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Abstract

Modelling Human Behaviour in Smart Buildings Through Explainable Label-Efficient
Learning Methods

Naailah Mahamoodally

Rising energy demands have intensified the pursuit of intelligent building systems capable of

adapting to occupant behavior to optimize energy consumption. Occupancy Estimation and Ac-

tivity Recognition play a central role in enabling data-driven, energy-efficient control strategies

that enhance sustainability while maintaining comfort. However, existing approaches often rely

on large, labeled datasets collected from a single environment. When deployed in new settings,

their performance degrades due to domain shifts caused by differences in sensor layouts, room

configurations, and occupant behavior. Acquiring sufficient labeled data for each environment is

costly, time-consuming, and raises privacy concerns. This thesis addresses these challenges by

developing explainable, label-efficient domain adaptation frameworks that enable models to gener-

alize across buildings. First, we introduce Imbalance–Structure Expansion Reduction (IMB-SER),

an interpretable tree-based domain adaptation method that mitigates class imbalance. Second, we

propose Uncertainty-aware Transfer via Augmentation for Decision Trees (UTA-DT), a source-

free framework that augments target data with uncertainty measures from pretrained source model

to achieve cross-domain robustness. Lastly, we develop a novel semi-supervised framework, the

Semi-Supervised Mixture of Probabilistic Principal Component Analyzers (Semi-MPPCA), which

leverages unlabeled data and is fine-tuned with minimal labeled samples to model human behavior

effectively. Building on this foundation, we extend the model by integrating an unsupervised domain

adaptation framework, collectively referred to as Probabilistic Hypothesis Anchored Domain Adap-

tation (PHADA). A comprehensive analysis is conducted under varying label availability scenarios

to evaluate performance, robustness, and label efficiency. Together, these contributions advance the

development of transparent, label-efficient, and privacy-preserving domain adaptation methods.
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Chapter 1

Introduction

1.1 Context

The 21st century is characterized by rapid urbanization and digitalization, leading to an ever-

increasing demand for energy. Within this landscape, the built environment stands as a primary

contributor, accounting for approximately 32% of global energy consumption and a significant por-

tion of greenhouse gas emissions [1–7]. Improving building energy efficiency has thus become a

central pillar of global climate mitigation strategies [8–10]. The status quo of operating buildings,

particularly in terms of heating, ventilation, and air conditioning (HVAC) and lighting, based on

fixed schedules and maximum occupancy assumptions, is fundamentally unsustainable, leading to

massive energy waste in partially occupied or unoccupied spaces [11–13].

In response to growing demands for energy-efficient building management, the paradigm of the

Smart Building has emerged, driven by advances in the Internet of Things (IoT) [14–16]. Through

extensive sensor networks, including motion detectors, door contact sensors, temperature and hu-

midity sensors, smart plugs, and microphones, IoT-enabled environments continuously capture in-

formation about occupant interactions and environmental conditions. Within this context, two per-

ceptual tasks have gained particular prominence: Occupancy Estimation (OE), which determines

the presence and number of occupants, and Human Activity Recognition (HAR), which identifies

the specific actions and behaviors taking place [17–21]. Numerous studies have demonstrated that
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accurate OE and HAR can significantly optimize energy consumption by enabling intelligent con-

trol of HVAC and lighting systems based on real-time occupant behavior, thereby reducing waste

while maintaining comfort [22, 23].

The synergy between these two capabilities is what unlocks profound energy-saving potential

[19–21]. A building that knows not only that a room is occupied, but also what the occupants are

doing, can transition from blunt, reactive control to precise, proactive automation. For instance, the

HVAC system, which is often the largest energy consumer, can shift from conditioning entire floors

on a 9-to-5 schedule to providing ”follow-me” climate control. It can reduce airflow and setback

temperatures in a conference room after a meeting ends, or maintain minimal operation in an empty

office zone, only resuming full power when occupancy is detected. Similarly, lighting can be finely

tuned to actual needs based on user activity.

This research leverages non-visual IoT sensor data, strategically chosen over computer vision

for two compelling reasons. First, it inherently mitigates privacy concerns associated with contin-

uous video monitoring, making it more suitable for deployment in private spaces such as homes

and offices. Second, the resulting data streams are typically lower-dimensional and less complex,

facilitating the development of computationally lightweight and efficient models suitable for real-

time inference on embedded or edge devices. Collectively, these sensors generate a continuous,

multi-modal data stream that serves as a digital nervous system for the built environment, enabling

intelligent systems to answer not only “Is anyone here, and how many?” but also “What are they

doing?”

By leveraging IoT sensor data for real-time activity and occupancy awareness, smart buildings

can move beyond limited efficiency to achieve true contextual conservation, eliminating waste with-

out compromising occupant comfort and paving the way for a sustainable future.

1.2 Problem Statement

The practical implementation of data-driven models for activity recognition and occupancy es-

timation faces significant and interconnected challenges that hinder their widespread adoption in

smart buildings. Conventional approaches rely on supervised learning algorithms, which require
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large, meticulously labeled datasets for training [24]. However, in real-world settings, acquiring

such labeled datasets is a major impediment; the process of annotating sensor readings with corre-

sponding activities or occupant counts is prohibitively costly, time-consuming, and often invasive

[19–21, 25–28], creating a fundamental data scarcity problem.

Even when a substantial labeled dataset is assembled for a specific building, models trained

on this data frequently exhibit a critical failure to generalize when deployed in new environments

[29, 30]. This phenomenon, known as domain shift [31–33], occurs due to the inherent variability

between buildings, including differences in sensor types and placements, architectural layouts, and

the unique behavioral patterns of different occupant groups. Consequently, a model that performs

with high accuracy in one building may suffer a drastic performance decline in another, rendering it

unreliable for scalable, real-world applications. Training a new model for each environment would

be too costly, time-consuming and not practical [34, 35].

