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Abstract 

Currently, the Industrial Internet of Things (IIoT) is reshaping into highly efficient, intelligent, and 

context-aware systems where remote sensing and aerial monitoring are concerned. Towards 

realizing Unmanned Aerial Vehicle (UAV) based surveillance for disaster response and urban 

planning, this thesis designs and implements two semantic communication pipelines for UAV-

based surveillance that address practical challenges in real-time bandwidth efficiency and 

geospatial reasoning. Geometric and semantics information are jointly and automatically 

compressed using a Joint Source Channel Coding (JSCC) autoencoder to reduce bandwidth cost 

while preserving information for the downstream. The second approach is detecting objects 

onboard the UAV, augmenting those detections with UAV telemetry data, and estimating real-

world coordinates in real time. 

The empirical results show that the JSCC model can compress aerial imagery with little loss of 

semantic features. At the same time, the onboard system has an average precision (AP) of 7.35%, 

with excellent localization in the region of a few meters. In particular, the second pipeline allows 

the UAV to send only object class labels and coordinates, which is ideal for long-distance or high-

altitude operations. These contributions jointly enable designing the next generation of IIoT UAV 

systems that can efficiently communicate and autonomously act intelligently. Based on this, two 

topics are discussed in later research to explore tradeoffs, challenges, and further directions: 

multimodal fusion and federated semantic inference. 
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Chapter 1  

1.1 Introduction 

The development of modern industrial technologies is a key driver of advanced connectivity, real-

time data analysis, and intelligent manufacturing processes in multiple sectors, such as automotive, 

healthcare, energy, and others. IIoT is interesting because it combines various sensors, devices, 

and processes in one digital environment and achieves decent resource optimization, predictive 

maintenance, and efficient communication over convenient industrial operations [1]. 

IIoT is a concept based on the intelligent digitalization of modern control systems, with a deep 

focus on automation, optimal communication, and human-machine interaction [2]. 

 

Figure 1.1 Parts of modern IIoT networks. 
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Convenient IIoT systems rely on five major parts, as shown in Figure 1.1 [3]. Classic examples of 

modern IIoT networks are the Internet of Autonomous Vehicles (IoAV), smart grids, smart cities, 

smart agriculture, etc. Nevertheless, constructing an efficient, robust and optimized network 

communication is a significant part of the system. 

Shannon's classical communication theory became the cornerstone of modern digital networks by 

defining the channel capacity and optimal coding for error correction [4], [5].  

Shannon introduced three fundamental problems in communication theory: 

● Level A - The technical problem is centred on the message transmission problem, which is 

used to transmit and receive messages without errors. 

● Level B -  Semantic problem is associated with the issue of the accuracy of the meaning of 

data in the context of the transmitter and the receiver. 

● Level C - The effectiveness problem focuses on the extent of communication within the 

IoT system. It checks whether the actions derived from the arrived information are feasible 

and go through the intended goal, such as optimal resource utilization or adaptation of the 

system's observance levels. 

Traditional networks are designed to solve a technical problem without prioritizing the semantics 

of the transmitted messages. Nevertheless, the solution to the semantic problem has increasing 

relevance [6]. The core concept of semantic communication is based on using semantic features 

of data to transmit information. The typical case for semantic communication is sending only alarm 

data when needed in multi-sensor systems instead of sending raw data continuously. The alarm 

data could be classified as the critical or standard conditions of the device, while the 

data could be handled on the device and sent to the server. 

However, active semantic communication can improve the efficiency of devices' transmitted data 
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in IIoT networks, providing more speed and accuracy for decision-making. This approach assists 

in reducing the bandwidth of the constrained networks and cuts down the load on the receiver side. 

Furthermore, Natural Language Processing (NLP) and Machine Learning (ML) allow extracting 

the most essential features from the raw data. It can benefit IIoT networks by prioritizing important 

information and the number of bits used in transmission. This thesis explores Deep Learning (DL) 

based optimal solutions for semantic-driven IIoT networks and modern industrial systems. The 

following literature review discusses the progress of semantic communication methods and 

comprehensive algorithms. 

The evolution of traditional manufacturing and industrial systems has turned into an intelligent, 

interconnected ecosystem [7] thanks to the appearance of Industry 4.0. IIoT is the digital system 

that gives birth to this transformation, becoming the digital nervous system of smart factories and 

infrastructure. They are based on pervasive sensing and connectivity and intelligent data 

interpretation. Both industries and organizations generate vast amounts of raw data from the supply 

of sensors and devices that are too large to be analyzed in real-time and can yield meaningful 

insight [8]. The rising number of smart devices is one of the reasons that this paradigm change 

doesn't just have to be an efficient communicator (that provides an error-free — or perhaps near 

error-free communication), but it requires meaningful — where the content and the context of the 

transmitted information being transmitted, is as important as providing it accurately [9].  

Thus, semantic communication emerges as a revolutionary gap-bridging concept in this landscape, 

where the idea of data transmission infuses a human-like understanding of meaning [10]. They 

differ from conventional models, which do not care about transmitted meaning, and semantic 

models ignore all information relevance, context-awareness, and inferential value. In IIoT, there 

is no time to waste. It is of the essence in such environments where you need to decide quickly, 
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one way or another: do we sound the alarms, make a call to maintain the asset, or reassign the 

resources. Semantic frameworks embed intelligence into the communication protocol, reducing 

bandwidth constraints, lowering energy consumption, and enabling distributed intelligence near 

the network edge. 

Further, incorporating semantic communication with Artificial Intelligence (AI) and ML is a kind 

of leap forward in realizing adaptive and resilient IIoT systems [11]. DL systems acquire the latent 

features and significance hidden in complex industrial signals. JSCC, neural translation, and 

semantic embeddings also allow devices to interpret and infer the meaning autonomously, from 

which to both communicate and learn autonomously. The AI meets the semantic technologies and 

provides the foundation for the self-optimizing industrial environment that can anticipate faults, 

react to dynamic conditions, and increase overall system robustness. 

Motivated by ever-emerging semantic communication trends in IIoT, this thesis develops DL-

driven semantic communication frameworks for IIoT [12]. The goal is to investigate whether 

intelligent encoding and decoding strategies can exploit savings under resource limits to compress, 

prioritize, and extract high-value information. The following chapters discuss state-of-the-art 

semantic communication in the current literature, ML-based network optimal methods, and an 

implementation methodology demonstrated in multipurpose industrial default settings. 
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1.2  Research Questions 

● How can intelligent communication methods optimize bandwidth in IIoT networks while 

preserving essential data for real-time decision-making? 

 

● How can advanced computing techniques enhance the scalability, reliability, and security 

of IIoT networks under different industrial conditions and resource constraints? 
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Chapter 2 - Literature Review 

2.1 Semantic Communication in IIoT 

Integrating a semantic-driven approach into communication systems was suggested to improve the 

efficiency and importance of the data exchange process. Shannon's theory of communications 

examines messages as a sequence of symbols and highlights their meaning. 

