlobe
imagery. Next, we use the simulator to reproduce the target dataset while changing one of the system’s parameters, like the
optic focal length. Ultimately, we utilize this dataset to train and evaluate an image recognition model and track the evolution
of validation performance to modified system parameters. A software framework was developed to regulate data processing,
machine learning, parameter management, and result logging. Python 3 was used to write this framework, while PyTorch was
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used to train and assess CNNs. The framework can facilitate the learning and image simulation procedures with parameter
change.

5. Dataset

According to what was stated earlier, the fMoW dataset contains more than a million photographs, each of which is connected
to a target that is a member of one of 62 classes or an additional false detection class. The photos that make up the dataset were
captured in over 200 different countries using one of the four possible DigitalGlobe sensor platforms: GeoEyel, QuickBird2,
WorldView2, or WorldView 3. The distribution of the total number of photographs taken at each station according to the classes.
This dataset contains bounding boxes of objects that range in size from approximately 10 pixels at the smallest to over 700k
pixels at the largest. The sizes of these bounding boxes are quite variable. In this way, it is distinguishable. A unique challenge
arises when one considers how to pre-process the data in order to make it acceptable to a fixed input model. Within the context
of this experiment, we investigate two fundamental approaches to this pre-processing, each of which is treated as an independent
variable.

After being converted to TOA (or at-aperture) radiance, fMoW data has the potential to emulate the process of picture gathering
from a variety of remote sensing devices. In this section, we will discuss this particular approach. First and foremost, we would
want to bring to your attention the fact that one is limited by the capabilities of the picture system that was utilised in order to
collect the initial dataset. We are only able to produce pictures of a lower quality than most other photographers (lower
resolution, more noise). To provide a brief overview, the optical Modular Transfer Function (MTF) is utilised to execute a
blurring function on the digital images that were initially captured. The data is resampled using the Fourier transform, and
aliasing artefacts are incorporated into the process. The generated Fourier image is put back into picture space once an inverse
transformation has been performed. Following this, a scalar value is computed that converts the radiance photos taken at the
aperture into electron units based on the detector measurements. Initially, we provide the following definition of the optical
cut-off frequency for an incoherent imaging system with diffraction limitation:

1 D
Voptcut = IFN i 4

Where f stands for focal length, D for aperture diameter, A for light wavelength, and FN, or “f-number,” is equal to f/D. This is
the highest-frequency sinusoid an optical system produces on the picture plane. It is recommended to directly compare this
number with the detector’s Nyquist sampling limit.

The present use of the optical ground sample (GSS,ptics) size complies with the Finite definition of:

H
GSSoptics = AB ®)

Where H represents the remote sensing system’s height, what is meant by the ground-based optical cut-off frequency is:

1 D
optcut_gnd = 2-GSS = 2A-H (6)

V,
We used SqueezeNet, VGG, ResNet, and DenseNet as the four CNN architectures in our research. These designs were chosen
to demonstrate the most advanced CNNs for visual recognition while allowing for considerable design and parameter
customization. The PyTorch torch-vision library8 is used to implement all of the models, and either cross-entropy loss or triplet
margin loss is utilized for training.

It is widely recognised that the VGG model, which is one of the earliest effective CNN architectures, is renowned for its
numerous parameters and uncomplicated construction. A number of recurrent convolutional layers with dimensions of 3x3 are
utilised in the VGG approach. Additionally, 2x2 max-pooling layers are utilised in order to reduce the spatial dimension
between blocks. In spite of the fact that ResNet, DenseNet, and other designs have outperformed it in terms of performance, it
is still valuable as a reliable baseline. The popular 16-layer variant of this model, which is referred to as VGG16, is the one that
we use. VGG has a significant challenge in the form of the vanishing gradient problem, which occurs when additional layers
are added. The skip connection structure, which is a fundamental block with its input appended to its output, is a solution that
was provided by the ResNet architecture to address this problem. Because of this, it is now feasible to carry out optimization
with a far more extensive network. While conducting tests, we make use of the ResNet152 architecture, which is comprised of
152 layers. DenseNet concatenates layer inputs to layer outputs rather than adding them, expanding on ResNet’s skip connection
approach. Because it connects all network levels directly, this paradigm promotes feature reuse. We use a 161-layer DenseNet
(DensetNet161) architecture, showing promising results on the fMoW dataset and ImageNet. The basic architecture used by
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the fMoW developers is DenseNet161, and every solution placed first in the competition used a DenseNet variation in some
form or another. Although the design requires a lot of memory, it trains in a few epochs.