Beyond issues of data scarcity and generalization, the nature of smart building data itself poses

substantial analytical challenges. IoT-enabled environments generate continuous, multi-modal streams

that are inherently high-dimensional, heterogeneous, and temporally complex. These data capture

a broad spectrum of environmental and occupancy-related variables, reflecting dynamic occupant

behavior, fluctuating environmental conditions, and sensor noise. While such richness holds great

promise for developing adaptive and accurate models, it also introduces significant obstacles in data

processing and interpretation. The intricate temporal and non-linear relationships among features

complicate the identification of meaningful patterns and demand learning architectures capable of

modeling complex dependencies over time [36–38]. Additionally, smart building datasets often ex-

hibit severe class imbalance, where frequent states dominate, while rare yet operationally critical

events are underrepresented [19–21, 39]. This imbalance biases models toward the majority classes,

limiting their reliability in real-world deployment. Finally, although deep learning models can ef-

fectively capture non-linearities, their black-box nature hinders transparency and interpretability,

which are key requirements for building operators who must trust, validate, and act upon automated

control decisions [40, 41].

Addressing these challenges requires a modeling approach that is both label-efficient and ca-

pable of generalizing across diverse environments, while capturing the inherent complexity and

3



non-linearity of smart building data and maintaining interpretability. Such an approach must effec-

tively leverage information from previously studied environments to perform reliably in new settings

with limited labels without extensive retraining. This thesis explores different Domain Adaptation

(DA) techniques [42–48] as a promising solution. DA aims to enable models trained on one en-

vironment to adapt to new contexts with minimal labeled data, thereby improving robustness and

scalability. By facilitating cross-domain generalization, DA provides a practical pathway toward

developing data-efficient and transferable Occupancy Estimation and Activity Recognition models

for real-world smart-building applications.

1.3 Theoretical background and related works

1.3.1 Theoretical Background - Domain Adaptation

According to previous studies [44, 49], a domain, denoted as D, consists of three main com-

ponents: an r-dimensional input or feature space X , an output or label space Y , and an associated

probability distribution P(x, y), represented as D = {X ,Y,P(x, y)}, where x ∈ X represents

the feature vector, and y ∈ Y . The marginal distribution, denoted as P (X), captures the distri-

bution of instances within the feature space X , where X = {xi | xi ∈ X , i = 1, . . . , n} [21].

The marginal distribution is denoted with P (X), where X is an instance of the feature space X ,

X = {xi | xi ∈ X , i = 1, . . . , n} [21]. The source marginal distributions over Y is denoted by:

PS
Y =

∫
pS(x, y) dx (1)

and the target marginal distributions over Y is denoted by

P T
Y =

∫
pT (x, y) dx (2)

In the context of supervised transfer learning, we consider two domains: a source domain DS =

(XS , Y S , pS) and a target domain DT = (XT , Y T , pT ). Various transfer learning models impose

different constraints on the relationship between these domains. Our focus lies specifically on Su-

pervised Domain Adaptation, where both source and target tasks share identical feature and label
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spaces, i.e., X S ,X T ⊆ X and Y = YS = YT . In this thesis, we assume XS = XT and Y S = Y T ,

while acknowledging potential differences in the marginal distributions of the features between the

domains. The objective of domain adaptation, as outlined in previous work [50], is to enhance the

performance of the decision function fT of the target task by leveraging knowledge from the source

domain DS .

In domain adaptation, the loss function is pivotal for effective model training across domains.

It serves as a measure of the dissimilarity between the distributions of the source and target data,

encapsulating the discrepancy that needs to be minimized during training. Given a loss function

ℓ : Y ×Y → R+, a source prediction function f : X S → YS , and a typically limited target training

set ST drawn i.i.d. from DT , our goal is to learn a function [49] f ∈ FT : X T → YT with low risk

on the target domain given by the following equation:

R(f) = EPT
(x, y){ℓ(f(x), y)} (3)

Optimizing the loss function enables the model to adapt to the target domain while leveraging

knowledge from the source domain, improving generalization across domains. By optimizing the

loss function, the model learns to align the representations of the source and target domains, en-

abling it to generalize well to unseen data from the target domain ensuring robust performance

across domains.

Domain shift encompasses three primary categories: prior shift, covariate shift, and concept

shift [44, 51]. Prior shift, or class imbalance, pertains to scenarios where posterior distributions are

equivalent, ps(y|x) = pt(y|x), yet prior distributions of classes differ between domains, ps(y) ̸=

pt(y). Covariate shift occurs when marginal probability distributions differ, ps(x) ̸= pt(x), while

conditional probability distributions remain constant across domains, ps(y|x) = pt(y|x). Covariate

shift is often attributed to factors such as sample selection bias and missing data. Concept shift, also

referred to as data drift, arises when data distributions remain unchanged, ps(x) = pt(x), while

conditional distributions differ between domains, ps(y|x) ̸= pt(y|x). In this study, we assume

uniform prior shifts across both domains and focus on resolving the Covariate shift problem.

When engaging in knowledge transfer from one domain to another, the two domains need to
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exhibit a degree of dependence. This dependency is fundamental for the extraction of meaningful

knowledge; otherwise, the insights garnered from the source domain may prove ineffectual in the

target domain. Knowledge acquired from the source domain, if improperly applied, has the potential

to detrimentally impact the performance of the target model, resulting in what is termed ”negative

transfer.” Negative transfer [21] denotes the phenomenon wherein the transferred knowledge ad-

versely affects the performance of the target model, rather than enhancing it as intended. without

knowledge about the difference between source and target domains, negative transfer occurs when

knowledge is transferred from highly irrelevant sources [52]. This phenomenon is particularly pro-

nounced in the context of class imbalance [53]. In classification applications, class imbalance may

arise from disparities in class conditional distributions, different error costs associated with different

classes, or a combination of both factors concurrently. Such imbalance can significantly exacerbate

the challenges of knowledge transfer, increasing the risk of the negative transfer and diminishing the

effectiveness of transferred knowledge [54]. Therefore, addressing class imbalance becomes imper-

ative in mitigating the risks associated with negative transfer and ensuring the success of knowledge

transfer endeavors.

