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Preface

A paradigm change is currently occurring in the field of artificial intelligence. Initially, 
a straightforward yet expensive formula, involving more data and more computa-
tion, described the course of machine learning. We started from scratch and trained 
ever-larger models from random initialization on enormous, task-specific datasets. 
Although effective, this strategy consumed a significant amount of resources, made it 
challenging to enter new markets, and was fragile in conditions with limited data.

A revolution is changing this traditional paradigm and is the subject of the book 
Transfer Learning – Unlocking the Power of Pretrained Models.

Developing AI systems in a more effective, clever, and approachable manner rather 
than creating standalone models on isolated datasets. For handling particular, fre-
quently unique problems with exceptional speed, we utilize extensive, general-purpose 
“foundation models” that have already been trained on internet-scale data and modify 
their rich, learned representations. This is how transfer learning works. The journey 
we will take you on in this book moves from the theoretical foundations to the cutting-
edge practical applications that are defining the next generation of intelligent systems.

This book compiles chapters that address the issue of transfer learning, helping you 
build your understanding in a progressive manner. The chapters are divided into two 
sections: Section I, Multiple Domains Transfer Learning, and Section II, Knowledge and 
Data Representation.

Section I contains four chapters:

• Bridging Domains with Transfer Learning: Strategies for Multi-Task and Multi-Dataset 
Finetuning provides you with an advanced discussion of the strategies and tech-
niques to become a master practitioner, capable of designing sophisticated learning  
regimens that allow a single model to excel at multiple tasks by intelligently 
leveraging diverse datasets.

• Method for Developing Object and Image Recognition Systems Using Transfer Learning 
in Computer Vision proposes a comprehensive guide and methodology for building 
state-of-the-art vision systems without the need for massive datasets, demonstrat-
ing how transfer learning has become the default starting point for virtually all 
practical computer vision projects.

• Transfer Learning with CLIP Model for Multitasking Workload Prediction in Mixed 
Reality Environment. Here, the reader sees how visionary models like CLIP can 
be repurposed to solve unique challenges at the intersection of the  physical 
and digital worlds, such as predicting system load to ensure seamless user 
experiences.



IV

• Domain Adaptation in Multimodal Models, laying the groundwork for how 
knowledge can be transferred not just across tasks, but across entire data 
domains, even when dealing with complex, multi-modal data like text, images, 
and sensor feeds.

Section II has two chapters:

• Good Data Beats More Data: Building a Thermal Air-Image Dataset for Ground-to-Air 
Surveillance serves as a crucial case study. It underscores that while pre-trained 
models provide a powerful engine, thoughtfully curated, domain-specific data is 
the high-octane fuel that drives breakthrough performance in specialized fields, 
such as security and surveillance.

• Knowledge Aggregation in Autonomous Systems via Pre-Trained Model illustrates 
how autonomous agents, from self-driving cars to robotic manipulators, can use 
transfer learning to build a consolidated understanding of the world, combining 
lessons from numerous pre-trained subsystems to operate safely and effectively 
in unstructured environments.

This book is designed for engineers, researchers, students, and technology leaders 
who want not only to understand this shift but also to actively participate in it. Our 
goal is to provide you with both the conceptual framework and the practical expertise 
to harness the power of pre-trained models, saving you time and computational 
resources, and ultimately enabling you to solve problems that were previously out 
of reach.

Welcome to the future of machine learning. Welcome to the era of transfer learning.

Pier Luigi Mazzeo
National Research Council of Italy (CNR),

Institute of Applied Sciences and Intelligent Systems (ISASI),
Lecce, Italy

Alessandro Bruno
IUM University,

Milano, Italy
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Chapter 1

Bridging Domains with Transfer 
Learning: Strategies for Multi-Task 
and Multi-Dataset Finetuning
Tehseen Ullah, Steven Davy and John Kelleher

Abstract

The chapter explores the innovative integration of transfer learning with 
multi-dataset and multi-task fine-tuning to build versatile, resource-efficient 
models for computer vision-related tasks. It delves into the paradigm shift from 
traditional single-task training, where models are optimized for isolated datasets 
to a unified multi-task framework where a shared backbone supports diverse, 
domain-specific tasks. By leveraging pretrained models and implementing dif-
ferent multi-datasets and multi-tasks fine-tuning techniques such as mixture of 
experts, model merging, adaptive multi-task learning and modular architectures 
for multi-dataset training techniques, the discussed approaches enhance perfor-
mance across varied datasets as well as significantly reduce computational cost 
and training time. This chapter addresses challenges such as data imbalance, con-
flicting gradients and sensitivity to merging coefficients, outlining how modern 
transfer learning techniques can reconcile these issues to produce scalable models 
that are both efficient and adaptable to real-world scenarios.

Keywords: finetuning, transfer learning, image classification, computer vision, 
multi-dataset finetuning, multi-task learning, resource efficient finetuning, fine-tuning 
techniques, mixture of experts

1.  Introduction

The field of artificial intelligence (AI) has witnessed unprecedented growth 
over the past decade, driven largely by advances in deep learning. From diagnos-
ing medical conditions to enabling autonomous vehicles, machine learning models 
have become indispensable tools for solving complex real-world problems. Yet, as 
these applications grow more sophisticated, a critical challenge emerges: how can we 
develop models that adapt efficiently to diverse tasks and datasets without requir-
ing exorbitant computational resources or massive amounts of labeled data? This 
question lies at the heart of modern AI research and serves as the foundation for this 
chapter’s exploration of transfer learning, a paradigm that re-imagines how models 
acquire, retain, and reuse knowledge across domains.
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1.1 The evolution of model training: From isolation to integration

Traditional approaches to training machine learning models, particularly in com-
puter vision, have long relied on a single-task and single-dataset framework. In this 
paradigm, a model is meticulously trained from scratch for a specific objective, such 
as classifying images in the CIFAR-100 [1] dataset or detecting objects in COCO [2]. 
While this method has yielded remarkable results, it suffers from significant limita-
tions. For example, training models in isolation demands vast amounts of task-specific 
labeled data, a luxury unavailable in many practical scenarios, such as medical imaging 
or rare defect detection in manufacturing. Furthermore, these models often lack versa-
tility; a network trained exclusively for facial recognition cannot pivot to segmenting 
tumors in MRI scans without starting over and training it from scratch for that specific 
application. This rigidity is compounded by the computational costs of training sepa-
rate models for each task, which strains resources and hinders scalability [3].

To counter these limitations, researchers and engineers introduced the so-called 
transfer learning technique, a technique that has reshaped the AI landscape. At its 
core, transfer learning allows a model trained on one task or dataset to repurpose its 
knowledge for a related but distinct task. For instance, a neural network pretrained on 
millions of generic images can be “fine-tuned” to recognize specific types of plants with 
only a small botanical dataset [4]. This approach mimics how humans learn, applying 
foundational knowledge from one domain to accelerate mastery in another. Early appli-
cations of transfer learning focused on single-task adaptation, but the research commu-
nity soon recognized its potential for broader integration and came up with the idea of 
what if a model could simultaneously tackle multiple tasks or generalize across multiple 
datasets, sharing insights between them? This question catalyzed a paradigm shift 
toward multi-task and multi-dataset fine-tuning, which is the focus of this chapter.

1.2 The promise of multi-task and multi-dataset learning

Imagine a single model that can analyze satellite imagery to predict weather 
patterns, detect deforestation, and monitor urban sprawl, all while drawing from 
datasets as varied as aerial photographs, climate logs, and social media feeds. Such a 
model would help save computational resources as well as uncover latent connections 
between seemingly unrelated tasks. This vision underpins the strategies discussed in 
this chapter. By unifying tasks and datasets under a shared framework, we can create 
models that are both resource-efficient and adaptable [5].

The key to this unification is the concept of a shared backbone, a common neural 
network architecture that processes input data and extracts features usable across 
multiple tasks. For example, the early layers of a convolutional neural network 
(CNN) might learn to detect edges and textures relevant to both object detection and 
semantic segmentation [6], while task-specific “heads” branch off from the backbone 
will learn to generate specialized outputs. This design drastically reduces redundancy. 
This means that instead of training separate models for each task, a model’s general-
ized features serve as a foundation, minimizing computational overhead. However, 
integrating multiple tasks and datasets is far from straightforward. Challenges such as 
data imbalance, conflicting gradients, and sensitivity to hyperparameters threaten to 
destabilize the training process. These obstacles demand innovative solutions such as: 
mixture of experts (MoE), model merging, adaptive multi-task learning, and other 
modular architectures. All of these innovative techniques will be discussed in more 
details in the later sections.
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1.3 Bridging domains in real-world applications

The implications of these approaches extend far beyond academic benchmarks. 
Consider health care, where a model trained on diverse datasets such as X-rays from 
one hospital and pathology slides from another could improve diagnostic accuracy 
while preserving patient privacy through federated learning [7]. Similarly, in autono-
mous driving, a vehicle’s perception system must simultaneously detect pedestrians, 
read traffic signs, and predict lane boundaries, often under varying weather conditions. 
A multi-task model trained on datasets spanning sunny, rainy, and snowy environ-
ments would inherently generalize better than a collection of single-task models [8].

Moreover, multi-dataset training mitigates the “domain gap” problem, where a 
model’s performance plummets when applied to data that deviates from its training 
distribution. By exposing the model to varied datasets during fine-tuning, it learns 
robust features that transcend individual domains [9]. This is particularly vital in global 
applications, where data may reflect cultural, geographic, or demographic diversity.

1.4 Navigating challenges: Toward efficient and scalable AI

While the benefits of multi-task learning and multi-dataset fine-tuning are 
compelling, they raise ethical and practical considerations. For example, combining 
datasets risks amplifying biases if not carefully audited. A model trained on facial rec-
ognition data from predominantly one demographic group may perpetuate inequities 
when deployed in multi-ethnic regions [10]. Similarly, the computational savings of 
shared backbones must be weighed against the energy costs of training large models, 
a tension underscoring the need for efficiency-focused architectures [11].

This chapter does not merely catalog these challenges but provides a roadmap for 
addressing them. By reconciling conflicting gradients through adaptive loss weighting 
or designing modular systems that compartmentalize tasks, modern transfer learning 
techniques pave the way for scalable and sustainable AI systems.

2.  Foundations of transfer learning in computer vision

Transfer learning (TL) has revolutionized computer vision by enabling models to 
repurpose knowledge from one task or dataset to solve new, related problems. This 
section builds the conceptual bedrock for the rest of the chapter, clarifying how TL 
evolved from its single-task origins to today’s multi-task and multi-dataset paradigms. 
By anchoring technical strategies in their historical and theoretical context, we equip 
experts and non-experts alike to grasp the innovations discussed in later sections.

At its core, TL relies on the idea that models trained on large, diverse datasets learn 
reusable features such as textures, object parts that generalize across domains. For 
example, convolutional layers of a network pretrained on natural images can extract 
meaningful patterns from medical scans, reducing the need for extensive labeled 
healthcare data. Figure 1 illustrates this process, where the pretrained convolutional 
layers are reused as a frozen feature extractor, while task-specific dense layers are 
replaced with a new classifier tailored to the target domain.

While early TL focused on adapting models to single tasks (e.g., fine-tuning 
ResNet for flower classification), real-world applications demand systems that 
handle multiple tasks (e.g., autonomous vehicles detecting pedestrians, traffic signs, 
and lanes simultaneously) and diverse datasets (e.g., merging satellite imagery and 
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street-view photos). This shift necessitated architectures and training strategies that 
balance efficiency, scalability, and performance.

2.1 From single-task adaptation to multi-domain generalization

The limitations of single-task TL became apparent as AI applications grew more 
complex. Training separate models for each task is computationally expensive and 
waste of resources. Moreover, features learned in isolation often fail to generalize 
across domains. The following breakthroughs addressed these issues:

2.1.1 Multi-task learning (MTL)

Multi-task learning (MTL) trains a single model to perform multiple tasks by shar-
ing the same backbone network while using task-specific output heads. For instance, 
a shared CNN backbone can extract features for both object detection (bounding 
boxes) and semantic segmentation (pixel masks). Key innovations include:

• Adaptive loss balancing: Dynamically weighting task losses to prevent one task 
from dominating the training [12].

• Gradient conflict mitigation: Techniques like PCGrad [13] adjust gradients during 
backpropagation to avoid interference between tasks.

2.1.2 Multi-dataset training

Models trained on diverse datasets (e.g., combining COCO, ADE20K, and 
DomainNet) learn robust, domain-invariant features. For example, a model exposed 
to sketches, paintings, and photos can better recognize objects in abstract art [14]. 
However, merging datasets introduces the following challenges:

Figure 1. 
Illustration of the transfer learning process from a source to a target domain by reusing pretrained convolutional 
layers. The dense layers are replaced with a new classifier tailored to the target labels, while the feature extractor 
remains frozen.
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• Label incompatibility: Resolving mismatched annotation formats (e.g., bounding 
boxes vs. segmentation masks).

• Domain gaps: Aligning feature distributions across datasets with differing styles 
(e.g., medical scans vs. natural images).

Recent methods like dataset condensation and model soups [15, 16] address these 
issues by synthesizing representative data subsets or averaging weights of models 
fine-tuned on individual datasets.

2.2 The rise of generalist models

The pursuit of adaptable, multi-purpose systems have driven the emergence of 
generalist models capable of handling diverse tasks and modalities with minimal 
task-specific tuning. Central to this shift are advances in self-supervised learning 
(SSL) and vision-language models (VLMs), which learn rich, transferable representa-
tions without relying on labeled data. For instance, masked autoencoders like MAE 
[17] reconstruct images from partial inputs to capture spatial hierarchies, while VLMs 
such as CLIP [18] align text and image embeddings for zero-shot inference such as 
classifying medical scans using descriptive prompts. Complementing these innova-
tions, parameter-efficient fine-tuning (PEFT) techniques like LoRA and adapters 
[19, 20] enable lightweight updates to massive pretrained models, making them viable 
for edge deployment. Together, these approaches reduce reliance on task-specific 
data and expensive computations, paving the way for models that fluidly adapt to 
multi-domain challenges, ranging from analyzing satellite imagery with text-guided 
prompts to diagnosing diseases across varied medical datasets while maintaining 
efficiency and scalability.

3.  Strategies for multi-task and multi-domain fine-tuning

The shift from isolated, single-task models to unified systems capable of learning 
from multiple datasets and tasks represents a pivotal advancement in modern deep 
learning paradigm. However, this integration introduces unique challenges such as: 
How can models reconcile conflicting objectives across tasks? How can heterogeneous 
datasets, with mismatched labels, domains, or scales could be harmonized without 
catastrophic interference? In the following sections, we will explore some cutting-
edge research and methodologies that address these challenges, balancing computa-
tional efficiency with robust performance. Central to these approaches is the principle 
of shared representation learning, where a single deep learning model extracts 
features relevant to diverse tasks (e.g., object detection and segmentation) and 
datasets (e.g., natural images and medical scans). Techniques like parameter-efficient 
fine-tuning (PEFT) minimize training costs by updating only small subsets of pre-
trained weights, while adaptive multi-task learning (MTL) dynamically balances task 
losses to prevent dominance by data-rich objectives. Meanwhile, modular approaches 
like mixture of experts (MoE) and model merging enable multi-task learning without 
sacrificing scalability, routing inputs to domain-specific subnetworks or combining 
pretrained models into cohesive systems. Figure 2 illustrates a unified view of promi-
nent parameter-efficient fine-tuning (PEFT) approaches, including adapter tuning, 
prompt tuning, prefix tuning, and side tuning, each offering different trade-offs 
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between trainable parameters, architectural modification, and performance effi-
ciency. These innovative approaches collectively aim to overcome data imbalance, 
domain shifts, and gradient conflicts. The following subsections dissect these meth-
odologies, highlighting their theoretical underpinnings, implementation trade-offs, 
and applications across different industries.

3.1 Parameter-efficient fine-tuning (PEFT)

Parameter-efficient fine-tuning (PEFT) has emerged as a pivotal method for 
adapting large-scale pretrained vision models (PVMs) to downstream tasks without 
the computational and storage burdens of full fine-tuning method. Unlike conven-
tional approaches that update all of the model’s parameters, PEFT updates only a 
small subset of weights or introduces lightweight modules, preserving the pretrained 
knowledge while achieving competitive performance. This section synthesizes the lat-
est advancements in PEFT, focusing on methodologies, applications, and challenges, 
with insights drawn from foundational and cutting-edge research.

3.1.1 Methodologies and taxonomies

PEFT methods are broadly categorized into three paradigms: addition-based, 
partial-based, and unified-based fine-tuning [21]. Addition-based methods insert 
trainable modules into the PVM architecture, such as adapters or prompts, while 
keeping the original weights frozen. For instance, adapter-based modules employ 
bottleneck structures with down-projection and up-projection layers to transform 
intermediate features. These modules, integrated into transformer layers, enable 
task-specific adaptation with minimal parameter overhead, typically 0.05–10% of 
the full model size. Vision prompt tuning (VPT) [22] extends this idea by prepending 
learnable prompts to input embeddings, aligning downstream data distributions with 
pretraining objectives.

Figure 2. 
Detailed architecture of various PEFT methods.
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On the other hand, partial-based methods update only specific subsets of existing 
parameters. For example, BitFit [23] fine-tunes bias terms exclusively, achieving over 
95% of full fine-tuning performance on benchmarks, while LoRA [19] injects low-
rank matrices into attention layers to approximate weight updates. These methods 
excel in efficiency, often training less than 1% of total parameters. Unified-based 
approaches combine multiple strategies into cohesive frameworks. For example, 
the VMT-Adapter [24], a state-of-the-art method, unifies shared projections for 
cross-task interaction and task-specific modules for dense scene understanding. By 
decomposing parameters via Kronecker products, VMT-Adapter-Lite further reduces 
trainable weights to 0.36% of the original model while maintaining competitive 
performance.

3.1.2 Applications and performance

PEFT has been widely applied to tasks ranging from image classification to dense 
scene understanding. As shown in Table 1, VMT-Adapter significantly outperforms 
full fine-tuning on PASCAL-Context dataset with only 1% of trainable parameters, 
achieving +3.96% performance gain, while its lightweight variant (VMT-Adapter-
Lite) also provides strong results with minimal computational footprint, highlighting 
the practical advantage of unified PEFT methods in multi-task settings. Similarly, 
adapters like AdaptFormer [25] demonstrate robust performance on fine-grained 
visual classification (FGVC) and video action recognition, highlighting their versatil-
ity. A critical advantage of PEFT lies in its computational efficiency. Methods like LST 
[26] which decouple gradient backpropagation from the frozen backbone, reducing 
GPU memory usage by up to 70%. For trillion-parameter models, such efficiencies are 
indispensable. However, challenges persist, including gradient conflicts in multi-task 
settings and interpretability of learned prompts or adapters.

3.1.3 Challenges and future directions

Despite its promise, PEFT faces unresolved issues. Such as negative transfer, 
where irrelevant pretrained knowledge harms downstream performance, particularly 
in cross-domain scenarios [27]. Secondly, scaling PEFT to generative models (e.g., 
diffusion models) and multimodal systems (e.g., vision-language models) requires 
novel architectures. Recent work on DiffFit [28] fine-tunes diffusion models via bias 
and scaling terms, but broader exploration is needed. Finally, the lack of standardized 
libraries for visual PEFT hinders reproducibility. While NLP benefits from tools like 
Hugging Face’s PEFT, the vision community lacks equivalent resources, necessitating 
frameworks that unify diverse methods.

Method Params (M) Perf. Gain Tasks

Full Fine-Tuning 112.62 0% (baseline) Single

VMT-Adapter 1.13 +3.96% Multi

VMT-Adapter-Lite 0.40 +1.34% Multi

Shared Adapter 4.71 −0.64% Multi

Table 1. 
Performance comparison of parameter-efficient fine-tuning methods on dense scene understanding tasks.
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3.2 Multi-task and multi-domain learning

Multi-task learning (MTL) enhances model generalization by training a single 
model to perform multiple related tasks simultaneously, leveraging shared represen-
tations to exploit task commonalities while minimizing interference. This approach 
reduces computational costs and improves data efficiency compared to training 
separate task-specific models. Multi-domain learning (MDL), conversely, focuses 
on adapting models to perform robustly across diverse domains such as datasets, 
environments, or distributions, addressing challenges like domain shifts and label 
incompatibility. Both paradigms are critical for scalable transfer learning, enabling 
models to generalize across tasks and domains with minimal retraining.

In order to achieve this, modern approaches toward multi-task and multi-domain 
learning integrate mixture of experts (MoE), which dynamically routes inputs to 
specialized subnetworks for task- or domain-specific processing, and multi-dataset 
training, which harmonizes heterogeneous data through techniques like domain-
invariant feature alignment. Additionally, model merging techniques combine 
pretrained models into unified architectures, preserving their individual strengths 
while reducing redundancy. These methods are particularly valuable in vision tasks 
where labeled data is scarce or fragmented across domains.

Recent advancements in transfer learning increasingly rely on mixture of experts 
(MoE) architectures to address the dual challenges of multi-task learning (MTL) and 
multi-domain learning (MDL). By dynamically routing inputs to specialized subnet-
works, MoE frameworks enable models to balance shared knowledge with task- or 
domain-specific adaptations, minimizing interference and enhancing generalization. 
Two pioneering implementations: MoE-FFD for face forgery detection [29] and 
AdaMV-MoE for multi-task vision recognition [30] exemplify how MoE principles 
advance scalable and efficient learning across tasks and domains.

3.2.1 Adaptive feature extraction with MoE-FFD

MoE-FFD tackles the challenge of detecting deepfakes across diverse datasets such 
as CelebDF-v2 and DFDC-P, by integrating the global context of vision transformers 
(ViTs) with the local sensitivity of CNNs. The architecture, as shown in Figure 3, 
preserves the pretrained ViT backbone while injecting domain-specific adaptations 
through two modular components:

• Low-rank adaptation (LoRA): Lightweight low-rank adaptation (LoRA) layers 
adjust the ViT’s attention mechanisms to capture subtle forgery clues, such as 
identity inconsistencies or unnatural textures, without overwriting the founda-
tional ImageNet knowledge.

• Convolutional adapters: Five specialized convolutional experts, including angular 
difference and central difference convolutions, localize artifacts like blending 
boundaries or noise patterns. Moreover, a gating network dynamically selects 
the optimal combination of experts for each input, ensuring domain-specific 
processing.

Their results show that MoE-FFD achieves an 86.78% average AUC on unseen 
datasets with only 15.51 M activated parameters, outperforming full ViT fine-tuning 
by a significant margin. Notably, it maintains robustness under perturbations like 
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Gaussian blur, retaining 72.3% AUC at high severity levels compared to ViT-B’s 54.1%. 
This efficiency stems from sparse activation where only relevant experts are engaged 
per input, making it ideal for deployment in resource-constrained environments.

3.2.2 Dynamic task specialization with AdaMV-MoE

AdaMV-MoE addresses the complexity of multi-task vision recognition through 
adaptive expert allocation. As illustrated in Figure 4, unlike conventional MTL 
models that rigidly share a backbone, AdaMV-MoE employs task-dependent routers 
and an adaptive expert selection (AES) mechanism. The AES monitors validation 
loss to dynamically adjust the number of experts per task, expanding capacity for 
complex tasks like detection while contracting it for simpler ones like classification. 
For example, detection tasks activate 50.94 M parameters compared to 42.95 M for 
classification, reflecting their higher computational demands. This approach miti-
gates gradient conflicts inherent in MTL by isolating task-specific computations. On 
the UViT-Base backbone [31], AdaMV-MoE achieves 79.65% classification accuracy 
and 44.14% detection AP, surpassing shared-backbone ViT models by 6.66% and 
1.13%, respectively.

3.2.3 Model merging for multi-task learning

In scenarios where collecting joint training data for all tasks or domains is imprac-
tical due to privacy constraints or computational costs, model merging presents an 
efficient alternative for enabling multi-task learning (MTL). This means that instead 
of retraining a single model from scratch or maintaining multiple task-specific 
models, recent approaches aim to merge independently fine-tuned models into one 
unified architecture capable of performing multiple tasks. A particularly promising 
example of such approach is AdaMerging, a data-free and unsupervised method for 
adaptive model merging [32]. The core idea is to autonomously learn how to combine 

Figure 3. 
Overview of the designed MoE-FFD framework. (a) Overall model architecture; (b)MoE-FFD transformer 
block; (c) design of MoE Adapter layer; (d) Details of each Adapter expert; (e) Details of the designed MoE 
LoRA layer; (f) Details of each LoRA expert.
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multiple task-specific models, each fine-tuned on a shared pretrained backbone into a 
single multi-task model, without requiring access to the original training data.