Transfer Learning: When referring to training a model on a sizable standard picture dataset and refining it using the relevant
image data, possibly from a different domain, transfer learning is typically used for CNN models intended for visual recognition.
In actuality, difficulties involving the visual identification of natural images are always resolved by transfer learning.
Specifically, the target model is frequently pre-trained using the ImageNet dataset. Unless otherwise noted, all CNN models
used in our studies were pre-trained on ImageNet. The torch vision library allowed for the download of these pre-trained
weights.

6. Result and Discussion

Two different image recognition tasks are taken into consideration in order to evaluate the interpretability of machine images
as a function of altering sensor attributes. The categorization problem is the first of these jobs, and it requires a specific instance
to be placed into the appropriate class from a predetermined list of classes. The retrieval issue, the second of these tasks, calls
for choosing examples from a group of instances that make up a gallery that matches a probe class. There are three main reasons
why we employ categorization and retrieval. Initially, they are frequently applied to resolve practical issues. Therefore, the
outcomes of these tests may be applied directly to evaluate real-world recognition software using overhead images. Secondly,
these challenges are very easy compared to the detection and segmentation issues, which have more moving components. We
aim to find a basic relationship to serve as a foundation for understanding more intricate recognition issues. Lastly, the retrieval
problem, in particular, enables us to create a universal technique that may be used for classes that have not yet been discovered.
To put it briefly, a salient feature extractor may be evaluated on fresh data with unknown classes after being trained on a known
dataset of pictures, all without the need for retraining.

P

Figure 1: Sample image of three fMoW classes. [16]

Figure 1 shows how three sample picture classes from the fMoW subset are changed while maintaining constant values for the
other parameters. The original photos are on the left, with their class designations in the top left corner, divided by a column.

In order to evaluate the classification task, we take into consideration the following four metrics: average precision (AP), top-
1 accuracy, top-3 accuracy, and area under the ROC curve (AUC). Top-1 and top-k accuracy are the most fundamental
measures available for evaluating categorization, and there is a good deal of comprehension surrounding these measurements.
The process of designing sensors might, therefore, benefit from their utilisation. We came to the conclusion that top-3 accuracy
was the most appropriate method after analysing the dataset and observing that certain groups of up to three objects were easily
mislabeled or confused. It follows that a model that is capable of identifying three candidate classes, of which one will be
accurate for the input image, is still something that we would be interested in. When it comes to machine learning applications,
the Average Precision (AP) metric is widely utilised. This is due to the fact that it offers a consistent summary assessment of
precision across all recall levels:

AP = fol p(r)dr @)
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Precision is denoted by the symbol p(r) at a specific recall value, and recall is denoted by the symbol by itself. It is possible
that in practice, precision and recall may be allocated different weights depending on the application; however, AP gives a
helpful summary even in the absence of any prior information. Alternately, the Area Under the Receiver Operator Characteristic
Curve (AUC) can be useful in situations when the application would benefit from a summary of the True Positive Rate (TPR),
which is also referred to as recall versus False Positive Rate (FPR).

As the AP metric may be used to assess retrieval performance using any feature space as long as a distance metric can be
determined between space components, we also use it to test retrieval performance. We examine an alternative interpretation
of AP [55] for the retrieval issue, apart from the one presented in Equation 9. The distances between each gallery picture and
the probing image are first measured to calculate the retrieval query’s AP. The gallery items are then arranged to decrease or
increase the distance from the probe. If the object category or class of a gallery image and a probing image are the same, they
match. For the top-ranked m pictures, we quantify the accuracy as follows:

1
Pm = ;Z?:l Xk (8)
If R represents the entire number of gallery photographs, then:

AP = % s Xipi = % i=1 ?Z;c:l Xk 9)
Note that a CNN feature space is used to measure the distance between photos and that this distance is measured using a 2-
norm distance. Through the use of AP, we are able to measure the usefulness of model features that have been fine-tuned and
pre-trained. Using the retrieval problem in particular, we are able to evaluate the zero-shot case in situations when there have
been no representations of the target classes seen during the training process. In spite of the fact that their labels do not
correspond, it is still possible to observe that the probe and the samples from the highest-ranked gallery share similar qualities
(Figure 2).
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Figure 2: An architectural representation of A-CNN models with its layers [58]

Tracking urban expansion, deforestation, and other applications is made possible using pixel-wise change detection in remote
sensing using MFPF-Net, which combines multi-scale features with spatial refinement for improved accuracy. The picture data
underwent a substantial set of operations before and during the application of the simulation code. For the resizing procedure,
an extra pre-processing step involved padding the edges with “reflected” values was needed. By doing this, boundary artefacts
during the DFT conversions to and from the frequency domain were avoided. After cropping or scaling, the photos were
converted into at-aperture radiance units and added to the sensor simulation algorithm. The generated images were expressed
in TOA reflectance units.

After Simulation: Bilinear interpolation was again utilized to resample the images to 224 x 224 pixels because the imagery in
TOA reflectance units can have different dimensions than the input pixels. The extra padding that was previously noted was
removed in the case of scaled photos following this interpolation. Further domain normalization is not required because the
TOA reflectance domain is near [0, 1]. Standard scores, which are calculated by subtracting the mean from the standard
deviation and dividing it by the standard deviation, were utilised in the initial studies; however, this was only found to be
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beneficial when a pre-trained model was not adjusted. The fine-tuning trials that were carried out on the fMoW subset did not
contain any further data standardisation whatsoever.

Hardware and OS: Every experiment was run on a computer equipped with a Quadro M6000, Pascal Titan X, or Tesla K80
NVIDIA GPU. CUDA 10.0 and Ubuntu 18.04-based Docker containers were used for the studies. With the usage of two GPUs
and an 88-person mini-batch size, the majority of tests took about 48 hours to finish.

CNN Experiments: The approaches outlined were used for three primary kinds of CNN trials. Ten-fold cross-validation with
35 classes was used for all trials; 900 photos from each class were used for training, and 100 images from each class were used
for validation. The photos were arbitrarily given to each fold within each class.

Fundamental Training and Evaluation: Using the original dataset, the three CNN models were trained and verified to provide
an upper bound on performance.

Degraded Training and Evaluation: The CNN models were trained and verified using the modified dataset, which was converted
for every sensor parameter value.

IQA measures, including full-reference and no-reference versions, were evaluated and compared to the performance of the
GIQES5 NIIRS and CNN evaluations. It was necessary to use all one thousand modified photographs from each of the thirty-
five courses in order to calculate each metric for each and every simulator parameter setup. In order to pre-process the photos
and normalise them to the range [0, 1], the “cropping” method that was stated earlier was utilised.

Full-Reference: According to what was said in the section under “Pre-Processing,” a particular picture was utilised in order to
assess the PSNR and SSIM metrics in comparison to one another before and after the simulation. The final result for SSIM was
obtained by individually calculating the scores for each channel and then averaging the resulting scores. In order to carry out
the testing, the sci-kit-imagell implementation of these metrics was utilised.

No-Reference: Only the photographs taken after the simulation were utilised in the calculation of the BRISQUE and NIQE
measurements. In the same manner as SSIM, the scores for both measures were computed individually for each channel, and
then the average was used to determine the final result. The BRISQUE implementation of NIQE was developed in 2013, while
the sci-kit-video implementation was used in this study. Additional studies are necessary to establish whether or not retraining
each model with data from the domain could potentially improve the performance of these algorithms.

Calibration: To define an upper bound on performance, we first train the four target CNN architectures on the original fMowW
subset. This will represent an upper bound because the data modifications involve a rigorous degradation comprising down
sampling and noise addition. Five measures have their highest values mentioned together with the training epoch during which
they were attained. The four models underwent five epochs of fine-tuning after being pre-trained on ImageNet. It’s interesting
to see that, on the original ImageNet dataset, ResNet152 does somewhat better than the DenseNet161 design. This demonstrates
once more how various topologies may function better on certain datasets. Understanding the performance connection between
the many state-of-the-art designs presented is crucial since any of them may be the best for a particular dataset.