We have explored various methodologies for domain adaptation, each employing Decision Trees

owing to their capacity to generate interpretable models through the clear If-else rules they produce.

At the core of this methodology lie foundational concepts. Entropy, a measure of uncertainty or

disorder in a dataset, is calculated using the formula:

H(S) = −
c∑

i=1

pi log2(pi) (4)

where S represents a dataset, c denotes the number of classes, and pi is the proportion of instances

in class i in dataset S. Information Gain (IG) quantifies the reduction in entropy achieved by parti-

tioning a dataset based on a particular attribute, indicating how well a feature separates the data into

classes. The formula for IG is given as follows:

IG(S,A) = H(S)−
∑

v∈V alues(A)

|Sv|
|S|
·H(Sv) (5)
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where V alues(A) are the possible values of attribute A, |Sv| is the number of instances in

dataset S with value v for attribute A, |S| is the total number of instances in a dataset S and H(S)

is the entropy of dataset Sv, the subset of dataset S with value v for attribute A. Node Purity, on the

other hand, evaluates the homogeneity of a node by measuring the distribution of classes within it.

A node is considered pure if all instances belong to the same class. These concepts guide the Deci-

sion Tree algorithm in selecting the most informative features at each node, ultimately facilitating

effective knowledge transfer across domains. Decision trees use various criteria to determine the

best feature to split on at each node. Common splitting criteria include Gini impurity, Information

Gain, and Variance reduction. Similar to entropy, Gini impurity measures the degree of impurity

or uncertainty in a dataset. It is calculated differently but serves the same purpose as entropy in

determining node purity. It is calculated as follows:

Gini(S) = 1−
c∑

i=1

p2i (6)

1.3.2 Literature Review

Over the years, enhancing energy efficiency [55] in smart buildings has become a fundamen-

tal focus of energy policy initiatives. The primary objective is to optimize energy consumption

and distribution, thereby minimizing the environmental footprint of buildings while improving the

performance of HVAC systems and ensuring occupant comfort [56, 57]. In this context, Activity

Recognition (AR) and Occupancy Estimation (OE) [25, 27, 58–60] have become essential tools for

optimizing energy management. While early research focused on supervised methods, the chal-

lenges of obtaining labeled data have driven growing interest in semi-supervised learning and do-

main adaptation approaches.

Occupancy Estimation

Occupancy estimation can be defined as the quantifying of human presence within a designated

area which can be done by using different types of smart building data such as ambient sensors

[27, 34, 59, 61]. By analyzing data from ambient sensors - such as temperature, humidity, CO2

levels, and light intensity - alongside other sources like motion detectors, Wi-Fi signals, and HVAC
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system logs, occupancy estimation models can provide real-time insights into human presence.

These insights enable smarter decision-making, such as adjusting heating, cooling, and lighting

systems dynamically to improve energy efficiency and occupant comfort.

[27] presents a methodology for identifying the most informative sensors, such as motion,

acoustic, and power consumption sensors, through information gain. Decision tree models are then

used to estimate occupancy levels by generating interpretable rules with adjustable thresholds. [34]

proposes IMB-SER SMOTETOMEK, a supervised and explainable domain adaptation technique

derived from the Structure Expansion Reduction (SER) algorithm, specifically adapted for imbal-

anced occupancy datasets. This model transfers knowledge from a label-rich source domain to a

label-scarce target domain using a wide array of sensors including CO2, humidity, temperature, and

acoustic pressure. [62] introduces a real-time occupancy estimator based on CO2 measurements,

which leverages existing HVAC infrastructure to avoid additional hardware costs. The proposed

model is based on a variant of Extreme Learning Machine (ELM) known as Feature-Scaled ELM

(FS-ELM), where the input-to-hidden layer weights are initialized using a scaled random matrix.

[63] develops a scalable Hidden Markov Model (HMM)-based framework for occupancy detection

that incorporates model selection criteria to determine the optimal number of hidden states, improv-

ing adaptability to occupancy patterns. [64] applies k-means clustering to air quality data from an air

ventilation system to differentiate between occupied and unoccupied states for more efficient energy

use. [65] proposes a hybrid statistical learning framework using non-intrusive sensors. The model

combines interactive learning with a classifier based on a predictive distribution derived from a

Generalized Dirichlet mixture model, optimized through Bayesian variational inference. [66] intro-

duces DA-HOC, a semi-supervised domain adaptation model that estimates occupancy using CO2

sensor data by transferring knowledge from a source to a target domain with limited labeled sam-

ples. [67] presents a Bluetooth-based occupancy detection system using a Deep Q-Network (DQN)

reinforcement learning framework. The model interacts with IoT devices and uses experience re-

play and a target network to stabilize training and support adaptive decision-making. [68] describes

a sensor fusion-based approach for estimating occupancy counts using Wi-Fi, CO2, PIR sensors,

and electricity load meters. The estimation is performed using linear regression and a two-layer
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feedforward artificial neural network (ANN). [69] proposes a deep learning architecture that com-

bines a convolutional neural network (CNN) for spatial feature extraction with a bidirectional long

short-term memory (BiLSTM) network to capture temporal dependencies from advanced metering

infrastructure (AMI) data. [70] develops a technique that models complex activity patterns using

Wi-Fi signal variations and a modified generative adversarial network (GAN) with self-attention

and deep residual convolution, enabling both realistic data synthesis and contextual understanding.