AdaMerging builds upon the concept of task arithmetic, where each task is rep-
resented by a task vector, defined as the difference between the task-specific model 
parameters and the base pretrained model parameters. By summing these task vectors 
and merging them into the pretrained model, a new model can theoretically support 
multiple tasks. However, previous methods such as task arithmetic and TIES-Merging 
suffered from performance drops due to their reliance on fixed or manually-tuned 
merging coefficients, which often fail to resolve conflicts between tasks [33, 34]. To 
address this, AdaMerging introduces two key innovations:

• Task-wise AdaMerging: Assigns a unique merging coefficient to each task vector, 
allowing the model to weigh tasks differently based on their contribution to 
overall performance.

• Layer-wise AdaMerging: Further refines this approach by assigning distinct 
coefficients to each layer of each task vector, accounting for the observation 
that shallow layers typically encode generalizable features, while deeper layers 
capture task-specific nuances.

The innovation lies in how these coefficients are optimized. Rather than relying 
on grid search or labeled data, AdaMerging uses entropy minimization on unlabeled 
test samples as a surrogate objective. This is grounded in the finding that prediction 
entropy correlates strongly with model loss; lower entropy often indicates more 
confident and accurate predictions. By minimizing entropy during the merging 
process, AdaMerging effectively enhances model performance across tasks, even in 
the absence of supervision.

The experiments in the AdaMerging paper, conducted on diverse image classifica-
tion tasks such as SUN397, SVHN, DTD, and EuroSAT using ViT-B/32 and ViT-L/14 
models, demonstrate that layer-wise AdaMerging++ outperforms existing methods by 
up to 11% in average accuracy over task arithmetic baselines. Moreover, it shows:

Figure 4. 
High-level overview of AdaMV-MoE consists of both ViT (left) and SMoE (middle) layer, where the SMoE layer 
is built by replacing the original multi-layer perceptron (MLP) with a sparsely activated mixture of experts 
(MLPs). It enables multi-task learning by leveraging task-specific router networks (right). Each router network 
determines how many (adaptive) and which (specialized) experts are appropriate to activate for the given task.
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• Superior generalization to unseen tasks, with improvements of up to 9.1%.

• Robustness under distribution shifts, outperforming competitors under corrupted 
data scenarios such as Gaussian noise and JPEG compression by up to 11.2%.

Importantly, this method is more accurate as well as more scalable because 
traditional techniques require manually tuning one coefficient per task or layer, 
which becomes infeasible at scale. AdaMerging eliminates this bottleneck through 
automated optimization using gradient descent and backpropagation on entropy. 
In the context of scalable transfer learning, AdaMerging aligns well with trends in 
model modularity and reusability. It preserves the benefits of individual models while 
unifying them into a single robust architecture. This has particular relevance for 
vision tasks with limited labeled data, where pretrained models are often fine-tuned 
independently for each domain or task.

In summary, AdaMerging represents a significant step forward in model merging 
for MTL, offering a practical, unsupervised, and data-efficient pathway to fuse mul-
tiple specialized models into one cohesive system. As such, it complements emerging 
paradigms like mixture of experts by providing a post-hoc merging strategy when 
dynamic routing or joint training is not feasible.

3.2.4 Scalable multi-task learning with disjoint datasets

Recent research in multi-task learning (MTL) increasingly explores scenarios 
where datasets are disjoint, meaning each task is associated with its own exclusive 
dataset, without overlapping samples or shared labels. This reflects many real-world 
applications, such as facial analysis or autonomous driving, where datasets for distinct 
tasks such as expression recognition and pose estimation come from different dis-
tributions or label spaces. Two key papers address this challenge using distinct and 
complementary strategies: MTL-SA [35] and heterogeneous task learning [36].

The paper “Beyond Without Forgetting: Multi-task Learning for Classification 
with Disjoint Datasets” introduces MTL-SA, a framework that builds upon the classic 
“Learning without Forgetting” (LwF) [37] paradigm, adapting it for disjoint datasets 
in classification tasks. In this setup, each task has a unique labeled dataset. In this 
scenario, conventional joint training fails because unlabeled datasets from other tasks 
are not directly utilized to improve learning. MTL-SA introduces a two-fold strategy 
to bridge this gap:

1. Augment each task using pseudo-labeled data from the other task’s dataset.

2. Selectively weight and integrate those samples based on pseudo-label confidence 
and domain similarity.

The method introduces label vector interpolation, where each unlabeled sample’s 
training label is a weighted combination of:

• A soft label: output from the previous model epoch, preserving learned 
knowledge.

• A pseudo label: converted from soft label by choosing the most confident class, 
adding new knowledge.
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Their experimental results show that MTL-SA significantly outperformed both 
joint and alternating training baselines. For example, MTL-SA improves the expres-
sion recognition accuracy on SFEW dataset from 50.11% to 53.50% and age-stage 
classification accuracy on PETA dataset from 79.83% to 81.78%.

Moreover, MTL-SA excels in cases where training data is kept across tasks or 
domains and cannot be merged directly. It demonstrates how data selection and label 
interpolation can enhance MTL performance even in disjoint settings, making it 
highly relevant to transfer learning scenarios.

Another innovative method that tackle the challenge of jointly training on tasks with 
different data modalities, label spaces, and image properties is introduced in the paper 
“Multitask Learning with Heterogeneous Tasks”. These tasks use disjoint datasets which 
vary in complexity, resolution, and output types. In order to handle such heterogene-
ity, the authors propose an extension to the classic hard-parameter sharing strategy, by 
introducing task-specific stems before the shared encoder, where each task’s input passes 
through a stem unit that adapts its format such as resolution alignment, before reaching 
the common feature extractor. The overall structure involves a shared backbone with 
task-specific stems to preprocess inputs and separate prediction heads per task.

The proposed architecture is optimized using a weighted sum of individual task 
losses, similar to other MTL formulations. Unlike prior works like UberNet, which 
operates on a single dataset with multiple tasks, this study evaluates performance 
across four diverse datasets: CIFAR-10 and STL-10 for classification, MINI-COCO 
for object detection, and VOC0712 for semantic segmentation task. Furthermore, 
this work underscores the scalability benefits of MTL in resource-constrained set-
tings, even across semantically and structurally diverse tasks. While performance 
on complex tasks like detection might slightly lag, the overall parameter reduction 
and performance gains on simpler tasks make this approach practical for real-world 
applications such as edge computing.

4.  Conclusions

Transfer learning represents a significant paradigm shift within artificial intel-
ligence field, particularly within computer vision area, by fostering more efficient, 
scalable, and versatile model development. Throughout this chapter, we have explored 
how modern AI practices have evolved from isolated single-task learning approaches 
toward unified multi-task and multi-dataset frameworks. By leveraging shared neural 
network architectures, transfer learning facilitates the reuse of learned representa-
tions, thereby significantly reducing computational overhead and training times.

Various advanced strategies for fine-tuning, including parameter-efficient fine-
tuning (PEFT), mixture of experts (MoE), adaptive multi-task learning (MTL), 
and model merging, have been comprehensively reviewed. Techniques like LoRA, 
adapters, and vision prompt tuning (VPT) demonstrate that substantial improve-
ments in efficiency and effectiveness can be achieved by updating only small subsets 
of pretrained weights or adding lightweight trainable modules. Moreover, integrating 
MoE architectures have notably enhanced the capabilities of models in handling 
multi-task and multi-domain challenges. These architectures dynamically route 
inputs to specialized subnetworks, thus effectively mitigating issues such as conflict-
ing gradients, domain discrepancies, and data imbalances. Techniques like MoE-FFD 
and AdaMV-MoE further underscore the potential of these approaches by demon-
strating substantial performance gains in complex, real-world scenarios.



15

Bridging Domains with Transfer Learning: Strategies for Multi-Task and Multi-Dataset Finetuning
DOI: http://dx.doi.org/10.5772/intechopen.1011820

Model merging strategies, such as adaptive merging methods like AdaMerging, 
illustrate another critical advancement, allowing the fusion of independently fine-
tuned models into cohesive multi-task models without requiring additional labeled 
data. These methods have successfully addressed previous limitations such as sen-
sitivity to merging coefficients and have showcased considerable improvements in 
scalability and generalization capabilities.

However, while these strategies offer promising avenues for advancing AI effi-
ciency and adaptability, they also bring forth critical ethical and practical consider-
ations. Issues such as potential biases in multi-dataset training and the energy costs 
associated with large-scale models underscore the importance of ongoing research 
into ethical and sustainable practices in model training and deployment.

The techniques and insights presented in this chapter broaden the applicability of 
transfer learning across diverse tasks and domains as well as significantly advance the 
pursuit of creating adaptable, robust, and resource-conscious AI systems. Continued 
innovation in these areas will undoubtedly shape the future landscape of artificial 
intelligence, aligning technological advancements with real-world demands and 
ethical imperative.
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Abstract

Object and image recognition through transfer learning is a key area in computer 
vision and deep learning. This process encompasses several fundamental stages for 
developing efficient models. It begins with data collection, ensuring a representative 
and high-quality dataset with proper annotation and regulatory compliance. Next, 
preprocessing enhances image quality using techniques, such as normalization and 
segmentation. Subsequently, the use of pretrained deep neural networks leverages 
prior knowledge to optimize learning. During the training phase, the model fine-
tunes its parameters through iterative optimization to identify relevant patterns. In 
the validation phase, the model’s performance is evaluated, allowing for hyperpa-
rameter tuning to improve generalization and robustness across different scenarios. 
Finally, in the recognition phase, the trained model makes predictions on new data, 
enabling automated decision-making or actions. This structured approach enhances 
recognition accuracy and model generalization, ensuring robust performance across 
various computer vision applications.

Keywords: computer vision, convolutional neural networks, image preprocessing, 
image recognition, transfer learning

1.  Introduction

In the current context of artificial intelligence (AI), image recognition systems 
have gained increasing relevance in various fields, such as medicine, security, agri-
culture, and industry, thanks to advances in deep learning. Transfer learning (TL) 
reuses a pretrained architecture (e.g., Classification: AlexNet, ConvNeXt, MaxVit, 
RegNet, ShuffleNet V2, SwinTransformer, Wide ResNet. Semantic Segmentation: 
DeepLabV3, FCN (fully convolutional network), and LRASPP (Lite Reduced Atrous 
Spatial Pyramid Pooling). Object Detection: Faster R-CNN (faster region-based 
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convolutional neural network), FCOS (fully convolutional one-stage object detec-
tion), RetinaNet, SSD (single shot detector), and SSDlite. Video Classification: 
Video MViT (multiscale vision transformer), Video ResNet, Video S3D, and Video 
SwinTransformer. Optical Flow: RAFT (Recurrent All-Pairs Field Transforms). 
Instance Segmentation: Mask R-CNN (mask region-based convolutional neural 
network). Keypoint Detection: Keypoint R-CNN. Quantized Models: Quantized 
GoogLeNet, Quantized MobileNet V2, Quantized MobileNet V3, Quantized 
ShuffleNet V2, Quantized InceptionV3, Quantized ResNet, and Quantized ResNeXt) 
for a new problem [1, 2] or for a similar task. This is particularly useful when data are 
scarce, private, or costly to obtain or label, as it enables leveraging knowledge from 
a broader domain [2, 3]. There are multiple approaches to transfer learning: reusing 
only the network structure, using both the architecture and the pretrained weights—
either partially adjusting (e.g., final layers) or fully fine-tuning all layers—or adding 
additional layers to adapt the model to the new task. This technique optimizes compu-
tational resources and improves performance on problems with limited or small-scale 
data [4]. This chapter presents a comprehensive methodological approach for the 
development of an image recognition system aimed at computer vision (CV) tasks, 
based on modern deep learning techniques.

The proposed methodology consists of six sequential phases: data collection, 
image preprocessing, pretraining, training, validation, and recognition. Each of 
these phases fulfills a specific and complementary role within the overall process. 
The data collection phase includes the precise definition of the task, acquisition 
and labeling of datasets, as well as verifying their quality and compliance with 
legal and ethical requirements. Image preprocessing aims to optimize the model’s 
input conditions through techniques, such as resizing, normalization, contrast 
adjustment, segmentation, and data augmentation. Next, the pretraining phase 
incorporates previously trained models by leveraging transfer learning or feature 
extraction, allowing for reduced training time and improved performance. The 
training phase focuses on pattern learning by DCNNs (deep convolutional neural 
networks), using optimization algorithms such as gradient descent. The model 
validation phase evaluates performance with metrics like accuracy, precision, and 
recall, using methods like cross-validation and hyperparameter tuning to prevent 
overfitting.

Finally, the recognition phase involves applying the trained model to real-world 
contexts, enabling high-accuracy image identification and classification. This chapter 
details each stage, offering a practical and conceptual guide for those developing 
intelligent computer vision systems.

2.  Phases

The six phases comprise a sequential methodological process that guides the 
development of image recognition systems based on deep learning and transfer 
learning. These phases are data collection, image preprocessing, pretraining, train-
ing, validation, and recognition, as shown in Figure 1. It is worth mentioning that, 
although they are presented in an orderly manner, the completion of these phases is 
not necessarily rigid or strict. In practice, the process may require iterations between 
phases, on-the-fly adjustments, or even the omission of some stages depending on 
the context, the nature of the problem, data availability, technical resources, or the 
specific objectives of the project.
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2.1 Data collection

A dataset of images is a structured collection of visual representations, categorized 
into one or more classes, stored locally or in the cloud, and designed to be processed 
and used for training machine learning (ML) models. In this phase, the image dataset 
[5–9] containing examples or data related to the task at hand is obtained. The frame-
work begins with defining the task and designing the dataset to align it with existing 
resources, followed by data acquisition and immediate legal compliance verification. 
Subsequently, data quality is evaluated, and labeling adjustments are made, applying 
dataset augmentation if the information is insufficient. Finally, each stage is continu-
ously documented and iterated as necessary, ensuring efficient, ethical, and effective 
use of available data and models while minimizing redundancy in the process. Data 
collection can be carried out through a logistical activity (e.g., setting up traffic 
cameras), a technical activity (software connected to a digital catalog database), or a 
commercial activity (purchasing an image archive) [10]. Data sharing and reuse [11]; 
discovery and exploration [12].

Task definition involves understanding the image recognition task to be per-
formed; whether it is object recognition [13–16] (locating multiple instances with 
bounding boxes), image classification [17, 18] (assigning a global label), or face detec-
tion [19–25] (identifying human faces, possibly extending to facial recognition). Each 
variant requires different technical approaches, from neural network architectures 
(YOLO (You Only Look Once), ResNet (Residual Network), MTCNN (multi-task 
cascaded convolutional neural network)) to specialized datasets (COCO (Common 
Objects in Context), ImageNet, WIDER Face), determining the choice of metrics and 
computational resources needed for effective implementation.

The design of the image dataset, or acquiring a representative dataset for the 
task, is a fundamental stage in developing computer vision systems. This process 
involves the careful collection of images from diverse sources, such as digital cameras, 
scanners, mobile devices, specialized sensors, or public databases [26] available in 
academic repositories and specialized platforms. Additionally, when existing data 
are insufficient or do not meet specific project requirements, it may be necessary 
to manually generate images [27] using techniques like controlled photography, 
three-dimensional (3D) rendering, or image synthesis via generative algorithms. It 
is crucial that the acquired dataset is diverse, balanced (SMOTE (Synthetic Minority 

Figure 1. 
Method for developing object recognition systems using transfer learning in computer vision.
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Oversampling Technique)) [28], and representative [29, 30] of the real-world condi-
tions where the system will operate, considering factors such as lighting variations, 
angles, resolutions, and possible noise or artifacts to ensure that trained models can 
generalize properly in practical scenarios.

Data acquisition is the process of finding datasets to train models [31]. Three 
approaches are identified [32]: Data discovery involves searching and indexing 
datasets in repositories such as corporate data lakes or the web using tools like 
DataHub, Google Fusion Tables, or Kaggle, which combine collaborative analysis, 
public management, and access to massive repositories. Search specializes in locat-
ing data either in corporate lakes or via HTML (Hypertext Markup Language) table 
extraction. Data augmentation complements existing datasets by integrating external 
sources or generating new data through crowdsourcing or synthetic data [31, 33]. 
Finally, data generation creates datasets from scratch using crowdsourcing (with 
procedural or declarative tasks) or synthetic techniques, such as generative adver-
sarial networks (GANs) [34], reinforcement learning policies, or specific methods 
(Semantic Clustering and Partitioning (SCPN)/Semantic Extraction and Relation 
(SEAR) in natural language processing (NLP)) [32, 33].

Consent and legal compliance entail that collecting visual data involving people or 
objects in public or private spaces must be conducted under strict adherence to legal 
frameworks related to information protection and privacy [35, 36]. When collected 
data allow direct or indirect identification of individuals, obtaining informed, free, 
and explicit consent is essential, following principles of legality, transparency, and 
accountability. Complementary measures, such as data minimization [37, 38], anony-
mization [39, 40], and access controls, must be considered to ensure image processing 
is proportional, secure, and consistent with predefined purposes.

Ensuring the quality of collected data involves cleaning the data by removing 
defective images (artifacts, low resolution, distortions), correcting labeling errors by 
verifying that each label exactly corresponds to the visual content and fixing ambi-
guities or inconsistencies, and normalizing data [41] by standardizing formats, sizes, 
color spaces, and statistical distributions to guarantee consistency during training. 
Data quality [42–44] and labeling accuracy are critical, as errors in this phase can 
propagate during training and negatively impact the model’s final performance.

Labeling adjustments are made to effectively train a deep learning model, usu-
ally requiring prior data labeling [4, 45, 46]. This process assigns specific labels or 
categories [47] to each image in the dataset, enabling the model to learn patterns 
through supervised learning. Labeling data, when building knowledge bases from the 
web, initially assumes extracted facts are correct. Techniques include using existing 
labels [31]; crowd-based methods such as active learning and collective collaboration 
[32]; weak supervision, which generates imperfect labels at scale (e.g., data program-
ming using multiple labeling functions instead of individual ones) [31, 48]; and data 
extraction leveraging existing knowledge bases to obtain entity attributes. These 
strategies balance volume, accuracy, and efficiency, adapting to contexts with initially 
scarce labels.

Dataset augmentation is performed if the existing image dataset is small and it is nec-
essary to increase its size to improve model performance; this includes collecting more 
data, generating synthetic data, or increasing diversity within the dataset [2, 49–51].

Dataset documentation is very important and should include information about 
its origin, label structure, and any other relevant details so others can understand and 
use the dataset [52, 53].
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2.2 Image preprocessing

This second phase consists of the manipulation and enhancement of images before 
they are used in model training or other applications.

Resizing involves adjusting the size of images while maintaining the aspect ratio 
(width/height). We can resize an image with a defined aspect ratio [54], which is the 
width of the image divided by its height.

Normalization ensures that pixel values are within a specific range, such as [0, 
1] or [−1, 1] [55]. Normalization helps standardize data and speeds up the training 
process.

Adjusting the contrast and brightness of images improves the visibility of details 
[56]; this is useful when working with images of variable quality.

Cropping removes pixels from an image’s edges [57]; sometimes, it is necessary 
to crop the region of interest to focus on a specific part of the image for recognition 
tasks.

Rotation and transformation involve aligning all images to the same orientation or 
applying geometric transformations to correct distortions. In image processing, the 
rotation anchor point is the top-left corner at (0, 0) [58]. An image is rotated by an 
angle θ by transforming the (x, y) coordinates of each pixel relative to the origin [59, 
60]. Morphological transformations, focused on the shape and structure of image 
features [61], include basic operations like erosion, which shrinks objects by remov-
ing edge pixels, and dilation, which expands objects by adding pixels [62]. Opening 
smooths contours and removes protrusions; closing fills holes and connects regions 
[63]. Advanced techniques such as hit-or-miss transformation (specific shape detec-
tion), morphological gradient (difference between dilation and erosion to highlight 
edges), and top-hat transforms (extracting small elements: white for bright, black 
for dark) optimize structure analysis [62, 64]. Algorithms like boundary extraction, 
hole filling, skeletonization (structural representation via iterative erosions), and 
convex hull (convexity approximation) allow describing shapes and patterns [65]. 
Operations such as thinning (thinning without losing connectivity) and pruning 
(removal of spurious pixels) refine results, while morphing (interpolation between 
images) gradually transforms structures [66]. Applicable to binary and grayscale 
images, these techniques are essential in pattern recognition, medical image process-
ing, and computer vision [67]. Geometric transformations rearrange image pixels 
through basic operations, such as translation (displacement along x and y axes using 
matrices) [54, 57, 68], rotation (coordinate adjustment with trigonometric formulas 
for angle θ) [58, 60], scaling (resizing while preserving aspect ratio) [54, 69], flipping 
(reflection on axes) [58, 70], and cropping (extracting subregions using window and 
plop operators) [66]. Techniques like interpolation—nearest neighbor, bilinear, and 
bicubic—adjust resolution while preserving visual quality [71, 72], whereas advanced 
transformations like affine (combination of rotation, scaling, shear, and translation in 
homogeneous coordinates) [61] and projective (mapping quadrilaterals for perspec-
tive correction) [73] allow complex manipulation. Methods like deformation [61, 72], 
polar mapping [66], and barrel/pincushion transformations (non-linear radial distor-
tion) [66] adapt images to specific geometric systems. Image arithmetic, consisting 
of addition, subtraction, and multiplication with values clipped to [0,255] [54, 68], 
and masking (focusing on specific areas) [54, 74] optimize data for analysis, while 
techniques like Procrustes alignment (translation, scaling, and rotation to preserve 
shape) [61] ensure accuracy in computer vision applications. These operations, based 
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on matrix algebra and coordinate systems [60, 66], are essential in image processing 
to improve quality, adaptability, and computational efficiency.

Data augmentation creates modified images (rotations, shifts, brightness) to boost 
diversity and improve model generalization. Models trained with data augmentation 
on minority classes and transfer learning provide the highest classification accuracies 
[49]. There are many methods for data augmentation, among which Kumar [75] men-
tions deriving latent semantics, entity augmentation, and data integration. Advanced 
data augmentation techniques include adversarial training [76], synthetic data 
generation: GANs [34] or variational autoencoders (VAEs) [77], advanced geometric 
transformations, semantic-based augmentations, Mixup [78], CutMix [79], and 
controlled noise-based data augmentation.

Color correction involves adjusting the color balance of images to correct lighting 
and color representation problems [80, 81].

Image histogram transformation is an abstraction of an image where the frequency 
of each image value (contrast/brightness/intensity) is determined [59, 71, 74, 82]. A 
histogram shows the distribution of pixel intensities in an image, visualized as a graph 
that summarizes intensity levels [74]. Types of histograms include one-dimensional 
(1D) histograms or grayscale image histograms that graphically represent the 
distribution of pixel values, where the x-axis indicates intensities (0–255) and the 
y-axis their frequencies [74, 82]. In color images, histograms can analyze individual 
channels (RGB (Red, Green, Blue), HSL (Hue, Saturation, Lightness)) or two-
dimensional (2D)/3D combinations, though the latter require reduced quantization 
to avoid complexity [64, 71]. Masks allow focusing on specific regions by calculating 
partial histograms to adjust contrast or segment objects [74]. Histogram equaliza-
tion improves contrast by redistributing values through the cumulative distribution 
function (CDF), idealizing a uniform histogram [64, 83]. Techniques like histogram 
matching transform values to align distributions with a desired target, useful in color 
correction [83]. Additionally, histogram comparison and backprojection facilitate 
retrieving similar images or detecting objects through probability analysis [64, 71]. 
These tools are essential in digital processing to optimize quality, segmentation, and 
comparative analysis. Histogram transformation consists of aligning the histogram of 
an image to redistribute intensity levels to highlight certain features.