Baseline: We consider the connection between DenseNet161’s rAP and optic focal length for our baseline experiment. The
crop approach was used to pre-process the images, and five training epochs were used to train the model. This outcome is
contrasted with NIIRS, which was calculated using the GIQES5:

argmax rAP(f; P,m,D) (10)
f

It would be simpler to recognise the gridded pattern of the solar farm if the focal length values were increased. This is due to
the fact that spatial features carry greater weight than spectral features in situations where there is less light entering the system
and more noise being produced. As an additional point of interest, certain classes have a greater range of rAP to focal length;
for instance, the ratio of 0.4 for road bridges to 0.2 for agricultural areas is a greater example.
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Figure 3: Normalized rAP versus Focal Length Graphic [16]

Figure 3 illustrates the baseline experiment for this study, where rAP is averaged across a variety of sensor system focal length
values (D=0.05m) across validation partitions of the fMoW subset. To illustrate how the transformation affects the image’s
appearance, a racetrack image is displayed for various focal length values. For rAP, a distinct peak indicates the CNN’s ideal
trade-off between noise and resolution. The GIQES5 NIIRS curve has a distinct form and peaks at a higher focal length value
for these focal length values. This indicates that the link between sensor system characteristics and CNN performance may
differ for human interpretability. To properly compare the peaks between the two curves, note that GIQES NIIRS has not been
adjusted, but rAP has been standardized to [0, 1]. Several metrics for the baseline model’s validation set performance are
displayed as a function of changing focal length. Although the normalized curves peak at various focal length values, you will
see that they are almost identical. This variation’s significance will vary depending on a particular application’s cost and
precision requirements. Plots of rAP were given for 10 different classes in the baseline experiment, which is in contrast to the
averages that had been utilised in the trials that had been conducted before it. A lower bound for Rap is represented by the black
dotted line in each panel. This lower bound is based on the assumption that the image embeddings are distributed randomly.
Within the context of the baseline experiment, SqueezeNetl.1, VGG16, ResNet152, and DenseNetl161 are evaluated and
contrasted. You can see that the normalised curves are pretty similar to one another despite the fact that the recommended focal
length for SqueezeNet1.1 is 0.6 metres, which is significantly longer than the other designs’ 0.5 metres (Figure 4).
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Figure 4: Normalised rAP versus Focal Length for Train/Test Set Models [16]

This chart displays the results of the zero-shot experiment that was conducted for the baseline circumstance. A total of four
unique associations are displayed by these graphics: In the beginning, the partitions that are composed of 20 and 15 classes are
investigated separately. Every single one of them was utilised for training and validation without being seen by the other.
Following that, in the zero-shot scenario, the trained models from the 20-class partition were utilised in order to evaluate the
15-class partition by applying them. Examine the proximity of these three connections to one another, as well as the fact that
their normalised rAP (which is displayed on the right) reaches its highest point at the same location. In addition, the performance
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of the pre-trained ImageNet features is demonstrated by utilising a group of fifteen different classes. The conclusion is that
there is a relationship that is distinct from the others, which suggests that these traits might not be significant for this matter,
given the outcome.

7. Conclusion

In this work, we offer a method that may be used to optimise the settings of imaging systems that are used for remote sensing.
The method is based on how well deep learning models perform on actual overhead picture data. In addition to conducting
trials using a variety of sensor and learning settings, we also provide a tool that allows this study to be successfully implemented.
This research demonstrates that CNNs are capable of performing visual recognition in a self-consistent manner across a variety
of settings. In addition, we demonstrate how the performance of humans and machines in the field of visual identification can
be quite different. To be more specific, we demonstrate that the most recent iteration of the GIQE algorithm does not correlate
with the performance of CNN inside the parameter space that has been studied. Despite the fact that the GIQE is unable to
compute NIIRS precisely in this parameter space, it is possible that CNN performance is more accurate than what is represented
in NIIRS. This idea has a wide range of potential applications, such as sensing for autonomous vehicles and machine vision in
industrial settings. When it comes to the development of automated sensing systems, we believe that sensor optimization for
dealing with visual recognition issues will be an essential factor.
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