Activity Recognition

Activity Recognition (AR) refers to the automated identification and interpretation of physical

actions or tasks, such as walking, sleeping, or cooking, performed by individuals, based on sensor

data. This data may be acquired through IoT sensors, wearable sensors, or extracted from video

frames or images [71–73]. As a smart building task, it aims to understand occupant behavior to

optimize HVAC systems and increase health safety [56].

Computer vision has traditionally been a dominant approach for human activity recognition

(HAR) in smart buildings. [74] proposes dynamically adjusting thermostat setpoints to preserve

thermal comfort using HAR based on Recurrent Neural Networks (RNNs), which capture sequential

patterns in visual data. [75] introduces a Deep Convolutional GAN (DCGAN)-based framework that

leverages unsupervised pretraining on unlabeled video data, with the discriminator fine-tuned on

labeled samples for activity classification. [76] combines a pre-trained CNN for feature extraction

with a deep autoencoder (DAE) to model temporal action dynamics, followed by a quadratic SVM

for classification.

However, increasing concerns over privacy have limited the use of camera-based systems, mo-

tivating a shift toward non-visual sensing. [77] proposes DeepSense, a framework that utilizes data

from Wi-Fi-enabled IoT devices and employs AE-LRCN, a hybrid model integrating autoencoders,

CNNs, and LSTMs to denoise inputs, extract spatial features, and capture temporal dependencies.

[72] demonstrates that inertial sensor data processed through CNNs can effectively support HAR

without relying on video input.

Several domain adaptation approaches have also emerged. [21] explores non-deep PCA-like

and PCA-based techniques that construct shared domains for supervised transfer from labeled to
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unlabeled settings, validated on smart building datasets [78]. [56] applies unsupervised adversarial

domain adaptation (UADA), including Drop-to-Adapt (DTA) and Batch Spectral Penalization with

Domain-Adversarial Neural Networks (BSP + DANN), to learn domain-invariant representations

using adversarial objectives.

Wearable and ubiquitous device data have also been widely adopted. [79] introduces a hybrid

CNN-LSTM model that extracts spatial and temporal features from smartphone sensors to classify

activities such as walking, sitting, and stair use. [80] proposes a deep recurrent neural network

(DRNN) using smartphone accelerometer, gyroscope, magnetometer, and Google Fit data for HAR.

[81] presents a CNN-LSTM model trained on triaxial accelerometer and gyroscope data from wrist-

worn sensors to capture both spatial and temporal characteristics of movement. [82] integrates Neu-

ral Structured Learning (NSL) with LSTM for body sensor-based activity recognition and applies

Kernel-based Discriminant Analysis (KDA) to improve feature clustering and inter-class separation.

Semi-Supervised Learning

Semi-Supervised Learning (SSL) is a machine learning approach that uses both labeled and

unlabeled data to improve model performance. By exploring patterns in unlabeled data, SSL reduces

the need for large labeled datasets and can be derived from extensions of supervised or unsupervised

learning algorithms [83].

Recent clustering-based SSL methods [84] combine supervised objectives with self-supervised

clustering signals under a unified cross-entropy loss. However, they lack probabilistic interpretabil-

ity and offer no mechanisms for dynamic cluster-class alignment. In particular, while the framework

imposes class labels on cluster centroids, it lacks mechanisms to resolve incorrect or misaligned

clusters that emerge during self-supervised pretraining. Without a means to refine or reinitialize

cluster-class associations, performance may degrade under distribution shift or domain noise.

Several recent approaches attempt to address instability and bias in pseudo-labeling. Debiased

Self-Training (DST) [85] mitigates confirmation bias by decoupling pseudo-label generation and

utilization using two classifier heads and adversarial optimization. However, it remains sensitive to

initial model calibration and relies on iterative pseudo-labeling. Similarly, Uncertainty-guided Col-

laborative Mean-Teacher (UCMT) [86] introduces uncertainty-aware region mixing and co-training,
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but its masking mechanisms are complex and tailored to image domains, limiting generalizability

and interpretability. Other methods, such as Monte Carlo dropout-based uncertainty estimation

[87], also assume reliable uncertainty estimates, an assumption that may not hold early in training

or under distribution shift.

For time-series data, TS-TFC [88] combines co-training across temporal and frequency domains

with contrastive learning. However, it heavily depends on the quality of pseudo-labels generated via

label propagation, which is often compromised by class imbalance and noise. Graph-based methods

like FSSLAG [89] offer efficient label inference via anchor graphs, but suffer from sensitivity to

hyperparameters, random anchor selection, and computational constraints at scale.

Building upon the limitations of traditional semi-supervised methods, such as confirmation bias

in self-training, unrealistic view assumptions in co-training, and scalability issues in graph-based

approaches, this research proposes Semi-MPPCA, a novel semi-supervised framework designed

for energy-efficient building management. Semi-MPPCA leverages both limited labeled data and

abundant unlabeled sensor data to enhance occupancy estimation and activity recognition while

reducing labeling costs. Unlike iterative pseudo-labeling methods, it learns a stable latent repre-

sentation through probabilistic clustering, followed by supervised fine-tuning. It also avoids the

independence assumptions of co-training and the parameter sensitivity of graph-based methods. By

integrating MPPCA into a differentiable neural architecture with a novel weight-swapping mech-

anism, Semi-MPPCA achieves interpretable, scalable, and robust performance in real-world smart

building scenarios.