Researchers recognized this gap in the early 1950s and presented the first theoretical framework 

for taking and measuring semantic information from messages [13]. The research work aimed to 

compute the information using bits. Over the years, efforts have been made to this foundation. In 

[14], the authors analyzed the relationship between information, inference, and intelligence by 

emphasizing how communication systems can handle the meaning of raw data. These early studies 

presented the relevance of the Shannon problems in networks like IIoT, where context and 

meaning of data play an essential role. In [15], the authors presented the Quality of Information 

(QoI) concepts, ensuring that the most helpful information is simultaneously delivered to the whole 

data. Similarly, [16] explained that using semantic relationships can preserve the precision of 

information while it is filtered out. This approach is mainly relevant to IIoT scenarios, where the 

data stream can be split into different high-level features like the indicator of machine health for 

further preventive maintenance and handling critical information. In [17], the authors presented 

the model that optimizes the transmitter and receiver algorithms to maximize successful meaning 

during constrained communication. This theoretical perspective highlighted the relationship 

between limited resources such as bandwidth and energy and the value of information. 
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Especially for IIoT systems, semantic-driven communication plays a crucial role because the 

industrial data is often context-dependent and vital. For instance, in a smart factory that contains 

various devices and sensors, the optimal usage of the data could emphasize the stability and 

reliability of the high-cost devices. Using semantic-level communication, the network can become 

more resilient to bandwidth constraints and enable faster decision-making on the edges. In [18], 

the authors presented a deep semantic communication system (DeepSC) for the specific text data, 

focusing on sentence meaning more than the exact words. The same concept is used in search 

engines such as Google, Yahoo, Yandex, etc. By leveraging semantic metrics in training like a 

sentence similarly or word error rate, the final model learned how to allocate limited capacity of 

the parts of the message. The model employs a Transformer structure using the attention 

mechanism to handle the meaningful features. This structure allows the ML model to understand 

the size of the message and its importance.  

Memory-based deep semantic communication (Mem-DeepSC) achieves higher accuracy in 

meaning with a low word error rate by adding to the transformer memory layer [19]. This approach 

made the model heavier but decreased the amount of sending data between devices. 

This system showed robust performance in noise channel conditions with fewer bit errors than the 

memoryless model. This robustness could be utilized in IIoT applications like remorse monitoring 

and control, where understanding the current situation is far more critical than perfectly 

transmitting each data byte. In addition, the devices can address data deluge issues in the networks 

using semantic-driven methods. In the case of multiple-user (devices) systems, this can 

significantly reduce redundant transmissions. This data aggregation is also highlighted in [20] for 

networks with many devices and a limited spectrum. These advances make semantic 

communication a promising paradigm for optimizing IIoT networks. 
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2.2 Common ML-based optimization methods 

Despite using ML and DL in semantic communication, other standard methods based on the neural 

network show outstanding results in the optimization of IIoT networks. The reliability of 

heterogeneous device connectivity in dynamic conditions for IIoT networks increases when data-

driven learning algorithms become implemented. Multiple studies demonstrate how ML/DL gets 

implemented across different points of the communication stack [2Trainingining of network-based 

receivers to detect signals and decode wireless transmissions demonstrates their operation as 

wireless systems receivers. A neural network system demonstrated its ability to detect data patterns 

from noisy signs, according to [23], while forming almost as well as optimal detectors yet needing 

no explicit channel models. In [24], the authors developed a model-driven DL-based multiple-

input multiple-output (MIMO) detection, which integrates communication theory principles into 

Deep Neural Networks (DNNs). Developing efficient detectors that can generate better outcomes 

using traditional methods is based on the synchronization of a data-driven approach. 

DL enables creativity in creating novel communication system designs. In [25], the authors 

introduced the revolutionary idea of using an autoencoder architecture to connect complete 

transmitter-receiver pairs, thus allowing neural networks to develop direct end-to-end message 

mapping schemes. The data compression and encoding process occurs at the transmitter, followed 

by decoding at the receiver through a joint learning mechanism that optimizes the complete 

communication system as an integrated whole. Later research evaluated this concept by conducting 

tests on wireless communication networks. A neural network-based communication link 

demonstrated its ability to adapt over air to channel impairments during validation tests, as reported 

in [26]. End-to-end learned systems could adjust their performance dynamically for IIoT networks 
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because they must operate in factory environments with either noisy conditions or time-varying 

radio interference. The ML applications extend past physical improvement work to include 

fundamental resource management problems crucial for IIoT implementation. A dense wireless 

network system serves as a real-life application of interference management.  

In  [27], the authors trained DNNs to optimize power control management for devices to maximize 

network bandwidth concerning latency constraints. Due to the sizable search domains, the 

technique delivers better results than traditional optimization methods when managing large 

network devices (as found in industrial sensor networks). Likewise, DNNs could be used in 

scheduling, rooting, and network-slicing applications using adaptive resource allocation prediction 

of traffic patterns. In [28], the authors presented DL applications to physical layers and their ability 

to boost the reliability of communication systems through domain knowledge integration. ML has 

the potential within IIoT applications to improve latency and reliability by developing mechanisms 

to prevent fading and establishing optimal data routes between elements of a mesh network. 

The utilization of ML techniques addresses unknown factors within network systems. 

Unpredictability inside industrial spaces includes moving machines that block communication 

signals. Nevertheless, fast adaptation could be achieved by combining generative models and 

meta-learning approaches. The authors in [29] utilized a Generative Adversarial Network (GAN) 

to implicitly model the wireless channel, allowing end-to-end communication systems to train 

without needing a formal channel model. Such modelling technique proves beneficial for networks 

that contend with intricate channels that are hard to model (like inside plants containing metal 

barriers and reflection effects). The article [30] presented an online strategy teaching 

communication systems to adapt to new situations using limited data quickly. A model-based 

system supports IIoT networks in fast adjustments following device additions or interference 
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pattern shifts. ML techniques integrated into system design can provide adaptive data-driven 

methods. Standards for implementing semantic communication exist because meaning extraction 

demands pattern recognition capabilities that ML excels at doing. 

2.3 Semantic Encoding and Decoding 

Modern AI techniques prove ideal for encoding and decoding meaning within IIoT networks that 

implement semantic communication. Semantic encoding converts any physical signal into a 

compressed form, maintaining its primary information content and decoding returns the 

meaningful information to the recipient. The methods used in this process borrow heavily from 

NLP because it seeks to detect language semantics. Neural machine translation (NMT) exemplifies 

how to build semantic communication by using encoder networks to produce semantic vectors 

from one-language inputs and decoder networks to generate equivalent meaningful outputs in 

different languages [31]. The authors in [32] created an attention-based NMT framework that 

taught sentence translation through developing semantic message representations. This principle 

shows direct implementation within semantic communication, where the system converts an 

incoming raw data stream into semantic meaning before returning it as a data stream or 

implementing action decisions for the receiver. 

Semantic communication has also been utilized for various data types relevant to IIoT. The authors 

in [33] presented the first deep JSCC algorithm for text message transmission in wireless systems.  
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Figure 2.1 Comparison of strategies of autoencoding. 

Figure 2.1 illustrates two alternative transmission techniques that employ either separation-based 

(black) or JSCC-based (orange) methods for wireless transmission of source data: 

● The separation-based strategy (black) begins by subjecting the source to a semantic and 

channel encoder for error control operations. A semiconductor decoder regenerates the 

encoded bits after the channel decoder operation to produce meaningful outputs for 

completing various tasks. 

● JSCC combines compression and error protection functions in one step through its single 

orange strategy that directly generates channel signals. The JSCC decoder at the receiver 

unifies the information recovery process to provide the result for the task. 

The image reveals two distinct transmission-decoding workflows, which start with standard 

separated semantic and channel coding and feature a single JSCC integrated approach. 

An autoencoder-like neural network system used a text-to-channel-symbol mapping technique for 

optimized end-to-end performance by directly learning how to protect text meaning over the 

transmission channel during one processing step. In [34], the authors provided wireless image 
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transmission using a JSCC semantic encoder and decoder. During channel degradation, the neural 

network provides smooth image deterioration because it selects critical semantic image features 

rather than precise pixel accuracy. Visual communication between a factory camera and external 

systems becomes enhanced through ML by enabling precise defect detection while discarding 

unimportant background details, reducing bandwidth usage. 

An example of good semantic compression is extracting essential objects from the image, like 

object shapes, over the quality of the pixels. The encoding and decoding are not dependent on the 

type of data. The model performance only depends on the amount and quality of training data. 