Regarding filtering and smoothing, noise can be caused by factors, such as poor 
lighting or distortion during image acquisition; filtering techniques are used to 
remove unwanted details, improve, smooth, or enhance features in images. Filters 
modify the appearance of an image through operations in the spatial domain (direct 
manipulation of pixels) or frequency domain (transforms like Fourier). In the spatial 
domain, linear filters (weighted combination of neighboring pixels) include the mean 
filter (smoothing but blurs edges) [61] and Gaussian filter (noise reduction with 
kernel based on σ) [67], while non-linear filters like the median filter (removes “salt 
and pepper” noise) [61] and order filters (max/min to enhance bright/dark points) 
[67] preserve edges. Edge detection filters use derivatives: Sobel and Prewitt (hori-
zontal/vertical gradients) [84], Canny (non-maximum suppression and hysteresis 
thresholding) [85], and Laplacian (second derivative for zero crossings) [61]. In the 
frequency domain, low-pass filters (smoothing: ideal, Butterworth, Gaussian) [60] 
and high-pass filters (edge enhancement: Butterworth, Gaussian) [86] adjust spectral 
components, while techniques like CLAHE (contrast-limited adaptive histogram 
equalization) [87] and homomorphic filtering (illumination/reflectance correction 
via logarithm and Fourier) [88] enhance contrast in complex images. Advanced 
methods like Frangi filter (detection of tubular structures via Hessian eigenvalues) 
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[89] and blur masking (sharpening by subtracting a smoothed version) [61] optimize 
applications in computer vision, medical processing, and image restoration.

Artifact removal involves eliminating unnecessary or irrelevant data from the 
image, such as watermarks, text, or unwanted artifacts.

Binarization consists of converting an image into a binary image where pixels are 
classified as black or white. This is useful for object segmentation applications.

Segmentation refers to separating objects of interest from the background or 
other objects in the image. Segmentation is useful when specific objects need to be 
identified and analyzed. It divides an image into homogeneous regions based on 
attributes such as discontinuities (edges) or similarities (intensity, texture) to facili-
tate interpretation [61, 62, 90]. Edge-based methods use operators like Sobel, Prewitt, 
Canny, and Scharr to identify abrupt intensity transitions [62, 64], while histogram-
based approaches apply global thresholding (Otsu, variance maximization; Kapur, 
maximum entropy) or generalized entropies (Tsallis, Rényi) to separate objects and 
background [90–92]. In environments with variable lighting, adaptive thresholds 
(Niblack, Sauvola, Bernsen) dynamically adjust thresholds based on local statistics 
(mean, standard deviation, range), optimizing segmentation in subregions [82, 93, 
94]. These techniques, fundamental in computer vision, enable applications such 
as Optical Character Recognition (OCR), medical diagnosis, and texture analysis, 
balancing accuracy and computational efficiency.

2.3 Pretraining

A pretrained model is a deep learning model trained on large datasets for general 
tasks like image or text recognition, ready to be adapted for various uses.

Regarding transfer learning, large pretrained models exhibit a remarkable ability 
to generalize and transfer knowledge across different datasets and tasks, making them 
highly effective tools for a wide range of applications. Transfer learning fine-tunes a 
pretrained model for a specific task or smaller dataset [76, 95]. Instead of training the 
model from scratch, the weights and parameters of the pretrained model are adjusted 
to adapt it to the new task. This is especially useful when the new dataset is small or 
when there is insufficient time to train a model from scratch, since the pretrained 
model has already captured useful general features. Transfer learning techniques 
can be implemented in various ways. One option is to use only the base architecture 
as a template, without incorporating the previously learned weights, which cor-
responds to the feature extraction approach. Another option is to leverage both the 
structure and pretrained weights of the original model, known as direct utilization. 
In this latter case, different strategies are possible: adjusting only certain layers, such 
as the output layer, to adapt them to the new domain; performing full fine-tuning 
by modifying all the model parameters during retraining; or expanding the archi-
tecture by adding new specialized layers at the end, which is associated with the 
multitask learning approach. Transfer learning methodologies are categorized into 
four approaches: feature extraction, fine-tuning, domain adaptation, and multitask 
learning [76], being a successful strategy in domains like computer vision and natural 
language processing [95].

Feature extraction uses a pretrained convolutional neural network’s (CNN’s) 
learned features as input for a new dataset or model without fine-tuning the entire 
model [16, 96].

In some cases, pretrained models are also used directly without fine-tuning, espe-
cially if the tasks are general ones for which the model was originally trained, such 
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as object recognition in images or natural language processing. We can potentially 
improve the estimation of a local model by relying on the global model without using 
it directly; this idea can be called soft transfer learning, as opposed to hard transfer 
learning, where the global model is used directly without adjustments [97].

Fine-tuning focuses on adapting the upper layers while preserving the generic 
features learned in the initial layers from the source task, thereby reducing overfitting 
[76]. Fine-tuning a model trained on a source domain helps reduce the amount of data 
and training time required in a new target domain by avoiding training from scratch 
and decreasing data collection costs [95], significantly improving classification 
accuracy [96]. Fine-tuning adjusts a pretrained model’s weights for a task, improv-
ing performance but needing more computation. Feature extraction uses pretrained 
weights without changes, saving resources for small data [76, 96]; ablation studies 
help determine which layers should be fine-tuned depending on the case.

Domain adaptation reduces differences between source and target domains so 
models work well across them [95, 98]. Rule adaptation reuses general knowledge 
from previous tasks to facilitate new ones, while domain adaptation aligns datasets 
with similar distributions to enable the use of a single classifier across different 
contexts [96].

Multitask learning trains a model on multiple related tasks simultaneously, leading 
to better generalization and performance by sharing representations—particularly 
useful when data per task are limited [96]. However, it faces challenges, such as 
overfitting, catastrophic forgetting, and task interference; therefore, in NLP, separate 
models are often preferred for each task [99]. Multitask transfer learning improves 
performance and efficiency by sharing representations across related tasks in real-
world applications.

2.4 Training

In this phase, a model is taught to recognize patterns, features, or classes in images.
The training dataset consists of labeled images, where each label indicates the class 

or category to which the image belongs. When training with reduced training datas-
ets, Lu and Li [100] proposes a method combining data augmentation with transfer 
learning, allowing convolutional neural networks (CNNs) to avoid the overfitting 
problem and achieve excellent classification accuracy.

The choice of an appropriate model, such as a DCNN, is important. The model 
has layers of neurons that will be trained to learn patterns in images. Model selec-
tion involves balancing approximation and estimation errors, adding complexity 
due to the transfer distance between source and target distributions, which varies by 
hypothesis class [101].

Parameter initialization of the model with random values [102], which can be 
adjusted during training so that the model can make accurate predictions.

In optimization, a loss function measures the gap between model predictions and 
true labels in training.

The goal is to minimize loss by iteratively adjusting model parameters using 
optimization algorithms like gradient descent. In transfer learning, when pre-
trained models are reused and adapted to a new classification task, the cross-
entropy loss function remains one of the most commonly used, especially in 
multi-class classification tasks. This function combines LogSoftmax (logarithm 
of the softmax function) and NLLLoss (negative-log-likelihood loss), just like in 
training from scratch [21].



29

Method for Developing Object and Image Recognition Systems Using Transfer Learning in Computer…
DOI: http://dx.doi.org/10.5772/intechopen.1011744

The training process involves iterations through the training set. In each iteration, 
the model processes one or several images, makes predictions, and adjusts its param-
eters based on the calculated loss. This process repeats many times (epochs) until the 
model converges or a predefined stopping criterion is met.

When necessary, hyperparameters—learning rate, batch size, or architecture—
can be adjusted [101].

2.5 Validation

It is performed after the training of the model and aims to evaluate its perfor-
mance and generalization capability on unseen data.

The validation dataset is an independent set containing images not used during 
training; it adjusts hyperparameters to prevent overfitting. These images are also 
labeled with their corresponding categories, and the test set evaluates the final model 
performance.

Predictions on the validation set are made using the trained model. Each image is 
passed through the model, which generates class predictions or continuous values, 
depending on the specific task.

The analysis and interpretation of predictions aims to explain the model’s deci-
sions, detect failures, and validate that it uses relevant features through interpretabil-
ity tools. Some interpretability techniques include: Grad-CAM (Gradient-weighted 
Class Activation Mapping) [103], saliency maps, LIME (Local Interpretable Model-
Agnostic Explanations) [104], SHAP (SHapley Additive Explanations) [105], feature 
importance in models, such as Random Forest or XGBoost, PDP (Partial Dependence 
Plot), and integrated gradients.

Performance evaluation consists of comparing the model’s output with the true 
labels in the validation set. The model’s performance is assessed using metrics appro-
priate for the task, such as accuracy, precision, recall, F1-score, among others [8], and 
these reflect the quality of the model’s predictions on unseen data.

Model hyperparameters may need adjustment if the performance on the validation 
set is unsatisfactory. Such adjustments can include changes in learning rate, model 
architecture, batch size, among others.

Validation helps detect and prevent overfitting, where the model fits training data 
too closely and fails on new data. Ahmed [1], Dawson et al. [7], and Alhanaee et al. 
[22] use image augmentation to expand training data, improving generalization and 
reducing overfitting. Selectively fine-tuning the top layers while sharing the initial 
layers with the source task reduces overfitting and favors better feature reuse [76].

In some cases, cross-validation is used, a technique that involves splitting the 
dataset into multiple partitions (folds) [1, 6, 7, 97] and performing multiple rounds of 
training and validation. This provides a more robust estimate of the model’s perfor-
mance. Cross-validation allows evaluating the statistical significance between models, 
eliminating dependence on chance [6].

The model is saved once it achieves satisfactory performance, for later use in the 
recognition stage.

2.6 Recognition

It involves using a pretrained model to identify objects, patterns, or features in 
images, prerecorded videos, or real-time videos.
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First, there must be a pretrained model; this model has learned to identify patterns 
and features in images, thanks to the training phase. The trained model can be used 
directly for the target task or a new task [98]. The model’s performance may degrade 
due to changes in the network, traffic patterns, usage behavior, or the incorporation 
of new devices [95].

The input data provide images for the model to recognize. These images can be 
captured in real-time through a camera or loaded from a file.

Before feeding the images to the model, preprocessing may be necessary, which 
includes normalization [55], resizing [54] and in some cases segmentation [61, 62, 
90] or noise removal [60, 61, 67, 84–88].

The model processes the images and generates predictions; in most cases, it pro-
vides a class label or a probability associated with each class, depending on whether 
you are performing image classification or an object detection task.

Predictions may require post-processing depending on the application; this could 
include removing low-confidence predictions, grouping similar predictions, or 
generating additional information from the predictions, such as bounding boxes in 
the case of object detection.

The results are presented through the predictions in a meaningful way for the end 
user; this consists of displaying class labels, locations of detected objects in the image, 
or any other relevant information.

Automated decisions can be made or information provided based on the model’s 
predictions to a human user for informed decision-making.

Regarding iteration, the image recognition system can operate continuously, 
providing real-time predictions and improving over time as more data are collected 
and the model is recalibrated in real-world applications.

3.  Conclusion

The comprehensive methodology for the development of image/object recognition 
systems based on deep learning is structured into six sequential phases: data collec-
tion, preprocessing, pretraining, training, validation, and recognition. By leveraging 
transfer learning with pretrained architectures, computational resources are opti-
mized and performance is improved in scenarios with limited data, as is the case in 
specialized domains, while prioritizing ethical and legal aspects in the acquisition, 
labeling, and anonymization of datasets. The preprocessing phase integrates advanced 
visual manipulation techniques to ensure quality and diversity in the model inputs, 
while training and validation employ optimization algorithms, evaluation metrics, 
and strategies against overfitting. Finally, the recognition phase applies the model in 
real-world contexts, demonstrating its capability to classify, detect objects, or segment 
images with high accuracy. This systemic approach, supported by technical examples 
and practical considerations, offers a robust guide for researchers and professionals, 
facilitating the implementation of efficient and scalable solutions in computer vision, 
with cross-disciplinary applications in medicine, security, industry, and more, thereby 
contributing to the advancement of adaptive and ethical artificial intelligence systems.
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Chapter 3

Transfer Learning with CLIP 
Model for Multitasking Workload 
Prediction in Mixed Reality 
Environment
Safanah Abbas, Heejin Jeong and David He

Abstract

Multitasking has become an important part of our modern life, especially when 
interacting with new technologies such as mixed reality (MR). Predicting human 
workload in MR environments is crucial for optimizing the user experience. This 
study adopts transfer learning for workload prediction and employs a generative 
model to expand the original collected dataset. A dataset has been collected from a 
multitasking experiment involving 36 participants, combining a real-world block-
matching task and a virtual N-back task, with workload ratings recorded using the 
NASA task load index (NASA-TLX). The dataset was augmented by using the genera-
tive adversarial networks (GANs) model, resulting in 5000 synthesized observations. 
A hybrid workload prediction model integrating the contrastive language-image pre-
training (CLIP) model, adapted from computer vision applications, achieved superior 
results with a root mean square error (RMSE) of 0.96, significantly outperforming 
traditional regression models. These findings highlight the potential of transfer learn-
ing in workload prediction, paving the way for more efficient human performance 
modeling in such hybrid environments.

Keywords: workload, prediction, CLIP, mixed reality, pre-trained models, 
transfer learning, NASA-TLX

1.  Introduction

The nature of multitasking has increased in our daily lives because of the growing 
demands of work. Therefore, multitasking has proven significant in dealing with 
our complex environments [1]. With the increasing advancements in technology, 
more multitasking opportunities are opening up. For example, the new computing 
platforms, like virtual or augmented realities, will significantly shape our interactions 
for the next 50 years, similar to how personal computers did in the past [2]. This shift 
has transformed traditional work contexts, which allow humans to engage in a hybrid 
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world, in other words, mixed reality (MR). This mixed environment combines ele-
ments from the actual and digital realms [3, 4]. This rapid development of technology 
creates opportunities to further research the effect of multitasking between our real 
world and digital content.

This is very relevant given the increasing applications based on immersive tech-
nologies. For instance, a 2018 Toshiba survey revealed that 82% of enterprises foresaw 
integrating mixed reality into their business strategies [5]. Forrester Research’s 2016 
report estimated that by the current year 2025, more than 14 million workers will be 
using smart glasses [6]. The release of the Apple Vision Pro in February 2024 sup-
ports this trend. While multitasking by itself is not new, and has been implemented 
by humans for centuries to increase their efficiency, evolving technologies highly 
underscore the need to investigate its effect on human behavior. Therefore, there is 
an opportunity to bridge the gap between research and real-world applications in this 
matter.

Despite the advantages of multitasking in the hybrid or mixed world, such as 
providing maximum user interaction, potential challenges affecting users’ well-being 
can occur [7]. This happens because of the various human limitations in physical or 
cognitive abilities, such as fatigue, reduced focus, or increased workload. Workload 
refers to the total mental, physical, or combined effort required from an individual to 
complete a specific task [8, 9]. Evaluating human workload, which is one of the most 
critical human performance measures, is crucial in human-computer interactions 
(HCI). A common approach to do that is to use the subjective NASA-TLX multi-
dimensional tool that is used to assess six dimensions: mental demand (MD), physical 
demand (PD), temporal demand (TD), performance (P), effort (E), and frustration 
(F) [10]. However, collecting such large amounts of data about human behavior is 
very challenging due to time constraints, effort, cost, etc. Therefore, the urgent need 
to create innovative solutions to resolve this challenge has become more critical, 
as understanding such data can improve user experience, especially as technology 
advances and multitasking demands grow in parallel.

Machine learning modeling has earned more attention in the past few years in 
addressing challenges related to limited data availability or making predictions. To 
obtain more training samples, the generative adversarial network (GAN) model, 
for example, generates artificial samples that capture the same distribution of the 
original data samples. Instead of applying traditional models for predictions, transfer 
learning becomes useful. It uses pre-trained models to transfer knowledge from one 
domain to another similar domain; thus, it reduces training time and enables fast 
adaptation to new tasks [11]. Incorporating these advanced solutions into human 
workload prediction in a mixed reality environment can optimize the process, like 
reducing the need for manual data collection using NASA-TLX, which can be time-
consuming and costly. The objective of this chapter is to propose advanced predictive 
models utilizing a transfer learning method to predict human workload in mixed-
reality multitasking.

2.  Literature review

2.1 Workload assessment in multitasking using the NASA-TLX

Describing the relationship between human workload and multitasking is com-
plex. Besides the differences in cognitive capabilities between different individuals, 
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performance can also be affected by the characteristics of the tasks at hand [12]. Task 
difficulty as a task characteristic is one of the critical contributors impacting human 
performance [13]. Moreover, the context in which multitasking occurs can influence 
the results. For example, a quiet environment may result in better multitasking than a 
distracted environment. In a complex environment like multitasking between physi-
cal and digital tasks, balancing the imposed task demand and individual differences 
is essential. User characteristics, on the other hand, like age, familiarity, and experi-
ence levels in working with immersive realities, can also impact the resulting human 
workload [14].

Several studies in the literature evaluated the effect of multitasking on the human 
workload. For instance, see Ref. [15] for indicating a higher perceived workload when 
engaging in both a tracking task and a search task based on memory concurrently, 
compared to performing each task by itself, where workload, even the lowest reported 
multitasking load, surpassed the highest reported single-task load. In Ref. [16], the 
authors studied the effect of mental workload on the performance of an assembly 
task, which involved building a Lego car set and performing a secondary mental task 
at the same time. The results indicated impaired task performance and the resulting 
self-reported workload via the NASA-TLX was higher.

Regarding engagement in a digital environment, some studies have explored the 
effect of workload by comparing human performance in the real (physical) world 
with that in the virtual (digital) world or multitasking between both. For example, 
the authors in Ref. [17] compared the workload for logistics workers when using 
augmented reality to the traditional paper-based method when filling a pick list. 
The mental and temporal demand dimensions in the NASA-TLX were found to be 
significant, where more mental demand was found using the paper method than the 
augmented reality device. However, the other dimensions did not yield any signifi-
cant difference. Similarly, Rebol et al. [18] evaluated the workload in a mixed reality 
communication system for remote assistance during CPR emergencies in comparison 
to the traditional method of video call. The resulting mental workload from the 
NASA-TLX yielded significant results, where experts experienced more workload 
using the video call method, and first responders experienced similar workload levels 
in both methods. On the contrary, Brunzini et al. [19] assessed the workload using the 
NASA-TLX in a mixed-reality medical simulation experiment using head-mounted 
displays like the HoloLens and the Vox Gear Plus for medical students, in comparison 
to the traditional method of not involving any immersive technology found a higher 
workload from when engaging in the MR simulation, especially in physical demand, 
effort, and frustration dimensions. However, the authors suggested that the mixed 
reality simulation promotes effective learning when used more.

Other studies found no significant difference in the same context. Nenna et al. 
[20] explored the effect of subjective workload in a virtual teleoperation multitask-
ing task. The results reported by the NASA-TLX in this experiment did not yield a 
significant difference. However, it was observed that there was a tendency for higher 
mental and temporal demand in participants who had a lower sense of presence in the 
virtual environment. In the same way, Szczurek et al. [21] found no significant dif-
ference in workload from the reported NASA-TLX between operators using a new 3D 
mixed reality interface compared with a conventional 2D operational interface used 
previously in many maintenance tasks. The advantage was that the new MR interface 
enhanced the operational quality and safety.

The diversity of results observed in the literature indicates that the effect of mul-
titasking on workload in digital environments like MR is not straightforward. Future 
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research should explore this dynamic interplay between individual differences, task 
characteristics, and immersive technologies like mixed reality to develop a more 
precise workload assessment method.

2.2 Data augmentation using GAN

This generative model has been used in many studies to generate fake data that 
resembles real samples. However, its main application is related to images rather 
than tabular data. For example, see Ref. [22] for the proposed stacked GAN model 
to synthesize image data from text descriptions on two existing datasets for images: 
CUB, which contains bird images from 200 species, and the Oxford-102 dataset, 
which includes images of flowers from 102 categories. The GAN was split into two 
stages because of the complexity of generating fake images from text descriptions. 
In the first stage, the GAN creates a basic outline and color of the object from the 
text description, which produces low-quality images in terms of resolution. In the 
second stage, the GAN model takes the results from the first stage in addition to 
the text description, thus it generates better-resolution fake images. The evaluation 
of the proposed GAN model in this study used the inception score metric, which is 
used for image evaluation based on image quality and image diversity. The StackGAN 
model achieved a 28.47% improvement in the inception score on the CUB dataset 
and 20.30% on Oxford-102. The authors recommend that their proposed StackGAN 
generates better quality images, unlike the current text-to-image models.

In another example, see Ref. [23] for the application of a variant from the GAN 
model that uses a different loss function based on the Wasserstein distance for image 
classification. The prediction model for image classification used transfer learning 
with a combination of two pre-trained models for images, UNet and ResNet, which 
was called the UResNet model. The GAN model was implemented on three existing 
image-based datasets, such as the Omniglot dataset, which contains handwritten 
characters from various alphabets; the EMNIST dataset, which includes handwrit-
ten letters and digits from the English language; and the VGG-face, which contains 
images of different faces. The results showed that using the GAN model improved 
accuracy across all the datasets, leading to better performance than using only the 
data without augmentation. The model with GAN achieved up to 87.42% accuracy 
in classifying images for the Omniglot dataset, compared to 81.97% without the 
augmented data. For the EMNIST dataset, the accuracy was 84.80% with GAN-
augmented data and 83.78% without. Lastly, the VGG-face dataset had an accuracy of 
58.46% with GAN-augmented data and 57.99% without. Similarly, Waheed et al. [24] 
applied the GAN model to generate fake X-ray images of human chests to be fed into a 
convolutional neural network model to predict the detection of the COVID-19 virus. 
The augmentation model in this study is named the CovidGAN, and the Auxiliary 
classifier GAN version is utilized to generate fake images while also learning the 
category to which each image belongs. They found that the accuracy of classification 
with the augmented data was 95%, compared to 85% without the augmentation.

However, when dealing with tabular data, the GAN model usually struggles to 
achieve good results. For example, the authors in Ref. [25] experimented with gen-
erating tabular data using a dataset from intrusion detection systems. They needed 
a large amount of data to be trained effectively, and accessing such data is limited 
because of privacy. The authors implemented multiple GAN models to augment the 
tabular data, such as conditional GAN and TableGAN. They found that all GAN mod-
els suffer when modeling continuous features. The authors mentioned that while it is 



43

Transfer Learning with CLIP Model for Multitasking Workload Prediction in Mixed Reality…
DOI: http://dx.doi.org/10.5772/intechopen.1011699

possible to replace real with artificial data to solve machine learning problems, they 
found that their generated data can be distinguishable from the actual data in this 
application, in which the use of GAN for tabular data can still be further improved.

Other authors in Ref. [26] also focused on using the GAN model to generate fake 
tabular data. They adopted the training-by-sampling method using conditional GAN 
by adding a conditional vector to represent the classes of the categorical columns, as 
the tabular data consists of both continuous and categorical samples. The proposed 
GAN model is named CTAB-GAN+ and implemented on an industrial dataset. The 
loss function of the generator in this GAN model incorporated information loss, 
which is used to reduce the differences between the actual data statistics and the fake 
data, downstream loss, which measures the differences between the actual data and 
the predicted values, and the generator loss which measures the difference between 
the given conditions and the output classes. The generated samples from this model 
were evaluated based on statistical similarity with the original samples. The proposed 
model provided statistically similar augmented data to the original data. However, 
there was no significant improvement. Therefore, they highlighted the difficulty in 
generating tabular data through GAN to capture complex statistical distributions 
within the domain of dealing with tabular data.

2.3 Human workload prediction using traditional machine learning

The literature on workload prediction has been limited in situations like mixed 
reality multitasking, with many studies focusing more on physiological measures, 
such as heart rate and eye gaze, rather than on subjective measures like the NASA-
TLX. One example of a study using physiological measures for predicting human 
workload was conducted by Skaramagkas et al. [27]. The authors estimated the men-
tal load between four different experimental conditions, with time pressure, without 
time pressure, monotasking, and multitasking, by extracting gaze features compared 
to the mean scores from the NASA-TLX evaluation. The single task was a visual search 
task represented by a puzzle on the computer screen. In the multitasking condition, 
another task involving working memory, counting backward from 1000 by subtract-
ing 4, was added. Binary classification trials of low and high mental workload and 
multiclass classification trials of low, medium, and high mental workload for support 
vector machines, decision trees, random forests, and others were used for prediction. 
The random forest model outperformed the others. In the binary classification using 
eye-tracking data, the mental workload prediction accuracy was 88% compared to 
69% in the multiclass classification. However, when using NASA-TLX data, the results 
were reversed, with the prediction accuracy for the multiclass classification being 84 
and 81% for the binary classification.