Domain Adaptation (DA)

Transfer Learning (TL) emerges as a specialized sub-field of Machine Learning, dedicated to

reconciling disparities inherent across related domains [44, 90]. The principal goal is to facilitate a

harmonious alignment between domains by transferring knowledge from a source domain, charac-

terized by ample labeled data, to a target domain, where data availability is limited, thereby enabling

the trained model to seamlessly generalize its applicability to the domain of interest [59]. Domain

Adaption (DA) is a specialized case of TL where the source and target domains differ in terms of

marginal data distributions but share identical label sets [91], i.e. the source and target tasks are
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the same. The study by [21] presents five Transfer Learning techniques tailored for heterogeneous

environments. The algorithm initially employs PCA to transform features, establishing known dis-

tributions, followed by distance calculation between features and a subsequent feature mapping

algorithm. The models were tested on the Activity Recognition dataset obtained from PIR mo-

tion sensor, door/temperature sensor and light switch sensors, and also on the OE dataset collected

from power consumption sensors, CO2 concentration sensors, humidity, temperature, door/window

contact and acoustic pressure sensors. The study conclusively demonstrates that models utiliz-

ing SMOTE exhibit superior accuracy compared to other methods. [59] adapted clustering-based

deep unsupervised domain adaptation (UDA) techniques, for estimating occupancy levels. The

data has been collected from motion detectors, power consumption, and CO2 concentration sensors

at Grenoble Institute of Technology work offices. Three methods, namely Structurally Regular-

ized Deep Clustering (SRDC), Hybrid Structurally Regularized Deep Clustering (H-SRDC), and

Distilled Discriminative Clustering for Domain Adaptation (DisClusterDA), have been modified

and applied for this purpose reaching an accuracy of 99%. [19] compares unsupervised domain

adaptation (UDA) methods for OE, with and without access to labeled source data. Six adapted

approaches for UDA with labeled source data include domain separation networks (DSN), cluster

alignment with a teacher (CAT), and CAT variants. Additionally, six adapted methods for UDA

without labeled source data are examined, such as confidence score weighting adaptation using a

joint model data structure (CoWA-JMDS). The models have been tested on AR and OE datasets.

[20] investigates occupancy estimation techniques using trained source models for DA, a specialized

type of TL, testing three UDA methods: SHOT, HoMM, and SFDA. These methods align data rep-

resentations between source and target environments through deep learning approaches, achieving

accuracy scores of 90%. [92] proposes a novel approach called Adversarial Discriminative Domain

Adaptation (ADDA) which combines discriminative modeling, untied weight sharing, and a GAN

loss, demonstrating superior effectiveness and simplicity compared to existing methods and achiev-

ing state-of-the-art results in unsupervised adaptation and cross-modality object classification tasks.

[93] introduces Transfer Component Analysis (TCA) for DA, aiming to learn transfer components

across domains in a reproducing kernel Hilbert space, preserving data properties and bringing do-

main distributions closer. Additionally, the extension of TCA into a semisupervised learning setting
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enables encoding label information into transfer components, facilitating dimensionality reduction

and improving DA performance. The model has been tested on cross-domain indoor WiFi local-

ization and cross-domain text classification data. [94] proposes a novel deep-learning approach for

DA. By incorporating standard layers and a gradient reversal layer, the approach fosters the emer-

gence of discriminative and invariant features across domains, achieving superior performance in

image classification tasks, including scenarios with significant domain shifts. [95] applied transfer

learning using deep convolutional neural networks to detect cracks on masonry facades with limited

data. The study utilized pre-trained CNN models optimized via fine-tuning on a custom dataset of

700 brickwork masonry facade images. The approach demonstrated high effectiveness in detecting

cracks, achieving up to 100% accuracy and F1-score, particularly useful in scenarios with limited

annotated data. [96] introduces a supervised Active Learning Domain Adapted (ALDA), leveraging

the synergy between active learning and DA to facilitate knowledge transfer from a related source

domain, demonstrating efficacy through two proposed variants, B-ALDA and O-ALDA.

Imbalanced Data

The imbalanced learning problem [97] addresses the challenges posed by underrepresented data

and significant class distribution imbalances in learning algorithms. Tackling imbalanced datasets

demand novel insights, algorithms, and tools to effectively extract meaningful information and

knowledge representations from vast amounts of raw data. [98] combines predictive modeling using

an inverted Dirichlet mixture (IDMM) with a proposed over-sampling approach to address both the

small training data and imbalanced domain problems, demonstrated through extensive experiments

on synthetic and real smart building sensor data. [99] presents two undersampling strategies uti-

lizing clustering during data preprocessing, with the majority class represented by cluster centers

or their nearest neighbors. [100] introduces DataBoost-IM, a novel approach combining boosting

with data generation to enhance classifier performance on imbalanced datasets. [100] was evaluated

across seventeen synthetic imbalanced datasets, demonstrating high predictive accuracy for both

minority and majority classes without sacrificing performance for either. [101] introduces a method

to enhance the AdaBoost algorithm by incorporating new weighted vote parameters informed by

the classification accuracy of the positive class and the imbalanced index of the data. [102] presents
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a novel undersampling technique for addressing data imbalance in real biological datasets. [102]

focuses on selecting negative samples based on their proximity to positive samples, leveraging the

idea that samples near the decision boundary are more likely to be misclassified. This approach

calculates weighted Euclidean distances between negative and positive samples, then selects nega-

tive samples closest to positive ones to maintain class balance while minimizing misclassifications,

particularly in the context of SVM classifiers.