The key technological components for embeddings are language models with embeddings. The 

authors in [35] employed Word2Vec embedding to generate word vectors with adjacent 

placements in the space for words with contextual or semantic similarity. Semantic features for 

machines can be encoded using these embeddings, which enable IIoT devices to send such dense 

forms during data exchange. Bidirectional Encoder Representations from Transformers (BERT), 

along with Embeddings from Language Models (ELM), represent modern contextual embeddings that 

extract meaningful contextual word representations [36]. The addition of this technology lets the 

semantic communication system identify that the word "charge" in "battery charge low" highlights 

electrical energy as essential information, which differs from its importance in separate contexts 

for signal transmission. Based on the content, the different types of DNNs, such as Recurrent 

Neural Networks (RNNs) and Convolutional Neural Networks (CNNs), are used. Schuster and 

Paliwal's bidirectional RNNs enable sequence encoding through an encoder-operator that 

examines past and future contextual information [37] for content that requires complete sequence 

examination (popular in language and time-series sensor applications). 
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The research in [38] proved how RNNs could acquire training skills, demonstrating their ability to 

detect sophisticated patterns in data, while [39] used CNNs on sentence modelling through 

convolutional operations to detect local semantic features that may benefit command messages 

and IIoT event logs. ML-based semantic encoder systems unite modern technologies to convert 

industrial data into signals that maintain semantic value. The decoder system, which operates at 

an edge server or independently from it, uses a learned model to reconstruct signals while 

performing intelligent inference that could involve direct event detection. The communication 

system develops dual responsibilities by executing data interpretation and delivery processes. 

2.4 Challenges in Optimizing IIoT Networks 

The practical challenges in optimizing IIoT networks are: 

● Interoperability and Heterogeneity: Industrial networks must link various devices with 

protocols and data formats. Integrating communication between legacy equipment and 

contemporary IoT devices proves difficult to implement [40]. The semantic 

communication infrastructure needs to achieve adaptability for translating between various 

data expression systems (such as alarm code from one system to status message from 

another). Industry-wide standardization of semantic information exchange remains an 

unresolved issue, which also requires the development of ML models capable of ML across 

different source types. 

● Data Integrity and Security: The protection of information integrity along with 

trustworthiness becomes crucial when processing data through compression and inference 

stages [41]. IIoT decisions that involve machine shutdown depend on reliable and exclusive 

data. Research methods that reduce data transmission to semantics must prove the 
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preservation of essential information elements. The conservation of information quality 

through approaches based on semantic relationships improves overall quality but requires 

complete validation procedures. Attackers can exploit semantic communication through 

novel vulnerabilities by attempting to modify the intended message significance that flows 

between devices. Establishing safe data transmission through encryption becomes crucial 

for semantically encoded data because security measures need to extend to authenticate 

semantic information specifically. 

● Limited Bandwidth and Scalability: Thousands of sensors and actuators within IIoT 

systems compete with one another to share network resources. The massive number of 

sensors and actuators uses too much bandwidth, although applying advanced compression 

does not solve the problem, especially within wireless installations [42]. The real-time 

application of semantic communication for numerous devices becomes computationally 

burdensome due to its ability to reduce unnecessary data transmission. Local servers 

benefit from edge computing because they manage intensive ML processing tasks but must 

perform complex modelling simultaneously across multiple concurrent streams efficiently. 

Therefore, federated learning and model compression methods are necessary to avoid 

congestion when deploying semantic models across the network. 

Such obstacles require solutions from multiple academic fields working together.  

The advancements in network slicing make semantic communication possible by reserving distinct 

slice allocation patterns for different data flow types that range from reliable low-bandwidth 

semantic emergency alerts to raw data distribution when needed. Improvements in edge AI 

hardware technologies bring manufacturing and power facilities closer to processing complex 

semantic encoding/decoding algorithms within their facilities. The combination of semantic 
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communication with ML applications promises to fulfil industrial network requirements but 

requires additional solutions that address data integration, network efficiency, and compatibility 

problems. The research indicates that continued forward momentum has established the solid 

groundwork for the suggestions presented in this study. 

The training process of heavyweight DNN models for specific tasks like image recognition is often 

complicated due to constraints in the feature extraction part [41]. The residual learning framework 

presented in [43] is the optimal solution for training such a DNN model. Residual Networks 

(ResNets) solve the degradation problem, where the training accuracy declines or saturates when 

network depth increases, using residual learning. The method transforms network layers from 

mapping to putting specific residual functions instead of creating desired underlying functions. 

While common networks aim to approximate underlying functions 𝐻(𝑥), ResNets focus on 

optimizing residual function 𝐹(𝑥) 	= 	𝐻(𝑥) − 𝑥, and the original mapping is defined as 

𝑦 = 𝐹(𝑥,𝑊!) + 𝑥,                                                       (2.1) 

where 𝑥 and 𝑦 are the input and output layer vectors, and 	𝐹(𝑥,𝑊!) is the residual function learned 

by nonlinear stacked layers. This formation significantly reduces the learning constraints and 

allows optimal training for deeper networks than traditional DNN architectures. The provided 

results demonstrate the impressive benefits of this learning approach. For example, in the 

ImageNet classification task, the proposed model executed exceptionally well results by getting a 

3.57 percent error rate. Further analysis of the CIFAR-10 dataset highlighted that the ResNet can 

be effectively used in optimization challenges in deep architectures, such as successful training in 

the 100 to 1000 depth layers network architectures. Moreover, ResNet has powerful generalization 

capabilities in various tasks, such as object detection, image segmentation, etc., where accuracy 
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improvements are needed. In [44], the authors presented a Feature Pyramid Network (FPN) as an 

optimal solution for object detection in multiple scales. The FPN is based on the multilevel feature 

map using the built-in CNN pyramid architecture. Compared with traditional approaches with 

image pyramids, the FPN uses vertical (top-down) connections to merge high-level features with 

exact spatial output positioning. Figure 2.2 shows the comparison of two top-down architectures 

of pyramid networks: 

● Upper: top-down architecture, which skips connections and predictions, is made at the 

finest level. 

● Lower: architecture proposed FPN  where predictions are independently made at all levels. 

 

Figure 2.2 Top-down architectures of networks. 

At first, the system uses single-pixel convolution to merge one feature map and then combines 

results by applying pixel-wise addition. For a given feature map 𝐶! the process starts by reducing 

channel dimensions by the convolution layer and then merging with an unsampled coarser-

resolution feature map 𝑃!"# using element-wise addition in Eq. (2.2). 
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𝑃! = 𝐶𝑜𝑛𝑣$×$ 2𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒:𝑃(!"#); + 𝐶𝑜𝑛𝑣#×#(𝐶!)<,                        (2.2) 

where, 𝑃! is a feature map representation at the pyramid level 𝑖.                         

The two-stage object detection model Fast Region Convolutional Neural Network (FRCNN) 

combines proposal generation with object classification into an integrated end-to-end system, 

which is widely used for object detection purposes [45]. The entire input image receives feature 

map computations from a backbone convolutional network, which all units share. The RPN 

operates on feature maps by generating diverse bounding boxes at multiple scales and aspect ratios. 

This process is executed through its sliding mechanism. The most promising object region 

proposals from the first stage progress to a second stage for processing through the FRCNN 

detection head. The detection head operates on proposed regions and performs two simultaneous 

tasks: determining the object class and improving the bounding box localization accuracy. 