In another example, see Ref. [28] for predicting the mental workload based on 
electroencephalogram signals and the NASA-TLX in 72 visualization evaluation tasks 
using scatter plots, bar charts, line charts, and maps, all presented on a computer 
screen. The data from the electroencephalogram signals were used as inputs, whereas 
the weighted workload from the NASA-TLX was the output. Support vector machines, 
convolutional neural networks, deep neural networks, and long short-term memory 
models were compared for prediction. The prediction accuracies for the models 
were 26.22%, 82.67%, 88.57%, and 80.76%, respectively. They concluded that a deep 
neural network is the best model since it achieved the highest accuracy.

In the context of prediction in immersive environments, some studies have 
put some effort into that manner. One study in Ref. [29] used a machine learning 
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algorithm to predict cognitive workload in a virtual reality driving environment when 
transferring the learning to actual driving using physiological measures like eye gaze 
and heart rate. They used easy routes and difficult routes as difficulty levels. The 
participants were requested to memorize the routes given to them in a video before 
experimenting with the VR device. Multiple machine learning models were used in 
workload prediction, such as discriminant analysis, k-nearest neighbor, decision 
trees, neural network, and support vector machine. All these models were considered 
in classifying workload into single or multimodal features, named feature-level 
fusion. For the single feature classifier, the best accuracy was achieved for the support 
vector machine when predicting workload based on pupil dilation with an accuracy 
of 94.72%. For the feature-level infusion, the k-nearest neighbor outperformed the 
others with an accuracy of 96.56%, suggesting that multiple features provide bet-
ter prediction in workload. In another study, in Ref. [30], the authors predicted the 
mental workload based on the electroencephalogram brain signals in a wood frame 
assembly task using AR technology for construction students under time pressure. 
The authors only used the long short-term memory model for forecasting and evalu-
ated the model using the RMSE. The model achieved a mean RMSE score of 0.038. 
They concluded that the model could effectively predict changes in mental workload 
based on brain signals in assembly tasks.

2.4 Human workload prediction using transfer learning

Multiple pre-trained vision models exist, such as the VGG [31] and ResNet [32]. 
The VGG uses stacked layers of convolutional neural networks with a small filter 
(3x3), followed by fully connected layers. Meanwhile, the ResNet is more advanced 
and easier to optimize, because it introduces residual connections to address the 
vanishing gradient issue that is seen in the VGG model [33]. Another example is the 
contrastive language-image pre-training (CLIP), a neural network trained on an 
extensive dataset of images and their corresponding textual descriptions [34]. Other 
pre-trained models are widely used for language processing, such as mT5 [35] and T5 
[36], which were earlier works of LLMs using transfer learning. GPT-3, an OpenAI 
model, is another advanced example of LLM trained on extensive textual data, and 
it is a zero-shot transferable to other tasks without fine-tuning [37]. Bidirectional 
encoder representations from transformers (BERT) are another widely used LLM 
model that uses neural networks, and they were introduced by Google AI [38]. From 
its name, this model uses a bidirectional approach that understands context from both 
the left and right sides of a word. Its challenge lies in forming the architecture of its 
neural networks to be built for the specific machine learning problem, which requires 
intensive training.

While these models have been widely used in fields such as computer vision and 
language processing applications, their use in human workload prediction, particu-
larly in mixed-reality multitasking environments, remains relatively underexplored. 
For example, the authors in Ref. [39] mention that language models generally result in 
slower training times and higher running costs when solving tasks requiring human-
level performance. This gap shows there is still a lot to learn about applying transfer 
learning in workload prediction, especially in immersive environments like mixed 
reality.

Only a few studies have used transfer learning to improve the accuracy and 
efficiency of workload prediction models, mainly in applications derived from 
computer vision. For example, see reference [40] for predicting pilot workload based 
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on electrocardiogram (ECG) signals using pre-trained deep convolutional neural 
networks (CNNs). The researchers collected data by recording pilots while they per-
formed helicopter maneuvers of different difficulty levels. They compared two types 
of ECG-based visual representations to see which worked better for predicting work-
load. They tested two ways of using pre-trained deep learning models, one involved 
the pre-trained CNNs to extract features and then training a traditional machine 
learning model like the support vector machines (SVMs), and the other involved fine-
tuning the CNN using the ECG-derived images. They found that using a pre-trained 
CNN just for feature extraction gave better prediction accuracy than fine-tuning the 
model. The best accuracy achieved using transfer learning was 42.44%.

In another example, in Ref. [41], the authors predicted the cognitive workload 
using electroencephalogram brain signals collected during different versions of the 
N-back task in a virtual reality environment. They relied on traditional machine 
learning models for prediction, like logistic regression, Naïve Bayes, decision trees, 
k-nearest neighbor, random forest, and support vector machine. The model accura-
cies for prediction were 27%, 22%, 32%, 28%, 27%, and 33%, respectively. The 
support vector machine outperformed all the other models. They also tested deep 
neural networks, with and without neuron dropout, and long short-term memory 
(LSTM) networks for comparison. The prediction accuracies for these models were 
34%, 29%, and 31%, respectively, suggesting that the support vector machine still 
achieved better overall. They also used the pre-trained VGG16 model to compare it to 
the other models. The accuracy of this model was 35%, which was higher than all the 
other models used in this study. Still, despite the improvement in the transfer learning 
approach, the authors noted that it did not yield a significant improvement.

3.  Methodology

3.1 Experimental implementation

A total of 36 eligible participants with an average age of 23.9 and a standard 
deviation of 4.22, took part in a multitasking experiment involving both a real-world 
(RW) task and a virtual world (VW) task. The RW task was a block-matching task 
where participants used their hands to pair English letters (blocks) into their loca-
tion on a wooden board. This task included a visual search, which has been shown in 
previous studies, such as in Ref. [42], to significantly impact cognitive workload. The 
N-back task was assigned as the VW task. This task was developed and augmented 
into the HoloLens 2 device. The N-back task is commonly used to evaluate working 
memory and its effect on workload, with the ‘N’ parameter indicating the number 
of steps needed to recall specific information from memory in response to a given 
stimulus [43]. In our experiment, the virtual N-back task involved matching the color 
of a virtual cube using hand gestures, all within a given 90-second time limit. Each 
participant was presented with 34 stimuli during the task.

To begin, participants practiced a trial version for each world task and completed 
a pairwise comparison survey of the NASA-TLX, which compared its dimensions 15 
times. This survey lets participants weigh the relative importance of each dimension 
for each world task. After that, they moved on to the actual experiment with four 
multitasking conditions, varying in difficulty level from easy to hard. For the RW 
task, if participants were not given a specific order to pair the English letters on the 
board, the task was considered easy. However, when they were instructed to follow 



Transfer Learning – Unlocking the Power of Pretrained Models

46

a specific order for the search, it was classified as a hard level. For the VW task, the 
easy level involved an N-back value of 1, which means that participants needed to go 
one step back in memory to recall the color of the virtual cube. When the N-back level 
was set to 2, participants needed to remember the color of the virtual cube from two 
steps earlier, and this was classified as the hard level. After each multitasking condi-
tion, participants completed the post-task NASA-TLX survey, rating each dimension 
from 0 to 100% based on how they felt during the experiment. All participants were 
compensated with $15 for their participation and time. The experiment lasted about 
50 minutes for each participant, while the overall data collection process took around 
3 months. All surveys were filled out using the Qualtrics survey tool. The study 
obtained approval from the Institutional Review Board (IRB) at the University of 
Illinois, Chicago (IRB# 2020-0466). Figure 1 shows the experimental setup.

3.2 Data collection

In total, 144 observations were collected, with each of the 36 participants per-
forming four multitasking conditions. There was no missing data. The responses 
recorded from the ratings of each NASA-TLX dimension were combined into a 
weighted average, which served as the output variable to be predicted. This weighted 
average was calculated by dividing the sum-product of the ratings for each NASA-
TLX dimension (0–100%) from the post-task survey and their corresponding counts 
from the pairwise survey by 15. Eq. (1) represents the calculation of this overall 
workload:
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Four independent variables were selected for the study, including the task dif-
ficulty variable as categorical with four levels, gender is also categorical with two 
levels, and familiarity and experience with AR/VR handheld and wearable devices 
are numerical and expressed in percentages (0–100%). The age variable was excluded 
due to its low variation between participants. The dependent variable is the weighted 

Figure 1. 
Experimental Setup. (a) The participants are engaging with the VW task. (b) The combination of RW and the 
VW tasks. ➀ Microsoft HoloLens 2, ➁ real-world task material, ➂ virtual-world material (reproduced from Ref. 
[44], under a Creative Commons license).
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workload averaged from the six NASA-TLX dimensions. However, the data collec-
tion process faced several challenges, such as time constraints, a limited number of 
participants, and disruptions caused by the COVID-19 pandemic. Therefore, machine 
learning for data augmentation was used to expand the original dataset for better 
prediction modeling.

3.3 Data augmentation

The original dataset was expanded via the generative adversarial networks 
(GANs) in a Google Colab notebook. The original dataset was divided based on 
each categorical variable to ensure equal representation in the generated data, 
matching that of the original dataset. This means that the categorical variables 
were reintroduced afterward. An 80/20 splitting rule was used after uploading the 
required libraries into the notebook. Three neural networks were constructed for 
the model: the generator network with four dense layers, the discriminator net-
work with three dense layers, and the GAN model network, which combines the 
two networks. The ‘LeakyReLU’ activation function was applied for the hidden 
layers for both models, and the ‘Sigmoid’ was used for the output layers. The GAN 
model was trained as a binary classifier with a ‘binary_crossentropy’ loss function 
and optimized using the Adam optimizer. Eq. (2), derived from reference [45], 
represents how the GAN objective function is optimized by the generator G and 
the discriminator D through a min-max game:

 ( )
( )
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The optimal value function, V(D, G), is used when the GAN model is trained. 
Ex is the expected value of the discriminator output for actual samples signed as x. 
Pdata(x) is the distribution of actual samples, and D(x) gives a probability of an input 
x belonging to the actual data. Log(D(x)) represents the discriminator’s confidence 
in correctly classifying a real sample as real. The higher this value, the better the 
discriminator identifies real data points. Ez is the expected value of the discriminator 
output for fake samples signed as z, where Pz is Gaussian noise, and G(z) generates 
fake samples that struggle to deceive the discriminator by learning how to produce 
data that comes from the same distribution Pdata(x). [1 - log(D(G(z)))] is used to 
encourage the generator to maximize the probability of the discriminator classifying 
fake data as real, thus minimizing the difference between real and generated data 
distributions.

The generator and discriminator were trained individually, and the GAN was 
trained on a newly generated batch of fake samples that were labeled as ‘real’ for test-
ing, with a total of 1000 epochs. Three losses were calculated after each epoch: gen-
erator loss, discriminator loss, and GAN loss. The goal is to minimize the GAN loss, 
which is the combination of both losses. The model assessed the current GAN loss and 
compared it with the ‘best_loss’ variable during each training epoch. The GAN loss 
is updated with the current loss value. If the current loss is better than the ‘best_loss’ 
by at least ‘min_delta’, which is assigned at 0.011. If there was no improvement in the 
GAN, the model stopped training. The early stopping criterion was triggered based 
on the ‘patience’ parameter, which was set to 20. For each dataset, the batch sizes used 
for comparison were 2, 3, 6, and 9, respectively. A batch size of 2 achieved the lowest 
losses. Table 1 summarizes the best GAN losses achieved for batch size 2, categorized 
by task difficulty and gender.
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The ‘latent_dim’ parameter was tested with different values of 10, 100, and 500 
for experimentation. This parameter influences how diverse the generated output can 
be. However, despite the different trials, the different values of this parameter did not 
show a significant difference, so the parameter was set to 500, where a larger value 
indicates more diverse generated data. A total of 5000 artificial samples were gener-
ated using the ‘generate_samples’ function, after several trials to determine the appro-
priate number of synthetic samples. While more data is desirable, it is important to 
maintain a balance between data quality and diversity. After storing the resulting 
synthesized data in a CSV file, it was retrieved for evaluation and combined with the 
original data for use in model building, as shown in the next section. Figure 2 illus-
trates the process of constructing the GAN model through a flow chart.

3.4 Prediction model construction

To enhance the workload prediction in our multitasking experiment, we applied 
a transfer learning approach using one of the pre-trained models from computer 
vision applications, called the CLIP model. Although this model has been used more 
in image-based applications in the previous literature, applying it to predict a numeri-
cal output variable from continuous tabular data presents some challenges. Thus, we 
propose a hybrid model that combines CLIP with a simple regression model, dem-
onstrating the power of transfer learning even when tailoring pre-trained models to 
specific tasks.

The modeling was done in a Google Colab notebook. After uploading the neces-
sary libraries and installing the CLIP model from its GitHub repository, the combined 
data file, including both the original and generated observations, was loaded into 
the code. The categorical variables were encoded as 0 and 1 s. Since the CLIP model 
is designed for images, a function called ‘rows_to_images’ was defined to convert the 
data into images. This function takes a set of arguments representing a range of rows 
(data_chunk) and an output directory (output_dir) to save the image data. A subplot 
with specified dimensions was created using the ‘matplotlib’ library. For each row in 
the given data chunk, relevant features were extracted, including the input variable 
columns. The chunk size of 10 was randomly selected to distribute the processing load 
among multiple processes for better optimization, as the combined data is large. A list 
of arguments named ‘args_list’ was created, where each argument corresponded to a 
specific chunk of data that included the start and end indices, the chunk of data itself, 
and the output directory for saving the images. The code then utilized the multipro-
cessing module to create a pool of processes, and the ‘rows_to_images’ function was 
applied to each chunk in parallel using the ‘map’ function. This helps employ multiple 
CPU cores to enhance efficiency. The resulting images were saved in the specified 
directory and named ‘image_dataset’.

Difficulty Level Best GAN Loss (Male) Best GAN Loss (Female)

Easy real task, easy digital task 0.63 0.59

Easy real task, hard digital task 0.66 0.6

Hard real task, easy digital task 0.62 0.53

Hard real task, hard digital task 0.52 0.60

Table 1. 
The Best GAN Loss for Each Batch Size per Category.
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 The variable ‘data,’ which originally stored the imported combined data, was then 
updated with the image paths and the corresponding actual values of the output variable, 
the weighted workload. Image pre-processing was performed using the PyTorch library, 
known for its dynamic computational graphs for deep learning tasks. The ‘transform.
Compose’ function was then utilized to create a sequence of image transformations. These 
transformations included resizing each image to specified pixel dimensions using the 
‘transforms.Resize’, converting the images to grayscale with three channels ‘num_output_
channels = 3’, which is the default setting using ‘transforms.Grayscale’, and transforming 
the images into PyTorch tensors with the ‘transforms.ToTensor’. For each path of images, 
the ‘Image.open’ function from the PIL library opened the images and applied the defined 
transformations. The resulting images were then stacked into a PyTorch tensor using the 
‘torch.stack’. This transformation prepared the images for further processing, like feeding 
them into a neural network. 

  Figure 2.
  GAN model construction process flowchart.          
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 The ‘clip. Load’ function loads the CLIP model with a specific architecture 
(‘ViT-B/32’) on the device after checking the availability of the (cuda) GPT that 
offloads the computation to the GPU to speed up the training. The ViT-B/32 is a 
vision-transformed neural network that applies transformer layers initially designed 
for natural language processing to computer vision applications where the input 
images are divided into patches of 32 × 32 pixels. The ‘model.encode_image’ func-
tion was then used to encode the preprocessed images into feature vectors converted 
to NumPy arrays. After that, the data were split into 80% for training and 20% for 
testing. The defined hybrid model, CLIP-regression, was first fine-tuned to improve 
its performance on our specific task of mixed-reality multitasking. In fine-tuning 
the model, a neural network is defined by the name CLIPRegression from the ‘nn.
Module’, the base class for all neural networks in PyTorch. It maps 512-dimensional 
input features from the CLIP model to a single output value. The model layers were 
initiated using the ‘_init_’ method and the ‘ReLU’ activation function. Then, the 
‘forward’ method was used to define how the input data is moved through the net-
work. An input tensor x, representing the features extracted from the CLIP model, 
was taken and passed through the fully connected layer ‘self.fc’, producing a single 
numerical value for the regression prediction. Then, the model was trained using 
the Adam optimizer, applying a learning rate of 0.0001. The choice of involving a 
regression model was to be able to predict the numerical weighted rating output. A 
total of 20 epochs was used based on multiple experimental trials to balance suf-
ficient model training without overfitting.   Figure 3   shows an illustration of this 
model’s construction.  

 The hybrid model’s predictions were evaluated using the known RMSE metric, 
which involves predicting a numerical output. A simple regression model was applied 
to our combined dataset to compare the results of the hybrid model with those of a 
traditional machine learning model. After uploading the data file and the necessary 
libraries, the data was split using the 80/20 rule. The simple regression model was 
initiated using the ‘LinearRegression()’ function with the fit method. After training, 
the model predicted outcomes for the test dataset through the ‘predict’ method, and 
its performance was assessed using the RMSE value.  Eq. (3)  was used to calculate all 
the RMSE values: 

( )2

1

1 ˆRMSE n
ii

yi y
n =

= −∑ (3)

 Here,   yi   refers to the actual values from the training data , while   ˆ iy   represents 
the values predicted by the model. The difference between them is called the error or 
residual. Squaring the errors ensures that positives and negatives are counted equally 

  Figure 3.
  CLIP-regression hybrid model architecture.          
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without canceling each other out. Then, summing up all the squared errors and taking 
the square root brings the error back to the same scale as the original data.

4.  Results

The performance of the GAN model was evaluated first by comparing the distri-
bution between the generated samples of each variable with its corresponding dis-
tribution in the testing dataset using the non-parametric Kolmogorov-Smirnov (KS) 
test [46]. The significance level was set at 0.05. The null hypothesis was set as the two 
datasets have different distributions. The overall quality score was also calculated 
by calling the ‘evaluate_quality’ function from the ‘sdv.evaluation’ module in case of 
a matching distribution. The synthesized samples were also evaluated using the KS 
statistical test of each variable with its corresponding variable in the original dataset. 
We found a matching distribution between the generated samples and the testing 
dataset, with p-values <0.05. The highest quality score achieved for the synthesized 
data was 65.85%. Additionally, from the KS test on the synthesized data, all p-values 
were < 0.05, indicating a matching distribution.

For evaluating the proposed hybrid prediction model integrating the CLIP model, 
the best RMSE value achieved was 0.96, and the RMSE for the simple regression 
was 7.10. Thus, our results indicate that integrating the transfer learning approach 
to predict human workload in a multitasking mixed reality experiment yields better 
results than traditional machine learning models. Figure 4 visually compares the 
performance between the two models on a random subset of data points, highlighting 
the variations between the actual and predicted values.

5.  Discussion

This study aimed to construct a hybrid model that predicts human workload in 
mixed reality multitasking by incorporating the CLIP model that is widely used for 
computer vision applications. The GAN model was first employed to enlarge the 

Figure 4. 
Actual vs. Predicted Weighted Workload Values: (a) for the simple regression model. (b) for the hybrid CLIP-
regression model.
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original dataset, achieving results that closely resembled the original samples. This 
enlargement enhanced the prediction of the hybrid model, as the more data there is, 
the better the model performs. Our findings indicate that the proposed model out-
performed the traditional regression model in machine learning, resulting in a much 
lower RMSE value.

This study emphasizes the possibility of engaging pre-trained models in particu-
lar tasks, such as mixed reality multitasking workload prediction. By leveraging the 
strengths of transfer learning, particularly with the CLIP model, the hybrid model 
successfully adapted to the unique characteristics of the task at hand. This suggests 
that pre-trained models, which have succeeded in computer vision, can be effectively 
repurposed for more complex, domain-specific applications. Nevertheless, the 
study has some limitations that can be addressed in future research. For instance, 
the age of the participants was excluded as most were in the same age group. Other 
variables could be considered to increase the number of inputs to the model, such 
as the dominant hand and overall health status, which may offer additional insights 
into individual differences in workload perception. Moreover, augmenting more than 
5000 samples would be beneficial, but we had limitations in terms of data quality 
and distribution matching. Finally, while our hybrid model performed better than 
the traditional regression model, future studies could compare its performance 
with more advanced models, such as deep learning architecture, to fully assess its 
potential.

6.  Conclusion

This study implemented a transfer learning approach to predict the weighted 
workload rating in multitasking between the real and the digital worlds, using the 
data collected from the widely used subjective workload measure, the NASA-TLX. 
This model aims to reduce the time, effort, and cost required to measure human 
workload in a new, similar experiment without the need to collect NASA-TLX ratings, 
instead using the model. Efforts to improve human-computer interactions have been 
increasing over time. Therefore, this study contributes to this effort by automating 
the process of evaluating human workload, making it more efficient and cost-
effective, especially for industries utilizing mixed reality to help accommodate their 
workers’ well-being. Participants found multitasking between tasks challenging due 
to the time pressure. Time pressure is a critical factor in digital environments [47]. 
However, their experience working with such digital technologies varied, contribut-
ing to the varied ratings of workload. Those with more experience tended to manage 
multitasking better, while participants with less experience struggled more, leading 
to higher ratings. This variation underscores the importance of considering individual 
differences, such as prior experience and familiarity with such technologies as mixed 
reality, when evaluating human workload in digital environments. Understanding 
these nuances will be crucial in optimizing human performance.
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Chapter 4

Domain Adaptation in Multimodal
Models
Raghavendran Ramakrishnan

Abstract

Multimodal AI systems have the ability to represent and relate information in
multiple data modalities. This enables a wide range of new applications when
deployed in real world. They also face major challenges particularly due to domain
shift arising from differences in the data they are trained on and the environment they
encounter. This chapter focuses on domain adaptation for these systems. It involves
assisting models to adjust to new conditions across different input modalities, such as
text, images, or sensor data. Unlike single-modality systems, multimodal models must
deal with unique challenges. This includes mismatch in data types, data quality, and
conflicts during training across multiple modalities. We introduce these unique chal-
lenges with the multimodal systems. We also provide theoretical foundations using
risk minimization and measures of divergence under domain shift across different
modalities. From there, we also explore practical approaches such as adversarial
training to align features, contrastive learning, and flexible fusion techniques that
adjust when some inputs are unreliable. We also explore advanced techniques such as
deployment-stage adaptation and fine-tuning large foundation models without com-
plete retraining. We provide a summary of different datasets developed for multi-
modal domain adaptation. The chapter ends with summarizing key insights discussed
throughout the chapter along with highlighting emerging opportunities in the domain.

Keywords: multimodal domain adaptation, domain shift, modality gap, distribution
alignment, adversarial alignment, contrastive learning

1. Introduction

Multimodal domain adaptation (MMDA) is at the junction of two active research areas
in machine learning, multimodal learning, and domain adaptation [1]. Multimodal learn-
ing explores the integration of informations from heterogeneous data types (e.g., images,
text, audio, and LiDAR). Domain adaptation studies the challenges of transferring models
trained on a “source” environment to “target” environment where there are discrepancies
between the two distributions [2]. In real-world, data usually occurs in various modalities
and undergoes shifts in appearance, noise features, labeling standards, or environmental
factors. It is essential for models to associate information frommultiple modalities while
being resilient to distribution shifts [3]. The techniques developed as part of multimodal
domain adaptation find applications in wide range of areas ranging from autonomous
driving, robotics to medical diagnostics, and multimedia exploration.
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The techniques developed in traditional unimodal domain adaptation address
challenges due to discrepancies between source and target distributions within a single
modality. MMDA extends on this and addresses the discrepancies in domain shifts
under different environmental conditions while leveraging associations between dif-
ferent data modalities. The complexity of MMDA arises from several related chal-
lenges that seperate it from unimodal version. First, the domain shift impacts each
modalities differently. Each modality displays diverse degrees of discrepancy between
source and target domains [4]. It requires specialized alignment strategies that address
the unique properties of each modality while preserving their associations. Second,
the modality gap creates additional complexity since different modalities reside in
unique feature spaces, making it difficult to compare and align them [3]. Third, the
data modalities often vary in quality and might contain imbalance and incomplete
information in real-world scenarios. This requires robust adaptation frameworks that
are capable of handling missing modalities.

The theoretical frameworks developed in the field provide principled approaches
to understading several challenges in MMDA. The mathematical formulations of
multimodal domain shift, modality-specific divergence metrics, and information-
theoretic approaches help in understanding the tradeoffs between modality-
association and domain-associations [2]. Novel techniques including adversarial
alignment for multimodal settings and contrastive learning approaches that leverage
associations between modalities have been developed to address the emerging chal-
lenges in the field.