Explainable AI (XAI)

XAI methodologies serve as indispensable tools in enhancing the transparency of AI models

to human users, thereby increasing trust in the algorithms [103]. They achieve this by elucidating

the rationales underlying the decision-making processes of AI models as well as identifying po-

tential biases. [41] focuses on applying an interpretable unsupervised machine learning method,

Explainable K-means Clustering (ExKMC), to occupancy estimation. By utilizing simple binary

decision trees, ExKMC enhances the interpretability of clustering decisions, addressing previous

challenges of complex interpretations and difficult labeling. The models were tested on an OE

dataset obtained through a sensor network comprising power consumption sensors, CO2 concentra-

tion sensors, humidity sensors, temperature sensors, door and window contact sensors, and acoustic

pressure sensors. [104] used XGBoost to predict suitable credit selection strategies, and applied

SHapley Additive exPlanations (SHAP) to enhance the interpretability of the machine learning de-

cisions. This approach aimed to simplify the credit selection process for architects, reducing the

reliance on expert opinions by providing a more data-driven, transparent method. [105] introduces

a training strategy that enhances the explainability of AI models for object deep classification (XDC)

without sacrificing accuracy, achieved through periodic saliency-based feedback. Explanations are

represented as saliency maps, aiding in disentangling domain-specific information and facilitating

improved generalization across different domains while maintaining performance on the original

domain. [106] introduces XSDA-Net, an explainable supervised domain adaptation framework

leveraging case-based reasoning to clarify predictions by highlighting similar regions in source and

target train images. [107] introduces DATSA, a Domain Adversarial Tangent Subspace Alignment
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network, which aligns local approximations of manifolds across domains without relying on unre-

liable pseudo labels, addressing limitations of current joint adversarial domain adaptation networks

providing explainable adaptations. [108] introduces explainable domain adaptation by offering two

explanation mechanisms: one elucidating the alignment of source and target distributions in the

model’s latent space, and another detailing change in the decision boundary post-adaptation. [109]

developed an explainable deep learning model, integrating building characteristics, geometry, and

urban morphology with the SHapley Additive exPlanation algorithm into Light Gradient Boosting

Machine to predict energy usage and greenhouse gas emissions of residential buildings. [110] used

XAI tools like LIME and SHAP on energy-building datasets to assist in removing less important

input features from ANN models without compromising the models’s accuracy.

1.4 Contributions

The contributions of this thesis are summarized as follows:

1.4.1 Explainable Domain Adaptation for Imbalanced Occupancy Estimation

• Adapt decision-tree–based domain-adaptation methods for real-world occupancy estimation

scenarios.

• Develop an imbalance-aware variant (IMB-SER) of the DA framework to improve minority-

class performance while preserving overall accuracy.

• Integrate explainability mechanisms using rule comparison and SHAP analyses to ensure

transparent and auditable behavior under distribution shift.

• Demonstrate consistent improvements over state-of-the-art tree-based domain-adaptation base-

lines, validating the effectiveness of imbalance-aware transfer learning for OE.

This research has been published in the Journal of Building Engineering [34].
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1.4.2 Explainable Domain Adaptation without Source Data for Activity Recognition

• Develop a source-free domain-adaptation framework that operates without accessing source

data, ensuring full privacy preservation.

• Augment target samples using soft and hard predictions from a pretrained source model to

support effective cross-domain transfer.

• Integrate entropy and top-class margin as adaptation features to improve robustness under

class-distribution and covariate shifts.

• Demonstrate strong cross-domain generalization using interpretable rule-based models suit-

able for real-world deployment.

This research has been published in the Building Simulation Conference 2025 [111].

1.4.3 Semi-Supervised Mixture of Probabilistic Principal Component Analyzers for

Modeling Human Behavior

• Reformulate MPPCA as a neural architecture (NN-MPPCA) optimized through backpropa-

gation rather than Expectation–Maximization.

• Develop a semi-supervised training pipeline enabling pretraining on unlabeled data and effi-

cient few-label fine-tuning.

• Introduce a weight-swapping alignment strategy to correct cluster-label mismatches during

supervised adaptation.

• Demonstrate strong label efficiency and improved performance across activity recognition

and occupancy estimation tasks.

This research has been published in the Journal of Energy and Buildings [35].
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1.4.4 Probabilistic Hypothesis Anchored Domain Adaptation for Modeling Human

Behavior

• Extend Semi-MPPCA into a source-free unsupervised domain-adaptation framework for ac-

tivity recognition and occupancy estimation.

• Transfer the source hypothesis using information maximization and pseudo-label refinement

without requiring access to source-domain data.

• Introduce a component-anchor alignment mechanism to preserve mixture geometry and pre-

vent feature drift during adaptation.

• Demonstrate superior performance under severe domain shift and validate the role of anchors

through ablation studies.

This research has been submitted to the ACM Buildsys 2026 conference.

1.5 Thesis overview

This section outlines the structure and scope of the thesis and guides the reader to the relevant

chapters.

• Chapter 1: Introduction

Motivates the need for behavior-aware, energy-efficient building analytics, formulates the re-

search problem, surveys the state of the art in occupancy estimation (OE), activity recognition

(AR), domain adaptation, handling imbalance data and explainable AI, and concludes with a

summary of the thesis contributions.

• Chapter 2: Explainable Domain Adaptation for Imbalanced Occupancy Estimation

Introduces IMB-SER, an decision-tree based domain adaptation method adapted to handle

imbalanced data. The chapter includes a comparative evaluation between our adapted method

and state-of-the-art tree-based domain-adaptation models, and explainability analyses used to

evaluate robustness under domain shift.
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• Chapter 3: Explainable Source-Free Domain Adaptation for Activity Recognition

Presents UTA-DT, a privacy-preserving domain-adaptation framework that operates without

accessing the source data. The chapter describes the feature-augmentation strategy based on

predictions and uncertainty cues, followed by cross-domain evaluation and rule-based inter-

pretability analysis.

• Chapter 4: Semi-Supervised Mixture of Probabilistic Principal Component Analyzers

for Modeling Human Behavior

Introduces the Semi-MPPCA framework, including the NN-MPPCA architecture finetuned

with very limited labeled data in a semi-supervised manner, and a novel cluster–label align-

ment mechanism. The chapter evaluates the method across OE and AR tasks, demonstrating

label efficiency and strong generalization.