The following equation indicates each region proposal 𝑖, FRCNN uses a multitask loss function, 

combining localization and classification: 

𝐿(𝑝! 	, 𝑢! 	, 𝑡! 	, 𝑣!) 	= 	−𝑙𝑜𝑔(𝑝!((!)) 	+ 𝜆1[𝑢! ≥ 1]𝑠𝑚𝑜𝑜𝑡ℎ𝐿1(𝑡!((!) − 𝑣!),          (2.3) 

where: 

● 𝑝!((!) is the predicted probability that 𝑖 belongs to a ground-truth class 𝑢!; 

● 𝑡!((!) is the predicted bounding box offset for class 	𝑢!; 

● 𝑣! is the ground-truth bounding box offsets for class 	𝑢!; 

● 1[𝑢! ≥ 1] is an indicator function applying one if  𝑢! a foreground class, and zero if the 

background class ( with label 0); 

● 𝑠𝑚𝑜𝑜𝑡ℎ𝐿1 is a robust  L1 loss for bounding box regression to mitigate outliers; 

● 𝜆 balances the classification and regression terms. 
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By sharing the same backbone CNN features between the RPN and FRCNN detection head, 

FRCNN achieves high accuracy while remaining computationally efficient. 

The Microsoft Common Objects in COntext (MS COCO) is commonly used as the significant 

benchmark to evaluate the various models' object detection and segmentation performance [46]. 

The dataset holds over 200,000 images distributed across eighty object categories in various 

complex backgrounds. COCO is an industry-standard testing platform for FRCNN detection 

methods because its complex scenarios with small objects overlapping instances and cluttered 

backgrounds create evaluation challenges that accurately measure detection system functionality 

in real-world applications. 

Sharing convolutional backbone features between stages lets FRCNN obtain more efficient 

training than systems that produced proposals before training. The practical implementation 

involves a multitask loss that maintains an equilibrium between identifying object classes, and 

refining box position coordinates. FRCNN demonstrates its performance using the MS COCO 

dataset because this diverse collection includes several small yet overlapping objects to deliver 

comprehensive evaluation results [47]. FRCNN serves widely as the benchmark standard in DL-

based object detection algorithms because of its capacity to produce region proposals through a 

unified framework. 

A specific level of the FPN receives Region of Interest (RoI) data based on its size during FRCNN 

integration. The size of RoIs determines their assignment to different feature map resolution levels, 

thus allowing for better scale management without input scale variations [48]. The following 

equation represents the feature pyramid equation with the value 224 for the canonical ImageNet 

pre-training size: 

	𝑘 = 	 I𝑘) + 𝑙𝑜𝑔* 2
√,∙.
**/

<J,                                               (2.4) 
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where:  

● 𝑘 is the index of the pyramid level (𝑃0) to which RoI is assigned; 

● 𝑤 is the width of RoI on the input image; 

● ℎ is the  height of RoI on the input image; 

● 𝑘) is the reference pyramid level. 
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Chapter 3 - Methodology 

This thesis introduces a dual path method to facilitate communication-efficient image transmission 

and robust onboard detection and localization to provide adequate support for real-time situational 

awareness in UAV-based surveillance systems. Above all, this design is motivated by the need to 

produce a balance between geospatial accuracy, data bandwidth, and computational power 

onboard aerial imaging chores in practice. The proposed methodology uses communication-aware 

and computation-centric strategies to explore separable paradigms in semantic-driven object 

detection that are context-dependent to the deployment constraint. 

The first pipeline considers JSCC, i.e., it compresses input imagery into a representation having 

relevant semantic features sufficient for robust object detection. For UAVs flying in environments 

where communication links are constrained, this pipeline is analogous to communication, which 

is constrained, and full-resolution image transfer to a ground station is infeasible. These 

compressed representations are then reconstituted and evaluated using high-performing detection 

architectures, such as FRCNN with FPN, to ensure semantic fidelity and recognition percent. 

Second, the second pipeline focuses on the feasibility of real-time, onboard object detection and 

geolocation mapping in parallel. This approach combines detection outputs with Global 

Positioning System (GPS), altitude, and orientation) from the UAV to produce approximate 3D 

georeferenced coordinates of the detected objects using Simulated real-world UAV navigation 

input. Thanks to this functionality, they are instrumental in search and rescue, environmental 

monitoring, and tactical surveillance scenarios, where GPS-tagged object identification can be 

acted upon immediately. 
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3.1 Datasets 

AU-AIR Dataset 

The AU-AIR [49] dataset provides a multimodal UAV dataset designed explicitly for aerial 

applications of scene understanding and detection tasks under unpredictable flight scenarios. The 

dataset contains superior video frames with bounding box annotations covering pedestrian, car, 

truck, and bicycle classes. AU-AIR separates itself from other datasets by uniting vision data with 

UAV sensor telemetry data that incorporates GPS coordinates and barometric altitude 

measurements with Inertial Measurement Unit (IMU) roll, pitch, and yaw readings. This dataset 

enables the second phase of the proposed method since it supports real-time object detection 

alongside geolocation functions.  

Applying flight metadata to visual data frames enables researchers to generate 3D space estimates 

for detected objects. Geolocation features are critical for applications that operate by location since 

they enable understanding spatial relationships between detections and real-world objects 

alongside their actual detections. 

NWPU VHR-10 Dataset 

NWPU VHR-10 consists of Very High Resolution (VHR) optical satellite and aerial images 

documenting various objects from airplanes to ships and storage tanks alongside bridges and 

harbours [50], [51]. Research that detects objects in dense and cluttered overhead scenes uses 

NWPU VHR-10 because of its high spatial resolution and precise annotations. This thesis employs 

NWPU VHR-10 as the foundation for its first semantic compression system based on JSCC. The 

dataset presents challenging and realistic parameters through its large file sizes and detailed object 
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features, which enables adequate assessment of compressed representation quality for accurate 

object recognition tasks.  

The research makes its information relevant for UAV transmission of crucial ground station 

imagery from bandwidth-restricted operations. Post-decoding detection performance assessment 

and reconstruction quality evaluation occur through the NWPU VHR-10 benchmark. 

3.2 Proposed Methods 

An investigation is carried out on two separate methodological pipelines that combine object 

detection functions with real-world coordinate estimates from UAV-acquired aerial imagery. The 

proposed methodologies focus on two separate operational scenarios inside UAV-based sensing 

deployments, which cover bandwidth-limited image transportation and spatial object detection at 

the onboard system. The object detection pipelines use DL models to process data supported by 

deliberate datasets made to replicate operational aerial surveillance situations. The first approach 

employs a JSCC autoencoder to compress high-resolution aerial images for transmission over 

resource-limited communication channels. The software visualizes reconstructed images to test 

the semantic accuracy of the JSCC data processing framework. The system suits UAV visual 

transfer operations towards ground stations or edge servers that function under bandwidth 

restrictions. The second implementation method performs geolocation estimation and onboard 

real-time object detection simultaneously. Flight telemetry using GPS and IMU readings allows 

mapping detection results from 2D space into approximate 3D world coordinates. The UAV 

system becomes self-operational for detecting entities by assigning their position to a universal 

reference frame needed for critical real-time decisions in integral environments. Through this 

approach, these methodologies evaluate the ability of semantic compression techniques alongside 
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spatial detection models in UAV systems to create scalable monitoring platforms. Figure 3.1 

describes the structure of the implementation framework with two various approaches. 

 

Figure 3.1 Comparison of two approaches for UAV-to-server data transmission. 

Approach A: JSCC Autoencoder with Object Detection 

A DL-based JSCC autoencoder operates within a system that combines object detection with 

detection accuracy analysis for compression efficiency evaluation. The system allows UAVs to 

transmit images or other visual data through noisy communication channels that lead to external 

servers for processing. 

JSCC Autoencoder 

A JSCC autoencoder is an end-to-end neural architecture because it connects source compression 

with channel robustness optimization through an integrated encoding-decoding framework. The 

model achieves transmission impairment resistance by integrating it into learned representations, 

which eliminates the requirement for traditional coding methods that combine JPEG compression 

and error-correcting codes. 