This chapter offers a comprehensive outlook of multimodal domain adaptation,
from both theoretical perspective, and offers practical insights for researchers and
practitioners. First, we motivate the requirement for multimodal domain adaptation,
by offering relevant real-world challenges. This includes discussion on domain dis-
crepancy, data distribution shifts, modality incompleteness and imbalance issues, and
challenges in integration with foundation models. Second, we lay out the foundational
concepts involved in multimodal adaptation. We discuss the relationship between
domain shift, modality gaps, and distribution alignment. Third, we describe the
mathematical formulations for multimodal domain shift, modality-specific divergence
metrics and offer perspectives from information theory. Fourth, we explore core
techniques such as adversarial alignment, contrastive learning, and cross-modal
interactions. Fifth, we discuss advanced techniques in the field including test-time
adaptation frameworks, integration with foundation models, and emerging tech-
niques in open-set and partial domain adaptation. Finally, we discuss standard bench-
marks and datasets developed in the field for various adaptation tasks.

2. Multimodal domain adaptation

2.1 Real-world challenges in cross-domain deployment

Multimodal systems face unique challenges due to the interplay between different
data types and changing real-world conditions.

2.1.1 Domain discrepancy and data distribution shift in multimodal systems

Multimodal models experience complex domain shifts when deployed in new
environments [2]. The distribution mismatches simultaneously affect multiple input
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modalities. One example is from action recognition systems, where the objective is to
automatically identify and classify human actions into a set of action categories [5].
The systems can use multiple modalities such as RGB frames, optical flow patterns,
and audio streams. Models trained on indoor kitchen environments (EPIC-Kitchens
dataset [6]) show major performance degradation when applied to outdoor settings
due to distribution shifts: variations in lighting settings, fixed cameras to handheld
recording, and audio variations from indoor acoustics to ambient outdoor noise. This
joint distribution shift can be quantified through multimodal Kullback-Leibler diver-
gence:

DKL Psource, k,Ptarget
� � ¼ x � Psource log

Psource xð Þ
Ptarget xð Þ

� �
(1)

The results show accuracy drops in outdoor settings, which are addressed by
authors using adaptive feature fusion that reweighs modality contributions based on
the environment settings. The complexity of such systems increases exponentially
compared to single-modality cases, as cross-modal interactions must be taken into
account during domain alignment.

2.1.2 Modality incompleteness/imbalance

There can be cases where information from one modality is either partially avail-
able or degraded. This can result in alignment gaps in conventional fusion approaches.
For example, noisy environments like construction sites could render audio streams
unusable. The authors in [7] address this challenge of missing modality using relation-
aware missing modal (RMM) generator which uses visual-text cues to reconstruct the
missing audio features. Similarly, Bayesian feature reconstruction was used to
improve the accuracy of action recognition when the audio was noisy, by preserving
the temporal correlations between lip movements and phoneme sequences.

2.1.3 Data scarcity in specialized domains

In highly regulated domains such as medical imaging, data scarcity could pose a
serious challenge in developing effective multimodal models. The scarcity could arise
due to multiple factors, such as privacy restrictions, high annotation costs, and diverse
data formats across imaging modalities and standards. Recently, multitask learning
frameworks such as UMedPT address these data challenges by learning generalizable
representations from fragmented datasets through gradient accumulation training [8].
UMedPT was trained on 17 tasks that include classification, segmentation, and detec-
tion, based on 15 datasets across diverse modalities (MRI, X-ray, and histopathology).
Although sufficient data are available for some medical tasks, data scarcity could
become an issue for a long tail of clinically relevant tasks [9]. Foundation models
pretrained on medical data, such as BiomedCLIP, achieve superior few-shot learning
performance by utilizing domain-specific visual-text correlations.

2.1.4 Integration with multimodal foundation models

The unique challenges with integration with multimodal foundation models arise
from the architectural scale, cross-modal dependencies, and knowledge preservation
requirements. We discuss five interconnected challenges that are unique from
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traditional unimodal or small-scale models. These challenges are rooted in preserving
pre-trained knowledge, maintaining cross-modal alignment and adapting to domain-
specific requirements.

• Modality-specific domain shift dynamics: Each modality exhibit different levels of
sensitivity to distribution changes. For instance, while text embeddings in CLIP
are reliably stable across domains, visual features show higher variance under
illumination or style changes [10]. It creates asymmetric adaptation
requirements: visual components requires extensive retraining on target domains
while textual components benefit from prompt engineering alone. Recent works
address them through modality-specific adaptation layers that apply different
regularization strengths [11].

• Catastrophic forgetting in cross-modal spaces: Full fine-tuning of MFMs
(multimodal foundation models) introduce risk of overwriting carefully learnt
cross-modal features impacting their zero-shot performance. Traditional fine-
tuning is shown to reduce CLIP’s out-of-distribution accuracy by 40–60% while
improving target domain performance by only 15–20%. [12]. The challenge arises
because gradient updates optimized for learning target domains impact the
embedding spaces crucial for multimodal reasoning. Parameter-efficient fine-
tuning mitigate this, but introduce new challenges: adapter-based approaches in
AURORA achieve almost full fine-tuning performance with 0.04% of trainable
parameters, yet struggle with cross-modal task transfer [11]. Advanced
techniques combines dynamic architecture selection (choosing appropriate
adapter configurations based on domain similarity) with contrastive alignment
preservation losses.

• Computational efficiency and scalability constraints: The foundation models
typically contain millions or billions of parameters making full fine-tuning
computationally expensive and challenging for many applications. This is further
amplified in multimodal models, which require multiple data streams to be
processed simultaneously. The recent advancements in parameter-efficient fine
tuning methods such as adapters, LoRA, and prompt tuning have emerged to
address these challenges. But the effectiveness of these techniques vary
significantly based on the task and domain adaption scenario [13]. Different
downstream tasks require different optimal adapters or combination of multiple
adapters, making adapter selection a complex optimization problem.

• Domain-specific knowledge injection barries: MFMs encounter vocabulary
limitations and modality mismatches while incorporating niche domain
knowledge. In healthcare applications, CLIP fails to recognize specialized
radiology terms even after prompt engineering, requiring specialized auxiliary
knowledge graphs for concept alignment. This is particularly due to lack of niche
medical terminology in the original training dataset. The gap particularly arises
because the clinical concepts exist in hierarchical, context-dependent
relationships that MFMs cannot learn from unstructured text-image pairs alone
[14]. To address this, hybrid approaches combines frozen MFM backbones with
domain specific tokenizers and utilizes knowledge-graphs for concept alignment
[15]. However, building accurate medical knowlege graphs is labor-intensive, and
their integration with MFM’s embedding space adds computational overhead.
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• Multimodal synergy under utilization Improving target domain performance while
preserving cross-modal generalization capabilities is a challenge in MFM
adaptation. Recent studies show domain-adapted CLIP variants lose original
cross-modal retireval performance despite improving target task accuracy [10].
This occurs because adaptation focuses on improving intra-modal alignment than
preserving inter-modal relationships. The UniMos framework addresses this by
maintaining seperate modality adaptation streams with contrastive losses,
recovering cross-modal performance while achieving top adaptation
metrics [16].

2.2 Conceptual foundations of multimodal adaptation: Domain shift, modality
discrepancy, and distribution alignment dynamics

In unimodal settings, domain adaptation aligns the distributions of labeled source
domain Ds and a related but distinct (often unlabeled) target domain Dt. This is done
within a single modality (for example, images or text). While multimodal domain
adaptation handles not only alignment within each modality but also aligns shifts
between modalities. This section describes three core concepts that are part of most
multimodal domain-adaptation frameworks.

2.2.1 Domain shift

In a unimodal setting, domain shift relates to any change in data distribution
between a source domain Ds and a target domain Dt. If X is the input (e.g., an image),
then

Ps Xð Þ 6¼ Pt Xð Þ: (2)

This could happen due to differences in lighting, sensor properties, or style varia-
tions in text. In a multimodal setting, data samples are usually pairs (or tuples)
ximg, xtext
� �

, and domain shift can happen at following two levels:

1.Intra-modal:

Ps Ximg� � 6¼ Pt Ximg� �
, Ps Xtextð Þ 6¼ Pt Xtextð Þ: (3)

For example, source images might be high-resolution photographs, while target
images come from smartphone snapshots. Similarly, source captions may be gram-
matically correct, whereas target captions use colloquial social-media language.

2. Inter-modal (cross-modal): Even if each modality is aligned individually, the joint
distribution could differ.

Ps Ximg,Xtext� � 6¼ Pt Ximg,Xtext� �
(4)

For instance, in the source domain, images and captions may be manually curated
and paired (e.g., “A red bicycle leaning against a wall”), while in the target domain,
captions might be noisy or only loosely related (e.g., “bike life,” “city vibes”). Such
differences in alignment in cross-modal interactions leads to a type of domain shift
unique to multimodal settings.

63

Domain Adaptation in Multimodal Models
DOI: http://dx.doi.org/10.5772/intechopen.1011584



2.2.2 Modality gap

Modality discrepancy occurs due to the fact that different modalities inherently
reside in heterogeneous feature spaces [17]. An image represented by pixels resides in a
convolutional feature space, while text is represented by token sequences embedded
in a vector space. The properties of these two representations could differ drastically
in terms of sparsity, noise characteristics, and clustering behavior.

The modality gap can be formally defined as the difference between the centers of
embeddings from different modalities.

Δ
!

gap ¼ 1
n

Xn
i¼1

xi -
Xn
i¼1

yi (5)

where xi and yi represent embeddings from two different modalities. Research has
revealed that in models like CLIP, different data modalities are embedded “at arm’s
length” in their shared representation space.

• Within-domain semantic gap: Even within the same domain, distinct encoders are
learned for each modality. For example, image and text require learning encoders
f img and f text. The encoders are trained to decrease a distance metric between
semantically matching pairs in a shared latent space.

• Cross-domain and cross-modal shift:When domain shift occurs, an encoder trained
on source images could generate features that drift drastically on target images.

Therefore, the joint embedding f img ximg
� �

, f text x
textð Þ

h i
learned on the source will

no longer preserve semantic similarity on the target. This requires techniques
that reduces the gap not just between each modality’s feature spaces but also
bridges the gap between how modalities co-occur across domains.

2.2.3 Distribution alignment

As discussed in the previous section, in a multimodal setting, it is essential to
minimize the difference between source and target domain feature distributions while
preserving cross-modal relationships. The goal is to learn features that are domain-
invariant and modality-invariant. Dong et al. mention distribution alignment as one of
the core domain adaptation techniques [2]. In multimodal models such as CLIP,
alignment occurs in shared embedding space learned using image encoder and text
encoder. In domain adaptation, this idea is extended to also align source and target
distributions (while aligning the modalities) by minimizing a divergence metric or
adversarially confusing a domain discriminator.

Given source distribution Ps X,Yð Þ and target distribution Pt X,Yð Þ, the distribution
alignment seeks transformation ϕ such that

ϕ PSð Þ ≈ ϕ PTð Þ while I Xmod1;Xmod2ð Þ≥ ε (6)

where I represents mutual information between modalities.
In a unimodal settings, few common alignment methods such as adversial losses

(e.g., domain-adversial neural networks), moment matching (e.g., CORAL, MK-
MMD), or reconstruction losses are applied to align the source and target distributions.
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Multimodal alignment needs to work on multiple modalities simultaneously while
preserving cross-modal association. Let us take a case of multimodal alignment
between image and text modalities to discuss the steps involved in domain adaptation.

1.Per-modality alignment followed by cross modal alignment:

Per-modality alignment: Initially a DANN-style adversarial loss is applied using
adversaries Dimg and Dtext separately on image and text embeddings to align
each marginal distribution:

Ps f img Ximg� �� �
≈ Pt f img Ximg� �� �

(7)

Ps f text X
textð Þ� �

≈ Pt f text X
textð Þ� �

(8)

Joint (cross-modal) alignment: A third adversarial discriminator Djoint is introduced
that takes fused embeddings

Z ¼ f img ximg� �
, f text x

textð Þ
h i

(9)

and encourages

Ps Zð Þ ≈ Pt Zð Þ: (10)

This step ensures that cross-modal relationships between image and text features
remain consistent across domains.

2. Alignment of conditional distributions: After aligning marginals, many tasks also
require aligning class-conditional distributions

Ps Zjyð Þ ≈ Pt Zjyð Þ, (11)

where Z is the joint embedding. For classification tasks, aligning class centroids or
matching class-wise moment helps preserve discriminative structure.

3. Theoretical foundations of multimodal domain adaptation

3.1 Mathematical formulation of multimodal domain shift

Multimodal domain adaptation assumes distributional divergence between the
source domain Ds and target domain Dt. Each domain comprises M modalities. Let

Xs ¼ x 1ð Þ
s , … ,x Mð Þ

s

� �n o
represent the multimodal source data with labels Ys and Xt ¼

x 1ð Þ
t , … ,x Mð Þ

t

� �n o
represent the unlabeled target data. The joint distribution discrep-

ancy is expressed in eq. 12.

Ps X,Yð Þ 6¼ Pt X,Yð Þ (12)

This shift appears asymmetrically across different modalities, with modality-
specific domain gaps defined by eq. 13.
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Δm ¼ x mð Þ
t

ϕm x mð Þ
t

� �h i
-x mð Þ

s
ϕm x mð Þ

s

� �h i
(13)

where ϕm represents modality-specific feature extractors [2].
The objective minimizes the target risk Rt hð Þ for hypothesis h given by eq. 14.

Rt hð Þ ¼  xt,ytð Þ�Pt
ℓ h xtð Þ, yt
� �� �

(14)

Under the covariate shift assumption (Ps YjXð Þ ¼ Pt YjXð Þ), the ideal joint risk com-
bines source empirical risk R̂s hð Þ and distribution discrepancy disc Ds,Dtð Þ is given by
eq. 15

Rt hð Þ≤ R̂s hð Þ þ disc Ds,Dtð Þ þ λ ∗ (15)

where λ ∗ is the optimal joint risk achievable by any hypothesis [2, 18].

3.2 Modality-specific divergence metrics

In this section, we discuss some of the commonly used metrics to learn shared
feature spaces in multimodal domain adaptation.

3.2.1 Maximum mean discrepancy (MMD)

For modality m, MMD measures distribution divergence by comparing
mean embeddings in a reproducing kernel Hilbert space (RKHS) given
by eq. 16.

MMD2
m ¼ 1

ns

Xns
i¼1

ϕm x mð Þ
s,i

� �
-

1
nt

Xnt
j¼1

ϕm x mð Þ
t,j

� ������

�����
2

ℋ

(16)

MMD-based alignment is generally used in visual-language adaptation to reduce
cross-modal discrepancies [2, 19].

3.2.2 Reverse KL divergence

The asymmetric KL divergence KL P mð Þ
t ∥P mð Þ

s

h i
leads to mode-seeking alignment. It

prioritizes regions where the target distribution P mð Þ
t has high density. It avoids areas

where P mð Þ
s has near-zero probability, thereby preserving dominant modes in the

target domain [20].

KLm ¼ x mð Þ
t

log
P mð Þ
t x mð Þ

t

� �

P mð Þ
s x mð Þ

t

� �
2
4

3
5 (17)

3.2.3 Modality-conditioned Wasserstein distance

Wasserstein metrics measures minimum cost associated with transforming
one distribution into another while preserving geometric relationships
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between samples. The Wasserstein metric for modality m is given by the following
equation.

Wm ¼ inf
γ ∈Γ P mð Þ

s ,P mð Þ
tð Þ

 x mð Þ
s ,x mð Þ

tð Þ�γ
c x mð Þ

s ,x mð Þ
t

� �h i
(18)

where c �ð Þ is the transportation cost function [2].

3.3 Information-theoretic perspectives

3.3.1 Information bottleneck for multimodal adaptation

The objective maximizes predictive information while minimizing
redundancy. The multimodal information bottleneck objective maximizes the quan-
tity in eq. 19.

L ¼ I Y;Zð Þ- β
XM
m¼1

I X mð Þ;Z
� �

(19)

where Z denotes latent representations and β balances prediction fidelity against
modality redundancy. It compresses input modalities X mð Þ into a latent code Z that
only retains label-relevant information [21–23]. This framework forces the model to
retain only modality-invariant predictive features [24]. The parameter β controls
tradeoff between discarding noisy modality-specific details and preserving discrimi-
native features.

3.3.2 Multimodal Jensen-Shannon divergence

The mmJSD unifies multimodal distributions via adaptive mixing.

mmJSD ¼
XM
m¼1

πmKL P mð Þ Zð Þ∥
XM

k¼1

πkP kð Þ Zð Þ
" #

(20)

where πm represent modality weights. The modality-specific distributions are bal-
anced using dynamic weights πm, prioritizing reliable modalities. It enables sampling
from join distribution p zð Þ ¼ QM

m¼1p z mð Þ� �
while maintaining cross-modal

consistency [25].

3.3.3 Conditional mutual information bounds

The generalization error in adaptation is bounded by the quantity in eq. 21.

Rt ≤Rs þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
I Zs;Ztð Þ

2n
þ log 2=δð Þ

2n

r
(21)

where I Zs;Ztð Þ quantifies latent space alignment. Minimizing this mutual information
term enforces domain-invariance in latent representations. It forces latent represen-
tations Zs (source) and Zt (target) to overlap [26]. The orthogonality constraints
reduces redundancy in encoding modality-specific features [27].
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4. Core methodologies in multimodal domain adaptation

4.1 Adversarial alignment techniques

Adversarial alignment is one of the most commonly used techniques to reduce
domain shifts in multimodal systems [28, 29]. It involves cross-modal domain discrim-
inators which are neural networks trained to distinguish between source and target
domain features for each modality. These discriminators operate along with gradient
reversal layers (GRLs). The GRLs invert gradient signals during backpropagation to
learn domain-invariant features. Let us consider a multimodal system with two
modalities m1 and m2. The adversarial objective for modality m is formulated
by eq. 22.

L mð Þ
adv ¼ -x mð Þ

s
logDm ϕm x mð Þ

s

� �� �h i
-x mð Þ

t
log 1-Dm ϕm x mð Þ

t

� �� �� �h i
(22)

where Dm is the modality-specific domain discriminator and ϕm is the feature
extractor.

Recent advancements extend the adversarial alignment paradigm. For instance,
Modality-aware adversarial networks dynamically weighs the domain discrepancies.
The CMDA (cross-modal domain adaptation) framework [30] uses LiDAR-camera
fusion. It involves adversarial training within and across modalities. It balances
domain discrepancies across modalities through entropy minimization and adversarial
regularization. It employs separate domain-specific batch normalization (DSBN)
layers for each modality to preserve domain-specific characteristics while aligning
shared features. These innovations help the modal achieve higher mAP on multiple
tasks compared to unimodal baselines.

4.2 Contrastive learning approaches

Another commonly used approach to reduce modality shift is through contrastive
learning [31]. It bridges the modality gaps through multimodal positive/negative sam-
pling. Unlike unimodal contrastive learning, multimodal variants need to handle het-
erogeneous negative samples. An image-text pair might form a positive sample, while
text-audio pairs from different classes can form the negatives. The TupleInfoNCE loss
formalizes this in eq. 23.

Lcontrast ¼ - log
exp f xi, yi

� �
=τ

� �
PK
j¼1

exp f xi,yj

� �
=τ

� �
þ exp f xj,yi

� �
=τ

� � (23)

where f �ð Þ measures cross-modal similarity and τ is a temperature parameter.
Modality-aware projection heads reduce the representation discrepancies through

specialized transformations for each modality type [32]. These transformations map
each modality’s features into a shared feature space while preserving modality-specific
characteristics. The CrossCLR framework [33] uses separate projection layers for
video, audio, and text, reducing the modality gap by 37% on the Youcook2 dataset.
Hard negative mining strategies further enhance discriminability. It uses techniques
like semantic-hard negatives to sample negatives with similar class labels but different
modalities. It forces the model to learn finer-grained discrimination.

68

Transfer Learning – Unlocking the Power of Pretrained Models



4.3 Cross-modal interaction strategies

Teacher-student prototype alignment also encourages effective multimodal adapta-
tion. This method aligns cluster centroids (prototypes) of target domain features with
source domain centroids across modalities [34]. For vision-language systems, the
alignment loss between image prototypes Cv and text prototypes Ct is given by eq. 24.

Lalign ¼
XK

k¼1

∥C kð Þ
v -C kð Þ

t ∥22 (24)

where K is the number of semantic classes. The MMAct framework [35] shows this
approach improves cross-session activity recognition accuracy compared to feature-
level alignment alone.

Dynamic feature fusion networks modulate cross-modal interactions based on
domain characteristics. The DynMM architecture [36] introduces gated fusion units
that calculate modality weights αm using domain-specific attention mentioned
in eq. 25.

αm ¼ σ Wm ϕm x mð Þ
� �

⊕hdomain

h i� �
(25)

The encoder generates a representation of domain shift characteristics hdomain. It is
concatenated with the input features. This allows the model to dynamically weight
reliable modalities under specific domain shifts in adaptation tasks, and such dynamic
fusion is shown to perform better in adaptation tasks than static fusion techniques [37].

These methods jointly address the challenges of domain shift, modality gap, and
distribution alignment. Adversarial alignment directly targets domain differences,
while contrastive learning bridges modality gaps, and dynamic interaction strategies
enable context-aware adaptation. They form a complete toolkit for effective multi-
modal domain adaptation.

5. Advanced adaptation paradigms in multimodal systems

5.1 Test-time adaptation frameworks

Test-time adaptation (TTA) is increasingly being used to handle domain shifts
during deployment. Traditional domain adaptation techniques require source data
access. TTA works under stricter constraints that include only using unlabeled target
data while avoiding any impact to real-time performance [38].

Online modality re-weighting uses dynamic attention mechanisms to address asym-
metric domain shifts across modalities. The muti-modal continual test-time adapta-
tion (MM-CTTA) [38] framework uses a dual-stage process. It uses class-wise feature
centroids to determine reliability scores for each modality in real time. For LiDAR-
camera fusion problems, this approach reduces catastrophic forgetting compared to
static fusion networks [39]. Loss reweighting with α-tuned hyper-parameters have
been used by CrossTrainer [40] to automatically prioritize modalities with lower
domain discrepancy. It achieves faster convergence than brute-force search methods.

Source-free adaptation techniques have been developed to handle scenarios where
source data are unavailable due to privacy or logistic constraints. SUMMIT [41] uses
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cross-modal pseudo-label refinement for source-free adaptation. It combines agree-
ment filtering for high-confidence predictions with entropy weighting for ambigous
cases. This dual technique improves semantic segmentation on autonomous driving
datasets while using only pretrained uni-modal source models. Further, source-free
domain adaptation via distribution estimation (SFDA-DE) [42] enhances it by
performing spherical k-means clustering in feature spaces to estimate source distri-
bution parameters from target data statistics. This method is shown to cause fewer
labeling erors than SHOT baseline.

5.2 Foundation model integration

The introduction of large scale vision-language foundation models have influenced
multimodal adaptation strategies. Techniques such as prompt tuning and parameter-
efficient fine tuning are increasingly used for adapting these models to domain adapta-
tion problems. OPTIMA [43] uses domain-aware soft prompts to smoothen the deci-
sion boundaries between source and target distributions. It is shown to reduce
annotation needs especially in low-resource NLP tasks. LoRA adapters [44] are used
in vision transformers to inject trainable rank decomposition matrices in attention
layers. It helps with efficient adaptation of large models. It uses only a fraction of
tunable weights while maintaining the full fine-tuning performance.

Cross-modal alignment prompts are used in multimodal foundation models like
CLIP to project target domains into shared embedding spaces. MMAct framework [35]
dynamically detects any domain shifts in real-time and adjusts visual-textual prompts.
This improves the activity recognition accuracy in wearable sensor applications. In
medical imaging, a similar work using contrastive prompt pools [45] that aligns
radiology reports with MRI sequences is shown to improve zero-shot transfer across
multiple anatomical regions.

5.3 Open-set and partial domain adaptation

Models deployed in real-world application often come across unseen classes in
target domains. A number of framework address such open-set scenarios. The SPLOS
framework [46] uses cross-domain mixup augmentation along with self-paced learn-
ing to continously adapt known to unknown classes using entropy-based curriculum
scheduling. This approach is shown to perform better in novel class detection without
any degradation on shared categories in VisDA benchmarks [41].