• Chapter 5: Probabilistic Hypothesis-Anchored Domain Adaptation

Extends Semi-MPPCA into PHADA, a source-free unsupervised domain-adaptation frame-

work. The chapter presents the adapted source hypothesis transfer strategy with an innovative

component-anchor alignment mechanism, extensive experiments under severe domain shift,

and evaluates performance against state-of-the-art unsupervised models and ablation studies.

• Chapter 6: Conclusion

Summarizes the main findings, reflects on limitations, and outlines future research directions

for explainable, label-efficient, and privacy-preserving domain adaptation in smart-building

environments.
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Chapter 2

Explainable Domain Adaptation for

Imbalanced Occupancy Estimation

The challenges outlined in Chapter 1 highlight the need for domain-adaptation methods that are

not only effective but also interpretable and aligned with real deployment constraints in smart build-

ings. In particular, occupancy estimation systems often suffer from pronounced class imbalance

and distribution shift between buildings, which degrade the performance of conventional supervised

models. Moreover, most existing domain-adaptation methods for smart-building analytics rely on

opaque, black-box models that offer limited interpretability and poor suitability for real deployment.

To address these issues, this chapter proposes an imbalance-aware, explainable domain-adaptation

framework based on decision trees, validated against state-of-the-art tree-based domain adaptation

models.

2.1 Introduction

Today, there is an increasing emphasis on energy management, driven by the rising demand

for energy, especially within the building industry. Globally, buildings represent a significant por-

tion of total energy consumption, surpassing the combined energy footprint of all transportation

modes [112–114]. They also contribute significantly, accounting for around 30% of greenhouse

gas emissions [115–117]. Given the escalating energy expenses [41] and the escalating impacts
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Figure 2.1: Number of studies that used machine learning in the building sector over the past twenty
years [1]

of global climate change, enhancing the energy efficiency of buildings has emerged as a critical

imperative. The advent of IoT has propelled the concept of smart buildings to the forefront, lever-

aging sensor technology to monitor and optimize energy usage [118]. This surge in interest has

catalyzed a proliferation of research endeavors, notably since 2012, investigating the application of

machine learning methodologies within the realm of buildings as shown in Figure 1.1 [1]. Recently

researchers have started to focus more on occupancy estimation as it is very helpful in energy ef-

ficiency systems [21, 119, 120]. However, challenges persist in accurately estimating occupancy

levels, as conventional methods such as sensor-based or camera imaging techniques face limitations

concerning communication bandwidth and privacy concerns and counting gates are expensive to

deploy at room level inside a whole building[112, 121]. Consequently, the precise and efficient

estimation of occupancy emerges as a pivotal challenge in the realization of smart buildings.

Most of the previous research employs conventional supervised machine learning algorithms

[21] and has a common assumption: both the training and testing datasets are sourced from identical

environments and follow the same distributions [31, 44]. Nonetheless, within the field of occupancy

estimation, a model trained within a particular room may exhibit suboptimal performance when

applied to another room within the same building, attributable to disparities in environmental con-

ditions. For instance, variations in window count between rooms could influence the light intensity

or the spatial configuration of the sensors across distinct room environments may exert unintended
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effects on the acquired data. This phenomenon is commonly referred to as domain shift [122]. The

ideal course of action entails the acquisition of new data. However, procuring labeled data often

proves to be time-consuming, costly, or infeasible [122]. Consequently, we should devise method-

ologies that leverage existing knowledge from analogous model domains [21]. In such contexts,

Domain Adaptation (DA) emerges as a valuable tool for mitigating these challenges. DA ensures

that the model can generalize across different environmental conditions and accurately estimate oc-

cupancy levels in various building rooms. Another issue is a severe class imbalance in occupancy

estimation datasets[54, 123], which detrimentally impacts the model performance. Class imbalance

occurs when one class greatly outweighs the other, leading to skewed predictive behavior. In occu-

pancy estimation, where the dominant label represents the absence of occupancy due to its sporadic

nature, the model may be biased towards predicting ’absence’ in all instances, hindering its accu-

racy in capturing occupancy variations. Recent research on DA has been predominantly centered on

deep learning [120, 124]. Nonetheless, there is a growing recognition of the dangers associated with

black box models within the research community [125]. Their opacity makes it challenging to inter-

pret their decisions and understand the underlying mechanisms driving their predictions. This lack

of transparency can engender various issues including biased results, untraceable decision-making

processes, and obstacles in identifying and rectifying errors or biases.

In this study, we aim to solve the mentioned problems through the adoption of DA method-

ologies utilizing Decision Trees (DT). This choice is motivated by DTs’ capacity to generate in-

terpretable rules, while also demonstrating comparable, if not superior, accuracy compared to deep

learning models [121]. Notably, DT models are extensively optimized, evidenced by their sustained

performance over the past four decades despite continuous efforts to refine them [126]. Further-

more, DTs exhibit rapid training and testing times, [127], further bolstering their appeal.

We conducted a comparative analysis of DA approaches using decision trees. Initially, we

implemented the SER algorithm, which applies expansion and reduction to adapt a decision tree

pre-trained on source data to target data, along with its variant SER*, aimed at enhancing minority

class representation [54]. We also explored STRUT, which utilizes divergence gain for transfer,

and its extension STRUT* for imbalanced data [54]. Additionally, we evaluated GOSDT-DA [126],

a framework optimized for class imbalance, and SER-STRUT [49], a random forest method that
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leverages divergence measures such as Jensen-Shannon and Kullback-Leibler. To address class

imbalances more effectively, we incorporated resampling techniques including SMOTE, Cluster-

Centroids, and SMOTETOMEK into our models. These methods were benchmarked against a

baseline model using a decision tree trained on limited target domain data, providing a foundation

for evaluating the effectiveness of our DA strategies.

In this chapter, we made several contributions:

• Adaptation of existing methodologies to effectively handle datasets about Occupancy Esti-

mation.

• Modification of the structure of the DA Decision Tree architecture to accommodate imbal-

anced datasets.