Autoencoders implement a source-channel coding technique, comping image data through latent 

codes that resist channel noise degradation. The codes are forwarded across an unreliable 
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communication channel before being restored by the decoder. A formal description summarizes 

the process as follows: 

𝑥	L  = 𝑓234[(𝑓354(𝑥; 𝜃354) 	+ 	𝑛	; 𝜃234],                                 (3.1) 

where: 

● 𝑥 is the input image (size 𝐻 ×𝑊 × 𝐶 ); 

● 𝜃354 	is the training parameter for the JSCC encoder; 

●  𝑓354 is the encoder function; 

● 𝑛 is the noise added by a channel; 

● 𝜃234 is the training parameter for the JSCC decoder; 

● 𝑓234 is the decoder function; 

● 𝑥	L is the reconstructed image. 

The encoder section of training receives aerial images and generates compact latent data from their 

input. The model applies simulated channel noise to the representation before it resembles wireless 

communication transmission noise in real practice. The decoder completes rebuilding the original 

image with the noisy representation as input. The training purpose targets minimal reconstruction 

deficiencies while preserving vital semantic information for succeeding object detection 

Evaluation of this component uses NWPU VHR-10 dataset features because it offers high-

resolution aerial imagery with various densely arrayed target categories, including airplanes, ships 

and vehicles. The benchmark is an appropriate evaluation tool to analyze image reconstruction 

quality and feature modifications. 
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3.3 Object Detection 

The output from the JSCC autoencoder becomes an input to process through a deep object 

detection framework named FRCNN with FPN enhancement. The detector was chosen because of 

its proven ability to detect objects at different scales, which reflects the characteristic nature of 

aerial views that contain targets of various sizes. 

The model generates detection results through class identifications and rectangular box locations 

around detected objects to calculate quantitative preservation metrics of meaning after 

compression occurs. The detection results in inventory against different channel noise levels and 

compression ratios utilize mean AP (mAP) metrics for performance evaluation. 

The pipeline provides a structured evaluation between semantic compression quality and object 

detection system performance. The system delivers essential data about UAV imagery data 

transmission efficiency and its ability to generate receiver-end inference outputs. 

 

Figure 3.2 Pipeline of the JSCC-based approach. 
 

Figure 3.2 presents a wireless channel transmission path for aerial images through the JSCC 

framework. The JSCC autoencoder receives images at the transmitter end for simultaneous 

compression and encoding operations. After encoding, the transmission signals proceed to the 
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channel. A receiver-side JSCC autoencoder operates to decode received data and generate an 

image reconstruction. A detection or analysis task occurs on the reconstructed image, which shows 

detected objects through bounding boxes according to the diagram's lower section. 

Approach B: Onboard Object Detection and Real-World Coordinate Calculation 

A direct object detection process occurs onboard the UAV platform before analyzing onboard 

telemetry data to calculate detected object geographical locations. This network operates for 

instantaneous detection while tracking locations when ground networks are inaccessible or crucial 

mission-needed geographic results are necessary for critical decisions like surveillance, disaster 

relief operations, and environmental studies. 

 

Figure 3.3 On-UAV detection with real-world coordinate transformation. 
 
Figure 3.3 depicts a UAV taking an aerial image, the image being processed on board by a FRCNN 

with an FPN object detection model. At the same time, GPS and IMU data correlate the UAV's 

pose and location to objects detected. Semantic data containing the resulting detections and 

relevant flight parameters are transmitted to a server. The semantic detections and the UAV's flight 

data are combined on the server side to convert the bounding boxes to real-world coordinates or 

positions through a coordinate transformation module. 
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UAVs utilize this setup to execute real-time object detection by installing FRCNN integrated with 

FPN on their onboard computing unit. Real-time video stream analysis or static image processing 

with the front-facing camera of the UAV utilizes object detections along with image frame 

bounding box positions as part of the processing model. 

The network removes time-consuming image transmission requirements between UAV and 

ground stations through local inference operations, which improves system response speed and 

reduces communication delays. The detection capabilities continue operating successfully through 

conditions that cause interruptions in network connectivity or temporary network outages. The 

detection architecture selection occurred because it demonstrates effective multi-scale object 

detection capabilities, optimal accuracy, and computer processing speed, which suits edge device 

deployment constraints. 

The world coordinate calculations utilize 2D image-space detection projection that benefits from 

multiple sensor data types inside the AU-AIR dataset. The accurate UAV pose information in the 

dataset includes GPS coordinates, altitude values, and orientation data through the  IMU, which 

reports roll pitch and yaw measurements.  

Camera projection models and ground-plane assumptions perform the transition from 2D to 3D 

space by conducting a series of geometric operations. The method projects centroids from 

bounding boxes through reference planes starting from camera altitude and ending at camera angle 

to determine detected objects' physical positions. The geospatial mapping function allows the 

system to convert detected visual cues into precise latitude, longitude, and elevation statements for 

each object. A bounding box center detected in images requires projection to a global coordinate 

by multiplying its image coordinates with a combination of the camera intrinsic matrix estimated 

depth measurement and UAV roll-pitch-yaw orientation parameters. 
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The transformation is given by Eq. (3.2). 

																																																Q
𝑋
𝑌
𝑍
U = 𝑅6,8,9 W𝐾:# W

𝑢
𝑣
1
Y × 𝑑Y	+ 	𝑡	,                                             (3.2) 

where: 

 

● (𝑢, 𝑣) is the center of coordinates of the detected bounding box of the object in pixel space; 

● 𝐾 is the camera intrinsic matrix; 

● 𝑑 is the estimated depth or distance from the camera to the object; 

● 𝑅6,8,9 is the 3D rotation matrix constructed for roll 𝜙, pitch 𝜃, and yaw 𝜓; 

● 𝑡 is the translation vector that locates the camera in a world coordinate system based on 

GPS reference; 

● (𝑋	𝑌	𝑍); are the real-world coordinates of the object. 

The ability to localize in real-world settings is a critical base for UAV systems that need to execute 

autonomous operations requiring mission planning. The UAV obtains data about object spatial 

arrangements through geometry algorithms, which enables usage in operations such as area 

mapping and target tracking alongside coordinated flights of multiple UAVs. 

3.5 Training Procedures 

The section details training strategies applied to both proposed approaches by explaining 

preprocessing methods and architectural setups with loss functions and implementation-specific 

hyperparameters. The training process seeks optimal performance from each component using 

unique restrictions either for data transmission or real-time object detection. 
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Data Preprocessing 

Standard image preprocessing occurs before training commences on NWPU VHR-10 and AU-

AIR datasets. All images get standardized through appropriate normalization parameters for their 

pre-trained backbone networks, including ResNet. The resizing operations follow standards 

matching model input dimensions by converting images to 256×256 pixels based on the available 

system memory and operational difficulty. 

Data augmentation techniques, including random horizontal flipping, small-angle rotation, and 

color transformation, improve model generalization during training. Specific augmentations add 

extra value to aerial datasets because objects show different orientations due to camera movement. 

For the JSCC autoencoder (Approach A), the training and validation subsets are created by 

splitting the dataset according to an 80/20 ratio. The autoencoder obtains resilient semantic feature 

compression through exposure to multiple object categories and scene arrangements. 

Model Architectures 

FRCNN is the primary object detection architecture because it provides strong accuracy and 

flexible features. Improved performance in aerial imagery depends on implementing the FPN 

framework. The FPN feature network helps the detector perform better object detection on distant 

small targets that frequently appear in UAV image data. 

The JSCC autoencoder is a convolutional network in Approach A for encoder-decoder operation. 