The inverse challenges are addressed in Partial domain adaptation. It handles
scenarios where unseen classes in target domain are present in source domain. PADA
[47] uses adversarial discriminators with class-wise attention gates to reduce irrele-
vant source features. It reduces negative transfer in cross-country facial recognition
tasks. The G-SFDA method [42] improves on it by applying geometric consistency
constraints that ensures target features cluster within source-derived manifolds while
removing outlier dimensions.

New approaches such as ProDe [48] attempt to unify open-set and partial adapta-
tion through proxy confidence estimation. It automatically tunes the modality-specific
rejection thresholds by modeling the divergence between vision-language model pre-
dictions and adapter feature spaces. It achieves state-of-the-art performances on both
partial and open-set conditions.

These advanced techniques attempt to balance computational efficiency, data
privacy, and performance robustness in complex real-world scenarios.
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6. Standardized datasets for multimodal adaptation

There are few key benchmarks that capture diverse domain shift scenarios across
multiple modalities.

6.1 EPIC-KITCHENS-100 UDA

The EPIC-KITCHENS-100 UDA CHALLENGE [49] contains video-based
adaptation between temporally separated domains (2018 vs. 2020 recordings).
It contains 100-hours of egocentric (first-person) videos capturing daily
kitchen activities in 45 different environments. It spans across 97 verb and 300
noun classes. The standardized splits contain about 36 K source videos and 10 K
target videos. The source domain (EPIC-KITCHENS-55) is fully labeled,
while the target domain (EPIC-KITCHENS-100) in unlabeled. The mixed
sequences protocol evaluates model’s ability to handle compositional shifts in
kitchen activities.

6.2 xMUDA splits (nuScenes and A2D2)

For 3D semantic segmentation, xMUDA framework [50] offers standardized
dataset to learn cross-modal adaptation in autonomous driving. It leverages nuScenes
and A2D2 datasets. nuScenes contains 1000 driving scenes with LiDAR point clouds
and RGB images. It is split into multiple outdoor settings: day/night based on lightning
condition and Boston/Singapore based on geographical differences in road layout and
vehicles. An important insight from this benchmark is the asymmetric degradation of
various modalities. Although LiDAR remains stable across different lighting condi-
tions, RGB performance degrades in night lighting. The splits provides a standard
benchmark for evaluting adaptation robustness and consistency across different
environment and hardware setups.

6.3 Human-animal-cartoon (HAC)

The HAC dataset [3] provides a standard dataset for action recognition tasks. It
contains 3381 video clips showing seven core actions (sleeping, eating, running etc.)
by humans, animals, and cartoon characters. It also provides audio and optical flow
modalities for different actions. It offers benchmark to evaluate the consistency of
cross-domain models through the Style Invariance Index (SII). It enables models to
learn invariant visual representations that preserve sementic fidelity under artistic
domain shifts.

6.4 AudioSet

AudioSet [51] provides a standard benchmark for evaluating sound classification
and audio-visual alignment under environmental acoustic shifts. It contains a large
collection of 10-second audio clips from YouTube. It has human-annotated labels for
632 sound categories (e.g., speech, music, and ambient noise). It offers variations in
recording conditions (indoor vs. outdoor) and noise interference. It is useful in devel-
oping noise-invariant audio models and benchmarking environmental adaptation in
multimodal systems.
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7. Conclusion

In this chapter, we explored the various challenges and complexities of multimodal
domain adaptation (MMDA) arising from adapting the models across distinct
domains and modalities. MMDA extends the adaptation challenges observed in
unimodal settings and requires specialized techniques that handle domain shifts,
modality gaps, and distribution alignment simultaneously. The techniques developed
in MMDA try to address the domain shift challenges while preserving the association
between modalities. The advent of multimodal foundation models such as CLIP has
introduced new avenues to research in the field. It offers opportunities to improve
zero-shot adaptation and cross-modal generalization. Introduction of large-scale
datasets such as EPIC-KITCHENS-100 UDA and xMUDA offer essential benchmarks
for evaluating MMDA performance under diverse constraints for multiple adaptation
tasks.

The recent advancements in the field have opened a number of diverse directions
for research. We list few of them as follows:

• Efficient foundation model adaptation frameworks: There is a growing interest in
frameworks that address the computational challenges with large MFMs in real-
world deployment deployment scenarios. Developing efficient adaptation
frameworks could potentially unlock various practical uses of these models.
Further research in the theoretical insights from information bottleneck
governing MFM could advance optimal knowledge distillation techniques [52].

• Causal reasoning behind cross-modal invariance: Most of the current techniques in
MMDA focus on statistical alignment. Further research in temporal causal models
could uncover new techniques to disentangle domain-specific and modality-
invariant features in multimodal data.

• Ethical and secure MMDA: There is an increasing demand for privacy-preserving
adaptation techniques especially in sensitive domains such as healthcare and
surveillance. Further research on differential privacy techniques and federated
MMDA frameworks could offer new insights into this [53].

• Open-world adaptation: There is growing interest in combining test-time
adaptation with lifelong learning mechanisms to handle evolving multimodal
distributions in real-time [2]. This requires the development of new evaluation
frameworks that can quantify catastrophic forgetting rates and transfer
efficiency between modalities.
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Chapter 5

Good Data Beats More Data: 
Building a Thermal Air-Image 
Dataset for Ground-to-Air 
Surveillance
Tijeni Delleji, Feten Slimeni and Ahmed Siala

Abstract

The efficiency of transfer learning for detecting drones using thermal imagery 
is highly dependent on the quality and diversity of the underlying training datasets. 
This chapter presents a comprehensive and reproducible pipeline for constructing 
high-quality aerial thermal datasets optimized for transfer learning applications. We 
detail the end-to-end process, encompassing thermal image acquisition, precise anno-
tation, domain-specific augmentation, and dataset refinement through advanced 
cleaning techniques. To ensure robust model transferability across real-world scenar-
ios, we emphasize the inclusion of environmental diversity—spanning diurnal cycles, 
weather variability, and heterogeneous landscapes such as urban and rural areas. 
We introduce novel thermal-specific augmentation strategies, including thermal 
blur, noise injection, and dynamic brightness modulation, to bridge the domain gap 
between pretraining and target deployment. Additionally, cleaning procedures using 
perceptual hashing and statistical outlier detection are employed to maintain dataset 
integrity and eliminate redundancy. Experimental evaluations confirm that datasets 
processed with our methodology yield superior performance in drone detection tasks, 
significantly enhancing accuracy, robustness, and generalization across varying con-
ditions. This chapter thus provides practical insights and guidelines for researchers 
and practitioners aiming to leverage transfer learning in thermal imaging contexts, 
contributing to more reliable and scalable drone detection systems for ground-to-air 
surveillance.

Keywords: thermal imaging, ground-to-air surveillance, drone detection, dataset 
construction, data annotation, data cleaning, deep learning, infrared object detection

1.  Introduction

The rapid proliferation of mini-drones has introduced a host of new security chal-
lenges. These compact and highly maneuverable aerial devices are increasingly being 
exploited for unauthorized surveillance, smuggling, and potential weaponization. As 
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a result, their detection has become a critical concern for military, governmental, and 
civilian infrastructures alike [1, 2].

Real-time drone detection is especially vital in sensitive environments such as military 
bases, no-fly zones, and critical infrastructure, where any breach can have severe con-
sequences [3–5]. Developing robust detection systems that can accurately identify and 
track mini-drones in diverse operational conditions has, therefore, become a top priority.

In this context, thermal imaging has emerged as a powerful modality for aerial 
surveillance. Unlike conventional optical cameras that rely on visible light, thermal 
imaging systems capture infrared radiation emitted by objects, allowing drones to be 
identified by their heat signatures. This capability is particularly advantageous in low-
light or visually obstructed environments—such as during night operations or under 
conditions involving smoke, fog, or camouflage [6–10].

Thermal air imagery—capturing scenes from a ground-to-air perspective—has 
thus become a valuable resource for drone detection systems. However, this modality 
also introduces new challenges. Mini-drones often share thermal characteristics with 
other heat-emitting objects like birds, debris, or background noise, making accurate 
identification a non-trivial task, particularly for fast-moving and small targets.

To address these challenges, recent advances in deep learning—particularly object 
detection frameworks such as the YOLO (You Only Look Once) series—have shown 
promise in real-time thermal detection [11–13]. Modern YOLO architectures, includ-
ing YOLOv8 through YOLOv11, have significantly improved in detection speed and 
precision [14–17]. Nevertheless, the performance of these models is highly influenced 
by the quality of the training dataset.

In this context, transfer learning plays a pivotal role, allowing pre-trained models 
to be adapted to targeted datasets (e.g., thermal drone imagery), significantly reduc-
ing training time and data requirements while enhancing accuracy. Yet, the success 
of transfer learning is contingent on the availability of clean, diverse, and well-anno-
tated datasets that accurately reflect the target deployment environment.

In this chapter, we introduce a practical and systematic pipeline for constructing opti-
mized thermal aerial datasets, purpose-built for transfer learning applications in drone 
detection. We cover key stages including thermal image acquisition across diverse condi-
tions, precise data annotation, domain-specific augmentation (e.g., thermal blur, noise 
injection), and rigorous data cleaning using perceptual hashing and outlier detection.

By following this pipeline, researchers and practitioners can significantly enhance 
the generalization and robustness of drone detection models fine-tuned on thermal 
imagery. The chapter concludes with experimental insights, demonstrating how 
improved dataset construction strategies lead to measurable gains in detection 
accuracy and cross-condition adaptability.

The following sections of this chapter are organized as follows: Section 2 reviews rel-
evant literature and recent advancements in thermal drone detection. Section 3 describes 
the dataset creation process, covering data collection, annotation, augmentation, and 
preprocessing. Section 4 presents our experimental framework, analyzing dataset char-
acteristics and evaluating model performance. Finally, Section 5 summarizes key findings 
and suggests future research directions for transfer learning in thermal drone detection.

2.  Related work

The effectiveness of drone detection systems using thermal imaging depends 
on two critical factors: robust algorithmic frameworks—whether developed from 
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scratch, through fine-tuning, or via transfer learning—and high-quality training 
datasets. While prior research has extensively explored algorithmic advancements, 
the construction of optimized thermal datasets remains underexplored, despite being 
a key determinant of model performance.

2.1 Thermal imaging in drone detection

Thermal imaging has become a fundamental tool for drone detection due to its 
proven resilience under low-visibility conditions. Unlike optical sensors, thermal 
cameras capture infrared radiation, allowing for the reliable identification of drone 
heat signatures even in challenging scenarios such as darkness, fog, or smoke [8]. 
Early studies, such as Quan et al. [18], demonstrated the feasibility of using convolu-
tional neural networks (CNNs) to distinguish drones from birds in thermal images. 
More recently, Soeleman et al. [10] integrated deep learning models with thermal 
data, achieving improved accuracy in cluttered environments. However, these studies 
have primarily focused on algorithmic enhancements, with limited emphasis on data-
set quality, environmental diversity, and standardization—factors that are equally 
critical for achieving robust and generalizable performance.

2.2 Challenges in thermal dataset construction

Most existing drone detection datasets are based on RGB imagery [6], making 
them ill-suited for thermal-based applications due to sensor noise, low contrast, 
and thermal crossover effects. Publicly available thermal datasets, such as FLIR 
ADAS [19] and KAIST Multispectral [20], provide thermal-RGB paired data but lack 
dedicated aerial drone annotations. Additionally, custom datasets like [3] suffer from 
a limited scale (<5000 images) and fail to incorporate diverse environmental condi-
tions, reducing their applicability to real-world surveillance.

Key limitations observed in prior thermal drone detection datasets:

• Sensitivity to diurnal and seasonal variations: Thermal signatures can fluctuate 
significantly depending on the time of day and season, impacting detection 
consistency.

• Lack of multi-altitude perspectives: Most datasets fail to capture data from vary-
ing flight altitudes, which is crucial for robust drone detection across different 
operational scenarios.

• Presence of adversarial environmental conditions: Challenging factors such as solar 
glare, precipitation, and complex thermal backgrounds are often underrepresented, 
limiting real-world applicability.

2.3 Algorithm: Dataset synergy for drone detection

The evolution of YOLO-based architectures (YOLOv8–YOLOv11) has significantly 
enhanced small-object detection capabilities [11, 15, 16]. However, these advancements 
often rely on access to high-quality, well-curated datasets. Delleji et al. [7] demon-
strated that the precision of YOLO models dropped significantly when trained on non-
augmented imaging datasets, emphasizing the strong interdependence between dataset 
quality and model performance. This underlines the necessity of a holistic approach that 
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integrates dataset curation, data cleaning, augmentation strategies, and real-world vari-
ability—an aspect largely overlooked in prior literature.

Our work addresses these gaps by proposing a standardized pipeline for thermal 
dataset creation, incorporating:

• Diverse environmental conditions to enhance generalization across scenarios.

• Data cleaning procedures to eliminate mislabeled, corrupted, or low-quality 
samples that can hinder model performance.

• Physics-based augmentations to simulate real-world variability in thermal data.

• Robust annotation validation protocols to improve annotation quality and 
consistency.

2.4 Public thermal imaging datasets

Existing public thermal datasets primarily focus on automotive, pedestrian, or 
general object detection, with limited emphasis on aerial drone detection. Below is an 
overview of some of the most widely recognized thermal imaging datasets:

• FLIR ADAS [19]: A large-scale thermal dataset designed for automotive applica-
tions, featuring annotated thermal images of vehicles, pedestrians, and cyclists. 
Despite its size, it lacks dedicated aerial drone annotations and does not address 
challenges such as thermal crossover at varying altitudes.

• KAIST multispectral [20]: A benchmark dataset providing aligned RGB-thermal 
image pairs, primarily for pedestrian detection. However, its annotations and sce-
narios are irrelevant to drone detection and do not account for thermal variations 
across different weather conditions or altitudes.

• LITIV dataset [21]: Focused on low-light and thermal object tracking, this dataset 
includes dynamic outdoor scenes but lacks systematic drone annotations or consider-
ation of adversarial conditions such as solar glare or precipitation.

• VAP thermal aerial dataset [22]: A small dataset containing thermal aerial imagery 
of birds and UAVs. However, it suffers from a limited scale (fewer than 2000 
frames) and minimal environmental diversity, restricting its usefulness for training 
robust drone detection models.

• ARL thermal dataset [23]: Developed for military applications, this dataset 
includes thermal sequences of vehicles and humans in cluttered environments. 
While it addresses some thermal crossover challenges, it lacks multi-altitude drone 
perspectives and does not capture seasonal variations.

While these datasets provide foundational support for thermal imaging research, 
they fall short in systematically addressing the key requirements for aerial drone 
detection. This highlights the urgent need for a dedicated thermal drone detection 
benchmark that accounts for diverse environmental conditions, varying altitudes, 
and challenging real-world scenarios. To bridge this gap, our study introduces a 
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comprehensive, well-annotated, and publicly available thermal aerial imagery data-
set, specifically tailored for ground-to-air drone detection.

3.  Construction pipeline of the thermal dataset

The development of our dataset, Thermal Air-Image Dataset for Ground-to-Air 
Surveillance, follows a well-defined and systematic pipeline comprising the following 
stages:

1. Raw data collection: Thermal imagery is captured using an EO/IR imaging  
system [24], ensuring high-quality input data suitable for surveillance  
applications.

2. Data augmentation: To improve diversity and robustness, the collected images 
undergo augmentation techniques such as the addition of blur and noise, simu-
lating varied environmental and sensor conditions.

3. Annotation: Objects of interest within the thermal images are meticulously la-
beled to provide accurate and reliable ground-truth data for training and evalu-
ation.

4. Data cleaning: The dataset is refined by removing duplicate entries and correcting 
inconsistencies, thereby preserving data integrity and consistency.

5. Dataset partitioning: The final dataset is systematically divided into training, 
validation, and test subsets, ensuring balanced distribution and effective model 
evaluation.

A more detailed description of each step is provided below.

3.1 Data collection

A crucial element for any deep learning-based system is acquiring high-quality 
training and validation data. Our data collection methodology employed a sophis-
ticated Electro-Optical and Infrared (EO/IR) imaging system for thermal data 
acquisition. The system’s central component, illustrated in Figure 1, consists of the 
multisensor PTZ camera (model DH-TPC-PT8621C, TPC 2024). This advanced sur-
veillance equipment incorporates a dual-lens architecture that enables synchronous 
capture of both visible spectrum and thermal infrared video streams. This all-in-one 
solution, equipped with sophisticated sensors, is particularly effective for long-
distance outdoor surveillance, ensuring comprehensive data collection under vary-
ing conditions and significantly improving the detection accuracy and operational 
reliability.

The system integrates an RGB camera equipped with starlight technology and 
a motorized zoom lens, enabling high-resolution imaging and detailed close-up 
verification. For low-visibility conditions (day or night), a dedicated thermal imaging 
camera detects emitted infrared radiation, ensuring reliable surveillance regardless of 
lighting. An integrated laser illuminator paired with the RGB camera enhances night-
time imaging, simulating reflected infrared capabilities.
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Table 1 presents the technical specifications of the thermal camera, including its 
VOX uncooled detector, 6.2° × 5.0° field of view, ≤ 40 mK sensitivity, 100 mm focal 
length, µ8 m  to µ14 m  spectral range, 640 × 512 resolution, 17 µm  pixel pitch, and 
25 fps frame rate.

This study utilized the imaging system to capture thermal videos of the three com-
mercial DJI mini-UAVs listed in Table 2: the Phantom 4 Pro+ V2.0, Matrice 600, and 
Mavic 3. Our data collection strategy involved recording video sequences during diverse 
daylight conditions, varying illumination levels, and multiple challenging settings to 
accurately replicate operational environments. The thermal recordings, taken at 25 
frames per second (FPS), were saved in MP4 format. From these recordings, a selection 
of key images was extracted to form the dataset’s foundation, ensuring exposure to 
diverse thermal signatures and environmental conditions during model training.

3.2 Enhancing dataset robustness via thermal data augmentation

Thermal data augmentation is a critical technique used to enhance the perfor-
mance of neural network models in thermal imaging by artificially increasing the 

Figure 1. 
Multisensor network PTZ camera.

Parameter Specification

Detector type VOX uncooled focal plane detector

Field of view 6.2° × 5.0°

Thermal sensitivity (NETD) ≤ 40 mK

Focal length 100 mm

Spectral range µ−8 14 m  (LWIR)

IR resolution 640 × 512

Pixel pitch µ17 m

Video frame rate 25fps

Table 1. 
Technical characterization of the Thermal Camera.
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diversity of the training data without the need to collect new samples. Given the 
unique characteristics of thermal images, data augmentation is vital in ensuring 
that the model is robust against various environmental and operational variations. 
By expanding the training set with new, plausible examples, the detection model 
becomes better equipped to handle the complexities of real-world scenarios when 
deployed.

In this study, we applied several thermal-specific data augmentation techniques 
using the online computer vision development framework, Roboflow [25]. These 
techniques include:

1. Thermal BLUR: Introducing a blur effect to thermal images helps the model 
develop resistance to variations in camera focus. This can be mathematically 
represented as the convolution of the thermal image ( ),I x y  with a Gaussian 
kernel ( )σ,, ,,G x y :

 ( ) ( ) ( )blur , , , ,I x y I x y G x y σ= ∗  (1)

Which is defined as:

 ( )
2 2

22
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x y

G x y e σσ
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−

=
 

(2)

In this equation, σ  controls the standard deviation, influencing the degree of 
blurriness introduced to the image.

2. Temperature brightness variability: Adjusting the brightness in thermal images 
simulates different temperature conditions, enabling the model to be more 
robust to changes in environmental temperature and camera settings. This can be 
modeled as:

 ( ) ( )brightness , ,I x y I x y T k= + ∆ ⋅
 

(3)

Parameter DJI Mavic 3 DJI Phantom 4 Pro + V2.0 DJI Matrice 600

Size 8.3 × 8.3 × 3.3 cm 19.6 × 29 × 29 cm 166.8 × 151.8 × 75.9 cm

Weight 730 g 1375 g 9100 g

Diagonal 
Length

38.1 cm (15 in) 35.6 cm (14 in) 113.3 cm (44.6 in)

Payload Camera (up to 1 kg) Camera (up to 1.5 kg) 6 kg (cameras, LiDAR, etc.)

Max flight time 46 minutes 30 minutes 35 minutes

Max speed 75 kph (47 mph) 72 kph (45 mph) 65 kph (40 mph)

Max range 15 km (9.3 mi) 7 km (4.3 mi) 5 km (3.1 mi)

Application Photography, 
cinematography

Photography, mapping Industrial, surveying, 
cinematography

Table 2. 
Technical characterization of the considered min-UAVs.
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where ∆T  is a constant representing the temperature change, and k  is a scaling 
factor that adjusts the intensity of the brightness modification based on the pixel’s 
temperature.

3. Thermal noise: Adding noise to thermal images mimics the artifacts and distor-
tions often encountered in thermal imaging due to sensor imperfections or envi-
ronmental factors. The noise can be represented by:

 ( ) ( ) ( )= +noise , , ,I x y I x y N x y  (4)

where ( ),N x y  is a noise function drawn from a Gaussian distribution ( )σ 20, nN  
defined as:

 ( ) ( ) ( )2, 0, for ,nN x y x yσ∼ ∈Ω
 

(5)

Here, σ n  stands for the standard deviation of the noise, and Ω  for the domain of 
the image.

4. Thermal CutMix: Similar to the traditional CutMix, this technique involves ran-
domly cutting out a portion of the thermal image and replacing it with a segment 
from another image. The CutMix operation can be mathematically expressed as 
follows:
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Where ( )′ ′,x y  represent the coordinates of the cutout region in 2I , λ  is a mix-
ing parameter that controls the contribution of each image to the final output, and 
CutOutRegion refers to the portion of the original image that is replaced.

By applying these targeted augmentation techniques, we significantly improved 
the model’s robustness and accuracy in detecting objects within thermal datasets. The 
enhanced diversity and variability in the training data prepare the model for deploy-
ment in diverse and challenging thermal imaging environments, allowing it to adapt 
effectively to real-world scenarios.

3.3 Thermal data annotation

Data annotation is a crucial process in deep learning (DL) applications, particu-
larly for tasks involving identifying and categorizing objects based on their heat 
signatures in thermal images. This specialized form of annotation involves drawing 
bounding boxes, polygons, or other shapes around objects within thermal photos and 
assigning them specific labels, such as “drone,” “bird,” or “plane.” Unlike traditional 
image annotation, which relies on visible light, thermal image annotation focuses 
on the infrared spectrum, where objects are detected based on the heat they emit. 
The accuracy and consistency of this annotation process are paramount, as the 
performance of DL models is highly dependent on the quality of the annotated data. 
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Reliable annotation requires a deep understanding of the unique thermal patterns 
associated with different objects and the ability to discern subtle temperature varia-
tions. Additionally, it is essential to ensure that only relevant features are annotated, 
excluding any thermal artifacts that do not belong to the target object classes. By 
meticulously labeling thermal data, annotators contribute to creating robust datasets 
critical for training DL models capable of accurately detecting and identifying objects 
in complex and challenging environments.

3.4 Thermal data cleaning

In optimizing our object detection model, we embraced the principle that “Good 
data beats more data,” as emphasized by Dedrone [26], emphasizing the quality and 
diversity of images in our dataset. This approach was especially crucial in thermal 
data, where image quality can significantly impact model performance. After meticu-
lous data annotation, we undertook a thorough refinement process to ensure the 
integrity of our thermal dataset, which involved identifying and resolving issues such 
as conflicting labels, data duplicates, label correlation, and high filter correlation. A 
significant challenge we encountered was the presence of near-duplicates—visually 
similar images but not identical—which can lead to redundancy and biased results in 
machine learning datasets.