A noisy transmission channel simulation (including the Gaussian noise layer) enables the encoder 

to reduce input images into latent space, and then, ultimately, the decoder brings these images 

back. The module exists for either standalone training or simultaneous training with an object 

detection model to protect vital recognition features throughout compression. 
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Detection training during the first phase of Approach B occurs exclusively with the AU-AIR 

dataset images as input. The system integrates sensor fusion during the last stage, which unites 

visual detections and UAV telemetry data, including GPS and IMU measurements, to produce 

geospatial coordinate calculations through geometric transformation operations. Detection 

accuracy receives improvement through the use of camera calibration parameters when these 

parameters become available. 

Multitask Loss and Optimization 

In particular, the object detection framework uses a multitask loss consisting of a classification 

loss (usually the cross entropy) and a regression loss (smooth L1) for bounding box refinement. 

This formulation allows the model to predict object categories and their spatial locations with 

precision at the same time. 

The objective for the JSCC autoencoder is to train it to minimize the loss between the original and 

the reconstructed image as reconstruction loss, one of which can occur as Mean Squared Error 

(MSE). Some of this may be combined with a perceptual loss (for example, using a pre-trained 

VGG network) to encourage retention of high-level visual features necessary to perform tasks like 

detection later on. 

In end-to-end training of the JSCC detector pipeline, a joint loss function favours reconstruction 

fidelity, and detection performance is used to prevent the compression from causing the loss of 

critical semantic information. 

Hyperparameters and Implementation Details 

DL with large-scale aerial image data is modelled and run with GPU-accelerated neural 

frameworks like PyTorch to guarantee efficient handling of such extensive data processing. We 
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follow standard practices on model initialization, training schedule, and regularization in terms of 

whether or not to take advantage of pre-trained models while also adjusting to the characteristics 

of pre-trained models and learning dynamics for tasks. 

Also, the FRCNN detector is trained using the Adam optimizer and a learning rate of 0.00025, as 

we want the training to be the fastest while maintaining reasonable results. This conservative 

learning rate is a choice naively dictated by imposing a conservative learning rate to fine-tune the 

pre-trained backbone without upsetting the pre-learned representations, and it is key to the transfer 

learning from large datasets like ImageNet. The model is trained for 10,000 iterations before the 

detector is trained for the aerial imagery domain and retains its first feature extraction capabilities. 

The JSCC autoencoder is trained over 50 epochs using the Adam optimizer with a learning rate 

0.01. The higher the learning rate, the faster autoencoder architecture can be trained from scratch; 

thus, in the learning paradigm of the early stage of training, its convergence is relatively faster. 

The main training objective reduces reconstruction error while being robust to imposed channel 

impairments in the form of simulated channel artifacts. 

3.4 Evaluation and Metrics 

Each proposed pipeline undergoes evaluation through quantitative metrics that fully match their 

specific methods' operational goals. Standard object detection metrics, image reconstruction 

quality indicators, compression efficiency measures, geospatial localization accuracy, etc., are 

those included in these. The evaluation shows the performance tradeoffs between accuracy levels, 

efficiency, and real-world operability capabilities when using UAV-based operational restrictions. 

The mean Average Precision (mAP) is used as the primary metric to evaluate object detection 

performance, as it quantifies the detector's capability of associating objects and localizing them 
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given the overlap between the proposed and ground truth bounding box. Using COCO-style scores, 

mAP is computed as AP over several Intersections over Union (IoU) thresholds ranging from 0.5 

to 0.95 in steps of 0.05. Thus, mAP provides a rigorous and comprehensive measure of detection 

accuracy. On the other hand, VOC-style mAP is reported at a fixed IoU threshold of 0.5 and is 

easier but frequently used as a benchmark for object detection. 

In Approach A, the analysis of the compression levels vs. detection accuracy relationship is 

essential. The impact of detection mAP is tracked by systematically varying the configuration of 

the JSCC autoencoder (determining the size of latent space or noise level in the simulated channel). 

Thus, it is possible to perform a quantitative analysis for a tradeoff between the benefits of 

bandwidth savings and the necessary preservation of semantic content for object recognition. 

The quality of the reconstructed images from the JSCC autoencoder is also evaluated using 

standard image reconstruction criteria besides the detection metrics. MSE defines the overall pixel-

wise difference between the original and reconstructed images as low-level visual fidelity. Peak 

Signal Noise Ratio (PSNR) is a logarithmic scale where higher values are low distortion levels in 

the reconstructed images. Perceived image quality is assessed by comparing structural, luminance, 

and contrast information and is evaluated based on the Structural Similarity Index Measure 

(SSIM). These metrics can verify that spatial and textural features important in detection are 

retained in the compressed representations. Evaluating transmission efficiency is also reported for 

the compression and image compression ratios. 

For Approach B, real-world coordinate estimation accuracy is the focus of the evaluation. 

Telemetry Data such as GPS coordinates, altitude, and the UAV's orientation obtained from its 

IMU is used to map the bounding boxes predicted by the onboard detection model to a ground 

plane. Projected positions are then compared to reference ground truth data (which is available) or 
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evaluated as being spatially consistent by comparing the projections from consecutive frames. The 

error variable of interest is usually the average positional error expressed in meters, which is the 

difference between the estimated and actual object locations. 

Additional checks are done in temporal reliability to ensure localization reliability over time, 

especially in different flight dynamics. In particular, this aspect is necessary when the target is in 

motion (e.g., for a mission scenario involving moving targets, autonomous navigation, or 

coordinating a team of agents). 
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Chapter 4 - Results 
Finally, the experimental results are presented from the two approaches suggested in Chapter 3. 

Measurements of semantic communication and real-time geospatial inference in UAV-based 

object detection systems are to be made within practical bounds of limited bandwidth, computing 

power, and realistic variability. The results are divided into two main parts. In Part I (Section 4.1), 

the semantic compression pipeline of aerial images is compressed using JSCC autoencoder and 

then processed by an object detection model. This section investigates the tradeoff between 

compression level and detection quality using reconstruction metrics, MSE, PSNR, and SSIM, 

over different compression configurations. 

The results of the onboard detection and real-world localization approach are presented in Part II 

(Section 4.2). Object detection is done locally on the UAV, and bounding boxes are projected onto 

geospatial coordinates from flight telemetry data (IMU and GPS). Detection accuracy and 

positional error in estimated object locations on the ground are included in the evaluation. Thus, 

these results show that it is possible, robust, and has concrete repercussions for integrating 

semantic communication and intelligent geolocation in UAV-based IIoT systems. 

4.1 Part I – Semantic Compression Analysis (Approach A) 

During the semantic compression pipeline training process, one of the core elements is the 

regularization parameter λ, which allows a tradeoff between the reconstruction of visual features 

and the preservation of semantic meaning. It is formulated for this purpose of optimization. 

For 50 epochs, a learning rate of 0.01, the Adam optimizer was used to train the JSCC autoencoder. 

Training and validation loss curves in Figure 4.1 show quick convergence in the first 10 epochs 
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and do not overfit much. These losses imply that the model generalizes well with the dataset, and 

the reconstruction quality does not vary much with training. 

Figure 4.1 JSCC autoencoder training and validation loss curves. 
 

The training formulation aims to learn the projection matrix 𝑊 such that 

																																																		min
<
‖𝑋 −𝑊;𝑆‖=* + 	𝜆‖𝑆 −𝑊𝑋‖=*  ,                                                           (4.1) 

where: 

● 𝑋 is the visual feature matrix; 

● 𝑊 is the  linear projection matrix; 

● 𝑆 is the semantic attribute matrix; 

● 𝜆 is the regularization term. 

The optimization problem is to choose the value  𝜆 which will give the best results in terms of 

semantics. Many compression control parameter λ values were tested to identify the best 

compromise between compression and image quality. The variations in MSE, PSNR, and SSIM 

over different λ values are shown in Figure 4.2. It is found that usually, a smaller λ leads to a better 
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reconstruction quality and that λ ≈ 0.05–0.1 gives the best tradeoff in terms of MSE. MSE gets 

less than 0.01, PSNR is above 24 dB, and the SSIM is close to 0.78, which means that the 

perceptual similarity to the original images is high in those settings. However, the goal is to find 

the optimal value of λ, and it can be seen that λ = 0.15 is the best value of λ. 

 
 

Figure 4.2  Reconstruction metrics (MSE, PSNR, SSIM) across varying λ values. 
 

The reconstruction performance was finally evaluated using image-wise analysis over the test 

dataset, as shown in Figure 4.3. Below are summarized the metrics achieved through the tuning of 

λ value: 

o PSNR Mean ≈ 28 dB; 

o MSE Mean ≈ 0.003; 

o SSIM: Mean ≈ 0.70; 

o Compression Ratio ≈ 1.6. 

These performance values confirm that the JSCC autoencoder can compress and reconstruct high-

resolution aerial images so that the structural and semantic aspects continue to apply to proper 

object detection. 
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Figure 4.3 Image-wise evaluation of MSE, PSNR, and SSIM over the test set. 
 

Figure 4.4 represents the visualization results of the feature extraction. The features remain the 

same meaning as the original image. 

 
 

Figure 4.4 Results of feature extraction. 
 
It can be observed that the features of the images contain the same pattern. The second image 

curve can also be found in its features. Thus, the feature visual representation of the compressed 

image is considered correct. 
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Figure 4.5 shows the results of the JSCC encoder after the compression and reconstruction. The 

model performs well with high-detailed images and low-detailed images. 

 

 
 

Figure 4.5 Compression and reconstruction results. 

4.2 Part II – Onboard Object Detection and Localization (Approach B) 

The results from experimentally running the second pipeline, which performs onboard object 

detection and approximate geolocation based on UAV-acquired imagery and flight telemetry, are 

presented in this section. The objective is to measure the mapping of 2D detections on real-world 

coordinates and the detection accuracy. The FRCNN detector algorithm was trained and fine-tuned 
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on the AU- AIR dataset, which was used for detection. The performance of the proposed detector

 is shown in Table 4.1, with various IoU thresholds in the evaluation protocols. 

Table 4.1 COCO evaluation metrics for onboard object detection. 

Metric Value 

AP@[0.50:0.95] (COCO mAP) 7.35% 

AP@0.50 21.53% 

AP@0.75 3.13% 

AP (Small Objects) 0.44% 

AP (Medium Objects) 4.72% 

AP (Large Objects) 10.68% 

AR@[0.50:0.95], maxDets=100 26.00% 
 

The results suggest the detector is best at large and well-separated objects, which are more visible 

in UAV imagery. However, performance on small objects and dense, cluttered scenes remains a 

common challenge in aerial perception due to scale and resolution during performance. 

Class-wise Performance Analysis 

Figure 4.6 shows the per-class AP representing variance performance according to object type. 

However, the detector performs relatively well on "harbour", "plane", "vehicle", and "ground-

track-field" but performs much less well with "container crane", "tennis court", and "basketball 

court". The cause of this disparity is often class imbalance, diversity of samples, and overlapping 

visual features. 
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Figure 4.6  Per-class AP for AU-AIR object categories. 

Confusion Matrix Analysis 

Also, the confusion matrix in Figure 4.7 gives more insight into class-level misclassifications. 

Indeed, the diagonal dominance confirms accuracy predictions for many well-studied classes, and 

off-diagonal activity reveals confusion between visually similar categories. This supports the need 

for contextual reasoning and better feature extraction under real UAV conditions. Defined classes 

in COCO format are: plane, ship, storage tank, baseball diamond, tennis court, basketball court, 

ground track field, harbour, bridge, vehicle, helipad, roundabout, soccer ball field, swimming pool 

container crane. However, the classes of vehicles and infostructure objects are the most important. 

The classes for the athletic games are used to detect class mismatch errors. 
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Figure 4.7 Normalized confusion matrix for detected AU-AIR classes. 

Qualitative Detection Output 

Figure 4.8 shows a sample inference result of the model, which can accurately detect multiple such 

as planes, ships, storage tanks, and infrastructural buildings as its bounding box confidence score. 

Based on the spatial alignment with scene structures, the model retains reasonable detection 

precision in UAV viewpoints. The visual results corroborate these quantitative results, and 

although they show applicability in maritime monitoring or infrastructure inspection, they also 

provide much-needed visual confirmation. 
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Figure 4.8 Visual output of onboard detection with confidence scores. 
 

 
 

Figure 4.9 Visual output with real-world coordinates. 
 

Figure 4.9 highlights the recognition with the object coordinates. In this case, it detected the object 

as class 0, which belongs to the people. 
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Chapter 5 - Conclusion 
This research provided two complementary DL-based pipelines that enable efficient and intelligent 

aerial surveillance in IIoT applications via UAVs. Under bandwidth-constrained environments, a 

semantic compression strategy based on JSCC was used in the first pipeline, by which UAVs 

compressed compact yet semantically rich image representations to a server. The second pipeline 

supported real-time geolocation of onboard detected objects and integrated visual and flight 

telemetry data. 

It is shown through extensive experimentation that the JSCC approach can have high compression 

ratios while keeping its visual features sufficient for reliable object detection. The selected λ-

optimised model resulted in a mean PSNR of 28 dB, a mean SSIM score of 0.70, and MSE as 

small as 0.003, demonstrating that the compressed structures are semantically relevant. 

Secondly, it was used to perform detection onboard the UAV using the AU-AIR dataset. On the 

other hand, the detector achieved a COCO mAP of 7.35% over the IoU thresholds and 

outperformed significantly on large objects (AP = 10.68%) compared to small objects. This 

onboard system was further expanded to perform real-world coordinate estimation, i.e. converting 

2D detections into approximate 3D locations using GPS and IMU information. The ability to do 

this demonstrated the feasibility of autonomously and contextually monitoring UAVs in time-

sensitive applications. 

An essential practical takeaway from Approach B is that it is sufficient to transmit the object class 

labels and real-world coordinates to the server rather than full-resolution images or even original 

compressed features. In particular, this is useful for UAV platforms (15–30 km altitude) with 

expensive or severely constrained data transmission (long-range or stratospheric platforms). This 

paradigm drastically improves the scalability and autonomy of UAV systems operating in remote 
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or infrastructure-less environments by lowering the communication to a minimum of essential 

semantic content.  

The research presents fundamental components that enable the development extensive IIoT UAV 

systems with intelligent capabilities. The hybrid transmission network between semantics and 

operational speed gives users access to enhanced performance from image delivery technologies 

and onboard analytic capabilities through context-based processing. The research findings verify 

that edge computing can run inference tasks by sending semantic coordinates and class information 

to preserve operational intelligence through minimal data transfer. The concepts extend UAV 

applications to create design patterns for multiple autonomous IIoT systems, such as robot grid 

systems and surveillance swarms. Only semantic-based protocols that rely on meaning instead of 

raw data will connect through the current approach, thus expanding future network capabilities for 

real-time interpretability and responsiveness. Real-world generalization remains challenging even 

though the research demonstrates effective results from simulated situations and controlled 

datasets. This thesis delivers a usable design concept with two approaches that enable the following 

generation of IIoT systems to achieve connectivity while acquiring semantic intelligence and 

contextual understanding. 
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Chapter 6 - Discussion and Future Work 

6.1 Discussion 

This thesis demonstrates from the findings that the accuracy and efficiency of semantic 

compression are tradeoffs in bandwidth-limited UAV systems. A scenario where image-level 

insights are still critical and approach A is well suited for when semantic fidelity is of the highest 

importance is when image-level insights are crucial and when centralized decision is required. In 

contrast to Approach B, Approach B focuses on edge-level processing with low latency, and 

therefore, inference must occur on board with minimal data offload. This approach is preferable 

for real-time alerting, edge autonomy, or remote environments. 