We employed perceptual hashing techniques specifically tailored for thermal 
images to tackle this. Perceptual hashing generates a hash based on the visual content 
of images, allowing for the detection of near-duplicates that exhibit subtle variations, 
such as slight changes in temperature gradients. We utilized the phash algorithm 
with a hash size of 8, which produces a compact representation of each image’s visual 
content. The process begins by applying the Discrete Cosine Transform (DCT) to 
convert the image into frequency components, enabling us to capture the essential 
features of the image while disregarding less relevant details. The DCT of an image I  
can be expressed mathematically as:
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where ( )C u  and ( )C v  are normalization factors defined as:
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After computing the DCT coefficients, we derive a binary hash for each image by 
comparing these coefficients to the median value of the DCT array. The binary hash 
b  is constructed as follows:
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This results in a binary representation that succinctly captures the visual fea-
tures of the image. To identify near-duplicates, we compare the binary hashes of 
different images. The Hamming distance d  between two binary hashes 1b  and 2b  is 
calculated as:

 ( ) [ ] [ ]
=

= −∑1 2 1 2
1

,
n

i
d b b b i b i

 
(10)

where n  is the length of the hash. If the Hamming distance d  between two hashes 
falls below a predefined threshold T , we classify those images as near-duplicates:

 ( )1 2 then images are near-dif , uplicat, esd b b T<  (11)

By efficiently identifying and removing these near-duplicates, we streamline our 
dataset, reducing redundancy and ensuring that each image contributes meaningfully 
to the training of our model. Overall, this phase-based detection of near-duplicates 
has proven to be a valuable tool for cleaning and organizing high-quality datasets, 
enabling us to enhance the performance of our thermal image object detection model.

3.5 Dataset splitting

Strategic dataset partitioning is crucial for developing models capable of gen-
eralizing to unseen data, with careful separation between training, validation, and 
test subsets. We curated 6000 sample images from the collected thermal videos, 
called “Seen data.” To create a robust training pipeline, these images were randomly 
divided into training and validation sets, with 4800 images (80%) allocated for 
training and 1200 images (20%) reserved for validation. This split was carefully 
chosen to maintain a balanced distribution, ensuring that the model receives a broad 
exposure during training while allowing for meaningful performance evaluation 
during validation.

Additionally, 600 images were extracted from videos that were not part of the 
training and validation sets to assess the model’s performance on entirely new sce-
narios. Following standard evaluation protocols, these images were reserved as an 
independent test set, explicitly labeled “unseen data” to simulate real-world deploy-
ment conditions. The splitting strategy is visually summarized in Figure 2, which 
illustrates the proportion of data allocated to training, validation, and testing. The 
“Seen data” (training and validation) is depicted with an 80% training set and a 20% 
validation set. In contrast, the “Unseen data” forms the testing set, ensuring a clear 
distinction between the datasets.

Figure 2. 
Cross-thermal dataset: training, validation (seen data), and test (unseen data) sets.
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The entire dataset, encompassing training, validation, and testing sets, was com-
bined into a comprehensive “drone thermal dataset,” which will be publicly available 
for future research endeavors.

4.  Experiments

4.1 Dataset exploration

Figure 3 displays a pair plot, illustrating the relationships between four variables 
commonly used in object detection tasks: x, y, width, and height of bounding boxes. 
The diagonal elements show histograms for each variable, revealing their distributions, 
with x and y appearing uniformly distributed, while width and height show skewed dis-
tributions toward smaller values. The off-diagonal scatter plots represent the pairwise 
relationships between these variables, with notable patterns such as a positive correla-
tion between width and height. In contrast, other variable pairs exhibit more scattered 
distributions without clear correlations. This visualization aids in understanding the 
distribution and interdependencies of bounding box parameters in a dataset.

Figure 4 provides a detailed visualization of the thermal dataset labels. The top-left 
plot shows a label count for the “Drone” class, indicating approximately 2500 instances, 
while the top-right visualizes the overlap and distribution of bounding boxes, showing 

Figure 3. 
correlogram of drone label dimensions: height vs. width correlation.
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how objects are positioned and sized within the images. The scatter plots below illustrate 
the relationships between bounding box attributes, such as x vs y coordinates, which are 
evenly spread, and width vs height, showing a positive correlation, meaning larger width 
tends to coincide with more considerable height. Overall, this figure offers insights into 
the spatial distribution and size variation of the bounding boxes within the dataset.

Figure 5 illustrates sample thermal air-images from the dataset, showcasing 
diversity across different lighting conditions, drone models, and environmental 
backgroundsthe diversity of thermal air-images within the customized dataset. Our 
dataset encompasses a wide range of ground-to-air scenarios, capturing various 
environmental conditions, altitudes, and object types. This diversity enhances its 
applicability for robust model training and real-world surveillance applications.

4.2 Performance analysis

This section evaluates the impact of data cleaning on model performance by 
analyzing dataset distribution and key evaluation metrics.

First, Table 3 presents a comparison of the dataset size before and after the clean-
ing process. The number of images in both the training and validation sets decreases 
after cleaning, indicating the removal of potentially replicate or irrelevant data. This 
step ensures a more refined dataset, which can lead to improved generalization and 
model robustness.

Next, Figure 6 illustrates the effect of data cleaning on precision across training 
steps using the YOLOv11 [17] model for object detection. The plotted curves for 
“Before Cleaning” and “After Cleaning” indicate similar precision, despite the dataset 

Figure 4. 
Label volume and distribution for drones detection in our customized dataset.
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Figure 5. 
Sample thermal air-images from the dataset, showcasing diversity across different lighting conditions, drone 
models, and environmental backgrounds.

Images number Training set Validation set

Before Cleaning 12,600 9600 3000

After Cleaning 10,200 7600 2600

Table 3. 
Dataset split before and after cleaning.

Figure 6. 
Effect of data cleaning on precision across training steps in drone detection using YOLOv11.
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before cleaning being larger (12,600 images) compared to after cleaning (10,200 
images). This suggests that data cleaning effectively removes redundant or irrelevant 
samples without compromising the model’s precision.

Similarly, Figure 7 (recall analysis) compares the recall performance of the 
YOLOv11 model [17] before and after data cleaning. The recall metric is essential for 
determining how well the model captures true positive instances. Despite the cleaned 
dataset being smaller than the original, the recall remains similar, suggesting that the 
removed data had minimal impact on the model’s ability to detect positive cases. This 
indicates that data cleaning effectively eliminates redundant or noisy samples without 
compromising recall performance.

Overall, this analysis provides insights into the effectiveness of dataset cleaning 
in refining the dataset by removing noisy or redundant samples while maintaining 
model precision and recall, thereby ensuring accuracy and consistency.

5.  Conclusion

This study presents a systematic framework for constructing high-quality thermal 
air-image datasets to enhance drone detection in ground-to-air surveillance applica-
tions. By integrating diverse environmental conditions, rigorous quality control 
measures, and advanced augmentation techniques, the proposed dataset significantly 
improves detection accuracy, model robustness, and generalization. Key contribu-
tions include a comprehensive dataset pipeline covering data acquisition, annotation, 
filtering, and augmentation, along with a publicly available dataset designed to 
enhance real-world drone detection. Additionally, insights into optimizing thermal 
data for small-object detection are provided, ensuring its applicability in complex 
surveillance scenarios. Future research directions will involve: (1) dataset expansion 
incorporating diverse drone platforms, (2) performance evaluation under adversarial 
environmental conditions, and (3) integration of multi-sensor fusion approaches to 
enhance real-time detection robustness. This framework provides researchers with a 
comprehensive foundation for advancing thermal-based drone surveillance systems.
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Abstract

Autonomous systems deployed across robotics, transportation, and aerial networks
must operate under constraints of limited bandwidth, energy, and heterogeneous
data. Centralized learning methods are often inadequate due to high latency, privacy
concerns, and limited scalability. This chapter presents a unified framework for
decentralized knowledge aggregation, leveraging pre-trained models (PTMs), feder-
ated learning (FL), and edge intelligence to address these challenges. PTMs serve as
portable knowledge units that reduce training overhead and enable fast, context-
aware inference across distributed agents. The framework spans multiple domains—
including the Internet of Robotic Things (IoRT), Connected Vehicular Networks
(CVNs), Unmanned Aerial Vehicle (UAV) swarms, and Intelligent Transportation
Systems (ITS)—and introduces task-aligned mechanisms such as one-shot inference,
temporal clustering, multi-hop model fusion, and infrastructure-based calibration.
These techniques aim to optimize model accuracy, energy efficiency, and responsive-
ness across highly dynamic, resource-constrained environments. We evaluate our
approach through both simulations and real-world testbeds, demonstrating improve-
ments such as 15–20% gains in accuracy, 60% reductions in synchronization delay,
and up to 70% savings in energy consumption over baseline models. The results
validate PTM-assisted FL as a scalable and resilient strategy for real-time autonomous
operations. However, we also discuss the practical challenges of PTM deployment,
including device-level compute limitations and communication overhead. This work
provides a modular blueprint for deploying collaborative, decentralized intelligence
across edge-enabled ecosystems.

Keywords: knowledge aggregation, federated learning, pre-trained models, Internet
of Robotic Things (IoRT), 6G edge networks, Unmanned Aerial Vehicles (UAVs),
autonomous vehicles, multi-task learning, temporal clustering, privacy-preserving AI

1. Introduction

The field of autonomous systems is advancing rapidly, fueled by escalating
demands for intelligent decision-making, real-time adaptability, and operational
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efficiency [1]. As this momentum drives the deployment of robotic platforms and
intelligent agents across diverse domains—ranging from urban transportation to aerial
surveillance—the ability to aggregate and share knowledge efficiently emerges as a
cornerstone for ensuring coordination, responsiveness, and scalability [2, 3]. How-
ever, traditional centralized learning paradigms often fall short in distributed envi-
ronments due to high communication latency, elevated energy consumption, and data
privacy concerns [4, 5]. Decentralized intelligence frameworks have emerged as
effective alternatives to overcome these limitations, particularly those leveraging pre-
trained models (PTMs) for distributed knowledge sharing. PTMs enable edge-based
inference and transfer learning, allowing autonomous agents to utilize shared intelli-
gence without transmitting raw data [6, 7]. This shift toward localized, on-device
learning is reinforced by advancements in edge computing and federated learning
(FL), which support scalable and privacy-preserving collaboration across agents
[8, 9].

Knowledge aggregation in autonomous systems involves integrating information
from multiple sources to enhance decision-making capabilities. This process is crucial
in diverse applications, ranging from autonomous vehicles (AVs) navigating urban
landscapes to robotic fleets executing collaborative tasks. The effectiveness of knowl-
edge aggregation depends on efficient communication, optimized resource allocation,
and robust learning frameworks. Simultaneously, the evolution of fifth- and sixth-
generation (5G/6G) wireless networks has unlocked new opportunities for scalable
autonomy [10]. These technologies offer ultra-low latency and high-throughput com-
munication, enabling real-time interaction among spatially distributed agents in
dynamic and uncertain environments. Systems such as unmanned aerial vehicles
(UAVs), autonomous ground vehicles (UGVs), and robotic swarms require continu-
ous coordination and adaptive learning to function effectively [11, 12]. To support this
level of autonomy, achieving low-latency, energy-efficient, and privacy-aware
knowledge aggregation becomes imperative for sustaining robust and responsive
operations [13, 14]. To address the practical challenges of decentralization, several
domain-specific frameworks have been developed. In Connected Vehicular Networks
(CVNs), FL has been integrated with V2X (vehicle-to-everything) and V2I to support
real-time decision-making and adaptive control [15, 16]. The Federated Multi-task
Temporal Clustering (FeMTC) framework builds on this foundation by clustering
clients based on model update similarity, enabling personalized and efficient learning
under non-independent and identically distributed (non-IID) data conditions [17].
Similarly, DECKS (Distributed Edge-Based Collaborative Knowledge Sharing) archi-
tecture supports distributed knowledge sharing among UAVs by being deployed in a
decentralized manner, resulting in a 70% reduction in energy consumption and a 15%
improvement in learning performance [18].

In the Internet of Robotic Things (IoRT), knowledge-driven unified model block
sharing has been realized through the K-DUMBs architecture, which allows resource-
constrained agents to perform one-shot inference using shared model blocks from
more capable peers [19, 20]. This approach supports lightweight knowledge transfer
for agents with limited sensing and computation capabilities [21]. Additionally, fed-
erated personalization techniques—such as multi-task learning and adaptive aggrega-
tion—have further enhanced model accuracy in heterogeneous settings [22, 23].
Complementary to PTMs and FL, sensor-guided calibration mechanisms improve
model reliability. For example, periodic vehicle-2-infrastructure (V2I) calibration
using high-precision OptiTrack systems aligns control models between roadside units
and autonomous vehicles, correcting for dynamic drift and communication
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delays [24]. This infrastructure enables safety-critical applications such as
obstacle avoidance, cooperative startup acceleration, and high-precision trajectory
planning [25, 26].

1.1 The role of pre-trained models

Pre-trained models serve as the backbone of knowledge aggregation, enabling
autonomous systems to learn efficiently without extensive retraining. These models
act as knowledge carriers, providing foundational learning that can be adapted to
various environments. Pre-trained models are essential because: Firstly, they reduce
the need for large-scale training by optimizing computational resources. Secondly, they
enable incremental learning, where knowledge gained from previous tasks is lever-
aged for new challenges. Thirdly, they facilitate decentralized learning, improving
privacy and security by limiting raw data exchanges.

Section 2 reviews related work. Section 3 formulates the problem and presents the
proposed frameworks—K-DUMBs, FeMTC, DECKS, and V2I calibration. Section 4
offers a comparative summary across performance metrics and deployment scenarios.
Section 5 concludes the chapter and discusses future directions.

2. Related work

Effective knowledge aggregation in autonomous systems hinges on the integration
of multiple complementary paradigms [18]. FL offers a privacy-preserving solution
for distributed model training by ensuring that raw data remains localized, while edge
intelligence enhances real-time responsiveness by shifting computational workloads
closer to the data sources [19]. Together, these approaches form the backbone of
decentralized autonomy, enabling intelligent agents to learn collaboratively while
minimizing latency, bandwidth usage, and privacy risks. Meanwhile, domain-specific
architectures such as Connected Vehicular Networks (CVNs), Internet of Robotic
Things (IoRT) platforms, and Intelligent Transportation Systems (ITS) present
unique challenges and opportunities for knowledge fusion [20]. This section reviews
the most relevant literature across these complementary domains, organized into two
main perspectives: foundational learning strategies and their application across
autonomous environments.

2.1 Federated and edge learning in autonomous systems

The widespread deployment of autonomous systems has intensified the demand
for scalable and efficient knowledge aggregation strategies. While early solutions
largely relied on centralized architectures, such designs have proven insufficient in
dynamic, distributed environments due to inherent limitations such as high commu-
nication overhead, increased latency, and poor scalability [27]. In response,
decentralized frameworks built upon Federated Learning (FL) have gained traction,
enabling collaborative model training across agents while preserving data privacy by
avoiding raw data transmission [28, 29]. Nonetheless, despite its advantages, tradi-
tional FL experiences performance degradation when confronted with challenges such
as non-IID data, limited client availability, or imbalanced participation [30]. To over-
come these limitations, edge intelligence has emerged as a complementary paradigm
that shifts computational tasks closer to the data source, thereby reducing latency and
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enhancing real-time responsiveness [31]. In this context, Federated Multi-task Learn-
ing (FMTL) provides an extension of FL that allows for client-specific model custom-
ization, often through client clustering techniques [32]. Reinforcement learning and
adaptive client scheduling have also been explored to improve FL convergence and
resilience under dynamic participation [33, 34].

2.2 Knowledge aggregation across application domains

In CVNs, real-time knowledge sharing is pivotal for enabling cooperative driving,
traffic coordination, and effective decision-making in high-mobility environments
[35, 36]. Recent research has explored the use of gNodeB assistance and clustering
strategies to mitigate issues such as temporal drift and sparse communication, thereby
improving model convergence. Despite these advancements, the practical integration
of Pre-Trained Models (PTMs) and personalized Federated Learning (FL) in vehicular
scenarios remains underdeveloped. To address this gap, UAV-assisted edge intelli-
gence has emerged as a promising solution, wherein aerial nodes equipped with
trained models act as relay agents and knowledge disseminators. These UAVs can
dynamically offload and distribute pre-trained inference models to ground vehicles in
coverage-constrained or disconnected zones, supporting real-time adaptation without
necessitating complete model retraining. As summarized in Table 1, this integration
of aerial and terrestrial intelligence effectively extends the FL pipeline across hetero-
geneous domains, thereby improving knowledge continuity and system reliability in
sparse or infrastructurally limited urban corridors.

In the IoRT domain, knowledge sharing becomes especially critical as many robotic
agents may lack the computational or sensing capabilities to learn independently. Pre-
trained model distribution and inference sharing frameworks are being explored to
enable perception and control in these lightweight agents [47]. Transfer learning and
secure model block distribution enable generalized inference while preserving privacy
and reducing network load [48]. In parallel, Intelligent Transportation Systems (ITS)
require tightly coordinated V2X and V2I communication to ensure real-time control
and decision synchronization. Recent literature has investigated infrastructure-aided
recalibration and cooperative sensing as means to correct drift and sensor inaccuracies
[49]. However, end-to-end integration of FL, PTMs, and sensor-based recalibration
into a unified, autonomous ITS framework is still underdeveloped. In addition, pri-
vacy and personalization continue to be active concerns in FL research. Solutions
incorporating differential privacy, meta-learning, and resource-aware client optimi-
zation are being increasingly adopted to improve generalization, fairness, and system
robustness [47–49].

2.3 Contributions

To address the challenges of latency, scalability, and personalization in autono-
mous systems, our work proposes a unified framework for knowledge aggregation
that tightly integrates PTMs, FL, and edge intelligence across diverse application
domains. We begin with the K-DUMBs framework in the IoRT, which enables light-
weight, resource-constrained agents to perform one-shot inference using distributed
model blocks from more capable peers. By bypassing the need for local training and
minimizing communication overhead, K-DUMBs demonstrates how pre-trained
knowledge can be dynamically transferred and reused across heterogeneous robotic
agents [19]. Next, we introduce the Federated Multi-task Temporal Clustering (FeMTC)
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approach for CVNs. This framework leverages temporal cosine similarity to cluster
clients based on their arrival time, enabling robust and personalized model learning
under highly non-IID and dynamically changing data distributions. FeMTC signifi-
cantly improves learning efficiency and client-specific performance in real-time driv-
ing environments [17]. Building upon edge intelligence, the DECKS architecture
supports decentralized FL among UAV swarms in 6G-enabled networks. Hovering
UAVs aggregate and relay knowledge to ground vehicles through collaborative train-
ing cycles. DECKS leverages PTMs updates, UAV-assisted coverage optimization, and
device-to-device (D2D) communication to reduce energy consumption by 70% and
improve accuracy by over 15% compared to conventional FL baselines [18]. Finally,
for infrastructure-based autonomy, we propose a periodic V2I calibration framework
that enhances control synchronization across connected vehicles in ITS. Using
OptiTrack-guided roadside units, the system applies periodic corrections to pre-
trained control policies, mitigating sensor drift and trajectory misalignment. This
ensures reliable multi-vehicle coordination and real-time responsiveness in safety-
critical scenarios [24]. Together, these contributions present a cohesive and modular
blueprint for scalable knowledge aggregation across edge, aerial, and infrastructure

Author Summary

Benhelal et al. [37] Proposed an edge controller to gather data from road-based IoT devices, with drones
capturing event data and integrating extended reality for hazard notifications.
Strength: Enables detection via fixed and aerial IoT. Limitation: Faces privacy
concerns and communication failures. Criteria: Data accuracy, security, and
communication topology.

Li et al. [38] Introduced UAV-based flying base station to offload deep learning tasks. Reduced
system overload and latency. Limitation: Depends on UAV reliability and
connectivity. Focus: Latency, UAV availability.

Mashadi et al. [39] Proposed collaborative trajectory learning with UAVs. Noted improved accuracy,
but drone reliability and model alignment are challenging.

Saraswat et al. [40] Integrated FL with blockchain among cooperative UAVs to enhance security in 6G
UAV networks. Lacks scalability, discussion, and real-world deployment.

Khan et al. [41] Created a digital twin model for FL with RSU-based knowledge caching. Challenges
include outdated information and 3-layer hierarchy complexity.

Fu et al. [42] Applied local model efficiency for AV selection. Achieved accuracy improvements
but suffered from data inconsistency and high compute demand.

Zhou et al. [43] Used hierarchical model aggregation across edge-cloud tiers in IoV. Noted
improvements in data aggregation, but high overhead exists.

Qu et al. [44] Introduced serverless FL with a one-hop UAV network. Efficient info sharing but
lacked privacy/security focus.

Mehta et al. [45] Explored 6G + UAV + blockchain integration in a conceptual architecture. Did not
include empirical results.

Mosquet et al. [46] Explored knowledge aggregation for AVs. Emphasized situational awareness but
omitted privacy/latency metrics.

Nawaz et al. [18] Privacy-preserving FL across decentralized UAVs for urban knowledge sharing.
Enhances AV reliability and responsiveness by delivering edge intelligence to CVNs
via swarm coordination. Focus: Privacy, latency, energy efficiency, and real-time
adaptability.

Table 1.
Comparative analysis of UAV-assisted federated learning literature on edge knowledge sharing.
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environments. By placing pre-trained models at the core of our framework, we dem-
onstrate that distributed learning can be both adaptive and efficient, empowering
autonomous agents to collaborate seamlessly in dynamic, high-mobility ecosystems.

3. Methodology overview

The methodological foundation of this chapter is built upon a modular and dis-
tributed learning architecture that leverages PTMs, FL, and domain-specific edge
orchestration. Each proposed framework follows a task-aligned strategy: K-DUMBs
employs model block transmission for inference-only agents in the Internet of Robotic
Things (IoRT); FeMTC introduces a temporal cosine similarity-based clustering
method for client grouping in Connected Vehicular Networks (CVNs); DECKS opti-
mizes federated UAV collaboration through constrained multi-hop model sharing in
6G-enabled networks; and the V2I calibration mechanism ensures real-time control
accuracy in ITS via periodic infrastructure-based corrections. Across all systems,
decentralized optimization techniques are adopted, minimizing global loss functions
while addressing non-IID data, communication constraints, and real-time require-
ments. Together, these methodologies demonstrate a coherent, extensible approach to
edge-deployed, knowledge-driven autonomy.

3.1 Problem formulation

Knowledge aggregation is a fundamental concept in autonomous systems, allowing
multiple agents to share, adapt, and utilize knowledge to enhance their decision-
making capabilities. This section details the theoretical foundations of knowledge
aggregation, detailing how it applies to IoRT, connected vehicular networks, V2X, and
multi-UAV systems. We discuss various aggregation methods, including FL, temporal
clustering, and edge-assisted knowledge fusion with vehicle-to-infrastructure (V2I).
Each framework addresses unique system constraints while contributing toward a
unified and scalable aggregation model. The detailed formulations below include
modeling, equations, and performance outcomes validated through experiments.

3.2 K-DUMBs: Knowledge-driven unified model block sharing in IoRT

In IoRT systems, agents are often resource-constrained and unable to participate in
full training cycles. The K-DUMBs framework enables “dumb” agents to perform
inference by receiving globally trained model blocks from more capable agents or
servers using a one-shot learning approach, as shown in Figure 1.

The core optimization objective is:

min
θ

XK

k¼1

nk
n
Fk θð Þ: (1)

where Fk θð Þ is the local loss function at device k, and θ the global parameter vector.
Instead of engaging in full communication rounds, K-DUMBs allows inference
through shared weights:

ztþ1 ¼ zt - η
XK

k¼1

nk
n
∇Fk ztð Þ: (2)
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Evaluation and results: Experiments conducted on the MNIST dataset using
Convolutional Neural Network (CNN) and Multilayer Perceptron (MLP)
architectures demonstrate the efficiency of the K-DUMBs framework in one-shot
deployment scenarios. Figure 2 illustrates the average one-shot inference accuracy
across communication rounds for the MNIST CNN. In this setting, only a subset of
users was selected to participate in training, and the results show that the model
reaches the target accuracy within a limited number of communication rounds, vali-
dating the effectiveness of K-DUMBs in low-overhead federated learning environ-
ments. Notably, K-DUMBs achieves accuracy comparable to traditional federated
learning and centralized training—exceeding 90%—with only a single model
broadcast.

Figure 1.
Basic K-DUMB FedAvg architecture.

Figure 2.
Avg-acc in CNN against communication rounds.
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K-DUMBs FedAvg demonstrates the ability to produce high-quality inference
results by sharing only model weights, thereby preserving data privacy and reducing
communication overhead. As illustrated in Figure 3, the framework maintains con-
sistent performance across both independent and identically distributed (IID) and
non-IID data scenarios. Our experiments across various model topologies confirm that
K-DUMBs FedAvg offers a practical solution for efficient knowledge sharing in IoRT
environments. When partitioning MNIST under IID conditions, increased client-side
computation enhances accuracy while reducing the number of communication rounds
needed to reach convergence. Although performance under non-IID settings is com-
paratively less efficient, it remains significant. Across both model classes, K-DUMBs
FedAvg achieves superior accuracy using the AI-enabled One-Shot Inference (O-SI)
method, highlighting its robustness in decentralized, low-overhead learning setups.
While our primary focus is on achieving standard performance metrics, the K-DUMBs
FedAvg framework also proves effective at minimizing test loss—even in scenarios
where test-set accuracy has plateaued. This dual capability is evident across both
model classes, as illustrated by the communication rounds versus one-shot inference
performance for MNIST using CNN and MLP architectures. As shown in Table 2,
which presents average model accuracy against communication rounds, improving
the effectiveness of knowledge sharing is closely tied to the degree of training access
within the deployed models. That is, achieving convergence and maximizing accuracy

Figure 3.
Test-accuracy in MNIST CNN of IID and non-IID.

Model Epoch IID Non-IID (equal)

MLP 10 91.25% 75.94%

CNN 10 97.17% 85.97%

MLP(One-shot Inf) 1 89.67% 74.89%

CNN(One-shot Inf) 1 95.47% 83.62%

Table 2.
Comparison between rounds of communication efficiency.
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requires enabling more substantial access to the base model during training, especially
in low-participation or non-IID settings.

3.3 Temporal hierarchical clustering in CVNs (FeMTC)

Vehicular clients in Connected Vehicular Networks (CVNs) generate streaming,
time-sensitive data that is typically non-IID and affected by mobility patterns.
Figure 4 illustrates the system architecture showing base station (BS)-coordinated
clustering and the temporal drift-aware aggregation process. The FeMTC framework
leverages FL to such dynamics by using a two-phase clustering mechanism based on
cosine similarity between temporal update vectors. In the first phase, similarity
between clients’ model updates is computed using a temporal cosine metric:

T M tð Þ
i ,M t0ð Þ

j

� �
¼

ΔMt
i,ΔM

t0
j

D E

∥Mt
i∥∥M

t0
j ∥

� Tn (3)

where ΔMt
i is the model gradient or parameter update the client i at time t, and Tn is a

time-normalization factor using recent weights update. The second phase aggregates
updates within a cluster Cp to form a group-level model:

Gp ¼ 1
∣Cp∣

X
vi ∈Cp

M tð Þ
i � Tn (4)

To further account for label heterogeneity, each client solves a local learning
objective:

min
Θi

Li ¼
X
x∈Di

ℓ yi, f θ xið Þ� �þ λ∥θi -Gp∥2 (5)

where ℓ �ð Þ is the task-specific loss and λ is a regularization term for cluster coherence.

Figure 4.
An overview of sparse connected VNs, including V2I communication.
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Evaluation and results: The FeMTC framework was evaluated using CIFAR-10 and
Fashion-MNIST datasets in a federated setting, simulating temporal non-IID distribu-
tions and cluster-based client behaviors. Label permutation and epoch-based schedul-
ing were used to reflect the dynamic arrival patterns of clients in vehicular networks.
The size of each client’s local dataset plays a pivotal role in the convergence dynamics
of federated learning. To evaluate the robustness of our proposed method under
varying local data conditions, we conducted a series of comparative experiments
against FedAvg, testing environments with different dataset sizes per client. The
findings consistently indicate that our approach achieves superior performance. By
applying temporal hierarchical clustering (HC) during training, multiple models were
generated at each time step—including a global FedAvg model and specialized models
tailored to individual clusters. As shown in Figure 5, each client was assigned the
model that achieved the highest validation accuracy on its local dataset, thereby
maximizing personalization. Figure 5 further demonstrates that under non-IID data
conditions, FeMTC outperforms FedAvg by up to 20% in accuracy and achieves faster
convergence across communication rounds.

To evaluate the adaptability of our method, we tested it on a new client that was
not part of the original training dataset. The global parameter dispatched to this new

client is computed as Bi ¼ P
j∈C=iG tð Þ

i,j � θj, where θj denotes the model parameters of
cluster client j, and Bi represents the aggregated base model for client i. The server
combines these parameters using relevance weights Gp � T n before sending Bi to the
new client for inference on unseen data. As illustrated in Figure 6, FeMTC-KS (based
on pre-trained models) enables efficient knowledge transfer without retraining, sig-
nificantly reducing computational overhead while preserving performance. Figure 6

Figure 5.
Model personalization for each client in multi-task learning.

Figure 6.
Comparison of knowledge sharing in FeMTC: (a) fashion-MNIST (b) CIFAR-10.
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further demonstrates the model’s robustness, showing that FeMTC maintains consis-
tent accuracy even under 50% client dropout. FeMTC maintains tighter performance
variance and higher mean accuracy in environments where vehicle data distributions
are skewed by mobility or application context (e.g., navigation vs. collision avoid-
ance). This robustness makes FeMTC well-suited for real-time deployment in sparse
and high-mobility vehicular networks.

3.4 DECKS architecture: Distributed UAV collaboration in 6G edge networks

Building on the foundational strategies introduced in K-DUMBs and FeMTC,
which focused on PTMs reuse in the IoRT and client clustering in CVNs, respectively,
the DECKS (Distributed Edge-based Collaborative Knowledge Sharing) framework
extends knowledge aggregation into airborne, edge-assisted environments. It enables
UAV swarms to collaboratively train, fuse, and relay federated models to connected
vehicles, thereby improving coverage, inference responsiveness, and overall system
resilience without depending on centralized base stations. The architecture is
grounded in a UAV-assisted topology where aerial agents hover over critical areas,
gather environmental intelligence, and serve as relays for ground agents and edge
computing nodes. As shown in Figure 7, UAVs are organized in coordinated clusters
to ensure wide-area coverage and avoid redundancy via non-overlapping trajectories.
This hierarchical topology, supported by relay UAVs and edge servers acting as tem-
porary aggregators, facilitates multi-hop knowledge fusion and real-time model dis-
semination across swarms. Figure 8 further highlights DECKS’ role in decentralizing
computation and extending edge intelligence to disconnected vehicular networks. The
following section presents the design of the proposed DECKS architecture, which
leverages hovering UAVs for scalable knowledge aggregation and delivery in 6G-
enabled vehicular environments. We first introduce the hybrid UAV system model,
followed by the clustered coverage optimization algorithm and decentralized
knowledge-sharing methodology.

Figure 7.
UAVs cluster coverage area on terrain ground.
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3.4.1 UAVs hybrid system structure

With the advent of 6G-V2X technologies, UAVs have become essential for
augmenting ground-based sensing and computing in scenarios where Roadside Units
(RSUs) are sparse or unavailable. In the proposed architecture, UAVs serve threefold
roles: (i) relaying situational awareness to ground vehicles, (ii) participating in col-
laborative Federated Learning (FL) for knowledge fusion, and (iii) communicating
with the nearest base station to synchronize and share the global model. These hover-
ing UAVs enhance line-of-sight coverage and act as mobile signal relays, thereby
extending the edge intelligence to CVNs. While fulfilling these threefold roles—situ-
ational relaying, collaborative federated learning, and base station communication—
their operational efficiency is constrained by energy limitations. UAVs consume
approximately 1.5% more energy with every unit increase in altitude. To mitigate this,
our architecture strategically employs stationary hovering during both data capture
and learning phases, optimizing energy use while maintaining wide-area coverage and
stable model convergence. When operating in clusters, UAVs form a multi-hop relay
network to propagate model updates and aggregate knowledge, as depicted in
Figure 7. This architecture also supports long-range federated updates to CVNs
located in sparse urban areas.

3.4.2 UAVs cluster coverage algorithm design

We define a constrained optimization problem that aims to maximize
offloading utility from UAVs to vehicles during federated learning while adhering to
spatial, energy, and time constraints. The objective is solved using a Lagrangian
formulation.

Figure 8.
An illustration of the proposed DECKS architecture for UAVs network knowledge sharing.
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3.4.2.1 Objective function

max
Xn
i¼1

Ai -
Xn
i¼1

λi hi - zið Þ-
Xn

i 6¼j

μij xi - xj
� �2 þ yi - yj

� �2
- ri þ rj
� �2� �

-
Xn
i¼1

βi zi -Zmaxð Þ-
Xn
i, j¼1

γij dij - vjT
� �þ ξ

Xn

i 6¼j

ηij

-
Xn
i¼1

δi Pi -Pmax,ið Þ-
Xn
i¼1

ϵi Pi - ηi Ci þDið Þ½ �

(6)

3.4.2.2 Constraints

• Minimum height: hi ≥ zi

• Non-overlapping search area: xi - xj
� �2 þ yi - yj

� �2
≥ ri þ rj
� �2

• Altitude limit: zi ≤Zmax

• Knowledge delivery time: dijvj ≤T

• Power limit: Pi ≤Pmax,i

• Power model: Pi ¼ ηi Ci þDið Þ

• Data consistency: Ground vehicles must receive data from UAVs sequentially and
within their sensing cones.

Lagrange multipliers λi, μij, βi, γij, ηij, δi, ϵi encode penalties for constraint viola-
tions. The hyperparameter ξ balances overlapping minimization and knowledge util-
ity.

3.4.3 UAVs knowledge sharing methodology

Our distributed federated framework does not rely on a central parameter server.
Instead, each UAV updates its model locally and shares weights with 1-hop neighbors
in its cluster (see Figure 8). Wi,t denotes UAV i‘s local model at round t. UAV i
aggregates weights from neighbors iþ 1 and iþ 2 as:

Wi,tþ1 ¼ Agg Wi,t,Wiþ1,t,Wiþ2,tð Þ (7)

The learning goal is:

min
z∈d

f zð Þ ¼ 1
n

Xn
i¼1

f i zð Þ (8)

where each UAV minimizes its own local loss:

min
Θi

Li ¼
Xnk

k¼1

ℓ yki , f i x
k
i

� �� �
(9)
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Model update via stochastic gradient descent:

f i zð Þ ¼
XK

k¼1

nk
n
Fk zð Þ (10)

ensures smooth optimization even in non-IID federated settings. Each UAV also
functions as a micro-parameter server for its immediate neighbors, facilitating local-
ized knowledge fusion through iterative, decentralized updates. These updates occur
over multiple communication cycles, after which the aggregated global model is
relayed to an edge-based platform-as-a-service (PaaS), enabling the distribution of
pre-trained models to other CVNs operating within the environment. As illustrated in
Figure 8, the DECKS architecture orchestrates multi-hop neighbor exchanges, model
aggregation, and seamless delivery across the edge. To minimize latency and improve
channel efficiency, UAV-to-UAV communication is conducted via Device-to-Device
(D2D) links, managed through Time Division or Frequency Division Multiple Access
(TDMA/FDMA). This decentralized structure enables DECKS to maintain federated
learning continuity in dynamically evolving swarm topologies, reducing single points
of failure and enhancing the availability of intelligent inference at the edge.

Evaluation and results: The DECKS framework was evaluated using a simulated
urban environment where a total of 10 UAVs cooperated under dynamic mobility and
network conditions. The experiments were designed to measure convergence speed,
energy efficiency, and communication cost compared to baseline algorithms like
FedAvg and FedProx. Figure 9 illustrates the training performance of the proposed
decentralized UAV-based learning strategy across both IID and non-IID data settings.
In the case of IID data with n ¼ 5 UAVs (Figure 9(a)), the DECKS framework reaches
a final model accuracy exceeding 95% after approximately 65 aggregation rounds,
while the centralized server-based baseline plateaus around 80% after 75 rounds—
indicating a 15% gain in final accuracy. Under non-IID conditions (Figure 9(b)), the

Figure 9.
Learning curve for hovering UAV knowledge sharing with AVs (a, b) MNIST; (c, d) CIFAR-10.
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DECKS model achieves its target accuracy within 60 rounds, whereas the baseline
requires 75 rounds, reflecting a 15% improvement in convergence speed. As the
number of UAVs increases to n ¼ 10 (Figure 9(c)), DECKS demonstrates even faster
convergence, approaching 99% accuracy under IID conditions and nearly 95% under
non-IID with severely unbalanced datasets. These results underscore the scalability
and robustness of the UAV swarm in adapting to heterogeneous data distributions.
Notably, Figure 9(d) shows the impact of edge-enabled collective knowledge distri-
bution on sensorless connected vehicles. Through one-shot inference, AVs not directly
involved in the training process are able to benefit from shared UAV intelligence,
significantly improving their onboard learning performance. This highlights the
power of collaborative multi-UAV training in enhancing federated model dissemina-
tion, reducing energy consumption, and increasing overall system intelligence.

Figure 10 presents a comparative analysis of learning accuracy and energy con-
sumption under different UAV knowledge-sharing strategies. The results demonstrate
that distributing UAV-trained models directly to AVs via mobile edge computing
(MEC) leads to faster convergence and reduced transmission latency. As shown in
Figure 10(a), classification accuracy improves as more UAVs participate in training—
initially low due to limited local data, but significantly enhanced through collective
weight transformation and aggregation. In Figure 10(b), energy usage trends are illus-
trated with UAV node energy levels initialized between 80 and 100, and the head node
set to 100. The system maintains an attenuation factor of 1.0 and a communication
overhead cycle between 0.2 and 0.25. As communication nodes increase, higher trans-
mission power is required to reach dynamic AVs, resulting in elevated energy demands.
Nevertheless, DECKS maintains favorable trade-offs by leveraging energy-aware
scheduling and UAV-assisted model dissemination, achieving system-wide efficiency
without compromising learning performance. In summary, the evaluation of DECKS
underscores its effectiveness in enabling distributed learning among UAV swarms. By
integrating edge intelligence, energy-efficient aggregation strategies, and probabilistic
trajectory coordination, DECKS delivers accelerated convergence, reduced communica-
tion overhead, and enhanced model robustness across airborne federated networks.
These findings position DECKS as a critical intermediary between temporally adaptive
frameworks such as FeMTC and infrastructure-dependent paradigms like V2I

Figure 10.
Simulation results on (a) average accuracy and (b) energy consumption with CIFAR-10 datasets.
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calibration, bridging the gap between dynamic swarms and structured vehicular sys-
tems within the broader landscape of decentralized autonomous intelligence.

3.5 V2I periodic calibration for autonomous vehicle control

Building upon the DECKS framework for airborne collaboration, this section transi-
tions to infrastructure-assisted real-time control within ITS. While prior work has
primarily concentrated on federated model training and adaptive learning, ensuring
accurate command execution remains essential, particularly in mitigating post-learning
drift. Conventional calibration for individual autonomous vehicles typically relies on the
fusion of Global Positioning System (GPS) and Inertial Measurement Unit (IMU) data,
along with high-definition (HD) maps. However, these methods face limitations in
precision and real-time updates. Addressing this gap, the Internet of Vehicles (IoV)-
based V2I calibration framework focuses on correcting synchronization delays and
execution inconsistencies by leveraging periodic alignment signals from the RSU. These
RSUs act as temporal anchors to enhance coordination among cooperative autonomous
vehicles, ensuring reliable and synchronized control in dynamic traffic environments.

3.5.1 V2I calibration via RSUs

Autonomous agents often experience misalignment between planned and executed
trajectories due to sensor latency and variable command processing. To mitigate this,
RSUs broadcast periodic corrections to vehicles’ control states. These signals realign
actuation patterns and improve cooperative driving behavior. Each time a vehicle
passes a roadside infrastructure, it can be calibrated to eliminate control drift and state
errors caused by unavoidable random errors.

3.5.2 Simulation vs. experimental gap and setup with OptiTrack

In real-world scenarios, command drift and state errors still affect command
execution. Therefore, the following compares simulation and experimentation to
visually demonstrate the gap between them. The simulation has implemented by
SUMO simulator as shown in Figure 11. A physical testbed comprising four UGVs
under the OptiTrack motion capture, as shown in Figure 12.

However, as shown in the comparison between Figures 13 and 14, there are
noticeable differences between simulation and real-world experiments. In the practi-
cal experiments, even when commands are simultaneously issued to identical Jackal
robots, these commands are not perfectly synchronized despite similar average com-
munication delays, resulting in significant fluctuations.

Hence, it is difficult to maintain the ideal situation which is no random error
conditions in real-world scenarios. Therefore, periodic calibration becomes particu-
larly crucial, whether for timestamps, environment, or vehicle position states. By
using roadside infrastructures to perform calibration at certain distance intervals, it is
possible to eliminate or suppress unanticipated random errors and further reduce the
likelihood of cumulative errors, thus improving control accuracy. The following sim-
ulation further demonstrates the difference between using roadside infrastructures
and single-vehicle calibration (SC), and validates the effectiveness of periodic cali-
bration based on roadside infrastructures (RIC). The simulation detail see Table 3.

Figure 15 compares lateral trajectory deviation. SC mode shows noticeable drift from
the ideal path, while RIC aligns almost perfectly with the ground truth. The simulated
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scenarios include two cases: one involves autonomous intelligent connected vehicles rely-
ing solely on onboard sensors for self-calibration, while the other utilizes infrastructure
connectivity for correcting motion commands. In the designed simulations, vehicles
relying exclusively on self-correction achieved a command accuracy of 99%, whereas
vehicles assisted by infrastructure-based position corrections reached nearly
100% accuracy.

The inset in Figure 15 shows the probability distribution function (PDF) of
position error under each mode, with RIC approximating a Gaussian distribution
centered around zero deviation, validating its stability. The section highlights the
critical role of infrastructure in closing the loop between inference and execution. The
V2I framework provides the final synchronization layer in the knowledge aggregation
continuum, complementing UAV-based (DECKS), vehicular (FeMTC), and IoRT
(K-DUMBs) approaches with precise, real-time corrective control.

Figure 11.
SUMO simulation for V2I control.

Figure 12.
Experiment setup for V2I based following model.
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Figure 13.
V2I experiment velocity over time.

Figure 14.
(a) V2I centralized control position; (b) V2I centralized control velocity.

Description Value Description Value

Initial position (x, y) (0, 0) Initial angular acceleration 0 rad/s2

Initial speed 10 m/s Time step 1 s

Initial heading 0 rad Packet loss rate 5%

Initial acceleration 0 m/s2 Angular acceleration error N0,0.01

Initial angular velocity 0 rad/s Communication delay 0–0.2 s

Total simulation time 200 s Infrastructure gap 100 m

Table 3.
Experimental parameters for enhancing vehicle control precision and preventing error accumulation through
spaced fixed infrastructure sensors.

116

Transfer Learning – Unlocking the Power of Pretrained Models



4. Comparative summary of pre-trained knowledge aggregation
frameworks

This chapter introduces a unified knowledge aggregation framework that advances
collaborative autonomy through the integration of PTMs and FL across multiple
domains, including the IoRT, CVNs, UAV swarms, and ITS. The comparative evalua-
tion highlights both the architectural diversity and the shared design principles that
enable scalable, decentralized learning.

4.1 Knowledge aggregation techniques

• K-DUMBs (IoRT) enables one-shot inference using shared PTM blocks, allowing
low-power agents to perform distributed inference without engaging in full
model training.

• FeMTC (CVNs) utilizes temporal clustering based on cosine similarity to improve
personalized learning in environments characterized by sparse, non-IID
vehicular data.

• DECKS (UAV swarms) employs hovering UAVs to aggregate and relay federated
models in real time, enhancing ground-level inference accuracy while reducing
energy expenditure.

• V2I calibration (ITS) uses infrastructure-based synchronization to maintain high-
precision control and mitigate command drift in real-time autonomous
operations.

4.2 Performance metrics: Energy, latency, and accuracy

Energy efficiency: K-DUMBs achieves nearly 80% reduction in communication
overhead by eliminating continuous gradient exchange and enabling one-shot model

Figure 15.
Comparison of lateral trajectory deviation and corresponding PDF under SC and RIC.
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inference. FeMTC further lowers computational demands through temporal cluster-
ing, which reduces redundant updates and promotes localized personalization.
DECKS contributes up to 70% energy savings by leveraging D2D communication,
avoiding redundant model uploads, and restricting transmissions to key aggregation
rounds. V2I Calibration minimizes on-board processing requirements through peri-
odic infrastructure-based synchronization, reducing control recalibration costs for
connected vehicles.

Latency and synchronization: V2I Calibration enhances vehicle start-up responsive-
ness by 60% compared to V2V-only systems. DECKS and FeMTC reduce convergence
time by a factor of 2–3 compared to centralized or unclustered FL baselines. K-DUMBs
eliminates multi-round communication altogether for inference-only clients, resulting
in ultra-low latency.

Model accuracy: All frameworks significantly outperform their respective baselines.
FeMTC boosts accuracy by 15–20% on non-IID datasets, while DECKS achieves 95–
99% accuracy in aerial training scenarios. K-DUMBs maintains over 90% accuracy
with only a single PTM broadcast. V2I Calibration improves control precision by
reducing trajectory deviation from 12.4 to 4.7 cm.

4.3 Deployment scope and scalability

K-DUMBs is well-suited for resource-constrained IoRT applications such as
domestic robotics or industrial automation. FeMTC is optimal for vehicular
networks in smart cities where client connectivity is sporadic and data distributio
is non-IID. DECKS enables federated intelligence across large-scale UAV deploy-
ments, facilitating coordinated model delivery and surveillance. V2I calibration
is tailored for safety-critical ITS environments where infrastructure support
is available for synchronization. Together, these modular architectures form an
interoperable foundation for edge-enabled autonomy across air, road, and robotic
ecosystems.

4.4 Limitations and scalability considerations

While the proposed framework demonstrates measurable improvements in energy
efficiency, accuracy, and convergence speed, several limitations must be acknowl-
edged to contextualize real-world deployment. First, reliance on PTMs introduces
overhead in terms of memory and computation, especially for resource-constrained
agents such as IoRT devices. Although one-shot inference mitigates some of these
costs, fine-tuning or adapting PTMs locally remains challenging in devices with lim-
ited hardware. Second, while FL reduces the exchange of raw data, it still requires
periodic communication of model weights. In UAV swarm scenarios, this can result in
increased communication complexity and synchronization challenges, particularly in
non-line-of-sight or harsh environments. Moreover, the assumption of reliable D2D
communication and accurate trajectory control in DECKS may not hold in congested
airspace or during adverse weather conditions, which limits scalability. Similarly, V2I
calibration assumes consistent infrastructure support, which may not be available in
rural or underdeveloped areas. Lastly, while our experimental setups reflect practical
deployments, larger-scale tests across thousands of heterogeneous nodes remain to be
conducted. Further work should investigate adaptive model compression, real-time
reinforcement learning at the edge, and fault-tolerant aggregation mechanisms to
ensure robustness in unstructured, rapidly changing environments.
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5. Conclusion

The growing complexity of autonomous systems and the increasing need for intel-
ligent, real-time decision-making have exposed the limitations of centralized learning
architectures. High communication latency, energy constraints, and privacy concerns
diminish the effectiveness of cloud-centric approaches, especially in environments
marked by mobility, heterogeneity, and stringent responsiveness requirements. This
chapter introduces a unified, scalable framework for knowledge aggregation that
integrates pre-trained models, federated learning, and edge intelligence to address
these challenges across diverse domains, including the Internet of Robotic Things
(IoRT), Connected Vehicular Networks (CVNs), Unmanned Aerial Vehicle (UAV)
swarms, and Intelligent Transportation Systems (ITS). By embedding domain-specific
strategies—such as one-shot inference for lightweight IoRT agents, temporal cluster-
ing for non-IID vehicular data, edge-assisted swarm learning in UAVs, and real-time
V2I calibration for precise control—the framework demonstrates that decentralized
knowledge aggregation can achieve efficiency, robustness, and scalability. These con-
tributions are supported by methodologically grounded approaches, including
gradient-based optimization, decentralized multi-hop sharing, and resource-aware
orchestration suited to dynamic, constrained environments. Crucially, the framework
treats PTMs not as static initializations but as dynamic, distributable anchors of
intelligence—supporting localized adaptation while ensuring global learning consis-
tency. Empirical evaluations show that the proposed methods outperform centralized
baselines in convergence speed, accuracy, energy use, and deployment flexibility.
Looking forward, this work lays the foundation for the next generation of adaptive,
interoperable autonomous systems. Future directions include exploring cross-domain
model transfer, real-time reinforcement learning, and resilient edge communication
to enable collaborative intelligence in unpredictable and distributed settings.
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