However, limitations remain. The drop in detection performance as the compression becomes high 

or channel noise becomes severe suggests that compression-aware detectors should be more 

robust. Since resolution and motion artifacts from UAV flight affect the detection performance on 

small and medium-sized objects, the detection performance in Approach B is suboptimal. Besides, 

the localization error in the real world is acceptable but can be improved if the depth estimation is 

more accurate or if sensor fusion is used. 

Semantic compression vs Exact regeneration: prioritizing meaning over fidelity in IIoT  

The evaluation method for traditional compressed communication systems focuses on maintaining 

perfect image rebuilds with low data loss. IIoT networks and UAV-based surveillance systems 

experience a conceptual change in processing and transmission approaches. This fundamental 

question in the research asks whether exact compression methods are necessary when feature 

simplification leads to successful regeneration results. Regeneration methods that use semantically 
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meaningful features prove sufficient and superior to exact pixel matching, specifically when 

dealing with limited environments. 

The JSCC autoencoder in approach A compressed images by maintaining important semantic 

content instead of precise visual elements. Evaluation metrics established the compressed images' 

capability to maintain sufficient structural information through SSIM scores passing 0.70 PSNR 

reaching 28 dB and MSE remaining at 0.003, thereby supporting downstream activities like object 

detection. The operational accuracy of the object detection model validated this finding since 

essential features needed for inference continued intact even without exact pixel reconstruction. 

Implementing the semantic compression algorithm brings a substantial advantage in maintaining 

system operation stability during bandwidth-constrained situations, commonly occurring in UAV 

system field operations. The system retains priority for transmitting meaningful semantic features 

rather than full high-fidelity images because this approach reduces data transmission requirements 

— a fundamental concept for decision-supporting intelligent IIoT systems. Mission-critical 

situations, such as disaster relief and infrastructure inspection, gain significant advantages from 

swift decision-making because delays could produce profound effects. The implementation of 

semantic representations proves compatible with inference operations that use AI technology. 

FRCNN maintains its operational capability using compressed feature sets, which provide the 

features with sufficient information about object shape edges alongside contextual indicators. Such 

compression algorithms can adapt their output by considering the priority level of different 

information units, which reduces transmission redundancy. The research findings support sending 

data according to its meaningful content rather than literal data. The system requires information 

that allows it to function effectively rather than precisely duplicating the original scene content. 

These principles will guide developers toward building adaptive encoding systems edge-AI 
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platforms and semantic priority protocols that select between video frames, feature data, or basic 

labels based on priority and situation. 

Adaptability of the semantic communication framework to ground-based IIoT platforms 
  
System retraining capabilities of the semantic communication and object detection systems for 

ground vehicles and robotic platforms deal with fundamental design concerns associated with IIoT 

system generalizability. Strong evidence shows that the JSCC autoencoder and FRCNN-based 

detector operate as data-driven and modular components requiring minimal structural adjustment 

to function efficiently on alternative platforms. The JSCC autoencoder operates with image-based 

information passing through simulated communication exchanges. The encoder-decoder design 

operates without constraints from the data source under representative sample training. The 

retraining procedure for ground vehicle operations requires substituting aerial dataset sources 

(NWPU VHR-10 or AU-AIR) with terrestrial dataset collections of UAV-recorded data. The core 

semantic compression concept exists regardless of perspective since it maintains significant task-

related information while discarding unnecessary details. The semantic autoencoder trained on 

street-level imagery would identify vehicle shapes, road signs, and pedestrians as essential features 

after exposure to this dataset domain. However, aircraft and harbour detection currently remain 

the priority of aerial imagery. 

The object detection module (FRCNN with FPN) represents a strong architectural approach that 

works well for new object class and environmental training needs. This detection system performs 

multiple scale analysis that lets it recognize objects of varying sizes and positions that vehicle 

operators encounter in the field. The domain transfer process becomes highly efficient when 

trained detectors with small ground datasets are applied, mainly when backbone networks, 
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including ResNet and MobileNet, are used. This system design enables the efficient reuse of visual 

features while allowing detector head retraining to be the sole primary requirement. 

The geospatial localization procedure from Approach B utilizes object detection data fusion with 

telemetry (GPS and IMU) sensors to produce 3D world coordinates and can operate effectively 

with ground vehicles. These algorithms produce outputs using proper extrinsic calibration methods 

and accurate sensor inputs. Accurate position estimation in areas without GPS access becomes 

possible by adding wheel odometry and LiDAR data. 

The architectural aspect of this research introduces a common semantic communications 

framework that operates between various IIoT devices, including UAV drones, autonomous rovers 

and industrial robots. Smart cities warehouses and logistics systems require increasing multi-agent 

collaboration, which makes this approach highly important. The next version of this system should 

use domain adaptation methods, transfer learning methods and federated learning methods to 

permit agents to modify a shared model with their specific sensor inputs without breaking its 

semantic foundation. 

 The system extends beyond UAVs for its applications. This system consists of modular sections, 

general-purpose vision and learning models, and transferrable semantic principles, enabling 

seamless integration across multiple IIoT platforms following ground-based operational 

requirements for scalability and cross-domain knowledge acquisition. 

Balancing hardware constraints and algorithmic efficiency in IIoT UAV systems 
 
The deployment of semantic communication and onboard inference in UAV systems faces major 

obstacles because DL algorithms require more resources than UAV platforms usually have. The 

research implements the JSCC autoencoder with FRCNN, yet these methods demonstrate strong 

performance while requiring extensive computing power. Small to medium UAV platforms face 
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complex challenges while performing real-time inference because their onboard power capacity, 

battery capacity and memory storage remain constrained. 

The design necessitates algorithmic efficiency as a solution to resolve this issue. The thesis 

exploited pre-trained models with FPN and multitasking capabilities to cut down redundancy in 

operations. Through JSCC autoencoder training, the model learned how to maintain semantic 

information while reconstructing data for direct end-to-end processing, minimizing the number of 

required network passes along with data movement requirements, which helps lower GPU energy 

usage specifically on NVIDIA Jetson Nano and Xavier embedded devices. 

To achieve widespread deployment, more optimization measures must be implemented. The 

deployment efficiency of models significantly improves when practitioners implement strategies, 

which include MobileNet or YOLOv5n lightweight architectures, model quantization, and model 

pruning techniques. The method of adaptive computation allows systems to skip or simplify 

inference processes when performing low-priority visual frame analysis to save power during 

prolonged operations. The system's performance and onboard capacity tradeoffs must be balanced 

for optimal functionality, leading to the increased operational readiness of intelligent UAV systems 

within real-industrial IoT deployments. 

6.2 Future Work 

Future research can be conducted to improve the semantic compression pipeline and the onboard 

localization pipeline. One promising direction is integrating multiple modes of data sources like 

LiDAR, infrared, or depth sensors to make object detection robust and estimate real-time position. 

Temporal information across video sequences may also help improve detection consistency and 

reduce frame-level errors. Another improvement should be applied to detection architectures to be 
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onboard deployed for lightweight models (such as MobileNet or transform-based detectors) to 

allow real-time inference on resource-constrained UAV platforms. Moreover, adaptive 

transmission policies whereby the decision to send forth full detections, compressed features, or 

just semantic coordinates would be helpful to improve the bandwidth efficiency at different 

operating conditions. On a final note, federated or swarm intelligence frameworks could be 

deployed to collaboratively improve the model for several UAVs without data exchange across the 

sites, therefore enhancing system scalability and autonomy. 
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