• Integration of Explainable AI techniques to elucidate the model’s behavior on test data and to

evaluate similarity.

• Attainment of favorable outcomes, surpassing the accuracy of models without domain adap-

tation.

The subsequent sections of this chapter are structured into four distinct parts. Section II is

dedicated to conducting a comprehensive literature review. In Section III, we delve into a detailed

discourse on the algorithms of the different approaches under consideration and we discuss the

experimental setups and resultant findings in Section IV. Section V encapsulates the conclusions

drawn from our study, as well as an outline of potential future research directions.

2.2 Considered methods

Occupancy information, particularly occupancy detection, and estimation, is instrumental in

mitigating building energy consumption [21, 128]. By leveraging this insight, smart buildings can

strategically manage energy usage by deactivating electrical loads in vacated areas [129], thereby

optimizing energy consumption dynamics [59]. Furthermore, smart buildings can reduce the peak

energy demand by tailoring the HVAC energy distribution of individual zones based on occupancy
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[68]. For example, areas with higher occupancy generating more heat may require more cooling,

while areas with fewer occupants or lower thermal loads may need less cooling [128]. Despite

the potential benefits of leveraging historical smart building data for occupancy prediction, a no-

table limitation arises from its sparse availability [129]. Consequently, our objective is to establish

a minimally intrusive method for occupancy monitoring, such as leveraging existing building in-

frastructure sensor data, while concurrently refining techniques for enhancing OE accuracy through

knowledge transfer from a comprehensive labeled source model. Subsequently, smart buildings

can dynamically adjust heating, lighting, ventilation, and HVAC system settings to optimize energy

distribution and consumption [59].

In this section, we provide a comprehensive overview of the selected methodologies, including

SER, SER* , STRUT, STRUT*, SER-STRUT [49, 54] and GOSDT [126]. We also present our

modified version of SER: IMB-SER variants. Alterations have been made to the algorithms to

accommodate imbalanced datasets, and efforts have been made to elucidate the models’ behavior

through eXplainable Artificial Intelligence (XAI) techniques.

2.2.1 Structure Expansion/Reduction (SER)

The Structure Expansion/Reduction (SER) algorithm entails two iterative procedures aimed at

adjusting a decision tree (DT) to better fit target data. Initially, a DT is trained on the source

data, denoted as SS . The expansion phase involves refining the DT rules to accommodate the

characteristics of the target data, ST . Specifically, each leaf node of the DT is expanded into a

subtree using the subset of the target data that corresponds to that leaf. This subtree construction

utilizes the CART algorithm on the relevant target data. Subsequently, the reduction phase assesses

each internal node of the DT for potential simplification and to avoid overfitting. Here, the leaf

error and subtree error metrics are computed. The leaf error signifies the classification accuracy if a

leaf were to be pruned from the tree, while the subtree error quantifies the classification error of the

subtree rooted at a given internal node. If the leaf error is lower than the subtree error, indicating

a more accurate classification, the subtree is pruned into a leaf node. This iterative process iterates

recursively through the DT, progressively refining its structure to better align with the target data.

The SER algorithm is structured to prioritize expansions before reductions, a design choice
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that effectively serves as a form of regularization. This approach maintains the resulting target

model closer to the source model than it would if reductions were conducted prior to expansions.

A decision tree can be represented as a disjunctive normal form (DNF) formula, where each rule

corresponds to a conjunction of literals along a root-to-leaf path. Upon applying SER, if a path

u0 is generated from another path u through expansion, or reduction, we denote the resulting rule

as TT , and the original rule as TS . If TT expands TS , then TT satisfies TS , meaning any instance

satisfying TT also satisfies TS . Conversely, if TT reduces TS , then TS satisfies TT . This order of

operations ensures that for any transformed rule TT , there exists an original rule TS , such that either

TT satisfies TS or vice versa. This property is particularly advantageous for localized refinements or

generalizations, fostering consistency with the original model. Conversely, conducting reductions

before expansions may lead to divergence from the source model. The framework is suitable for both

binary and multi-class classification tasks. The algorithm’s pseudo-code is outlined in Algorithm 1.

Algorithm 1 SER
INPUT: Node v, Labeled samples Sv

OUTPUT: Node v
Procedure SER (v, Sv) :

1: % Expansion of Leaves
2: if v is a leaf then
3: v ← BUILDTREE(Sv)
4: return v
5: end if
6: % Recursive calls over child nodes
7: SER(vr, Svr )
8: SER(vl, Svl)
9: % Reduction of current node

10: if LeafError(v, Sv) ≤ subtreeError(v, Sv) then
11: v ← PRUNE(v)
12: depth(v)← 0
13: Y(v)← (argmaxy |{(.,Y) ∈ Sv}|)
14: end if
15: return v

2.2.2 SER*

SER* is an advanced modification of the Structured Expansion Reduction (SER) algorithm, tai-

lored specifically to address challenges associated with leaf loss in scenarios where target data for
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a class is sparse, potentially leading to unfavorable pruning outcomes. The SER* methodology en-

hances the conventional SER framework by focusing on the reduction step, crucial in DA processes.

This modified approach strategically avoids pruning any source leaf that represents a minority class,

thereby ensuring their retention in the model developed from the DA process. Conversely, it permits

the expansion phase to adjust to any changes in the majority class as determined by the target data.

This deliberate preservation of minority class leaves counters the inherent bias towards the major-

ity class typically induced by imbalanced datasets. By implementing this strategy, SER* aims to

balance the scales, potentially compensating for one bias with another, to enhance the fairness and

effectiveness of the model in diverse application scenarios. This nuanced approach to handling class

imbalances during the DA process is crucial for developing robust predictive models that maintain

high interpretability and reliability in practical applications.

2.2.3 Structure Transfer (STRUT)

The Structure Transfer (STRUT) algorithm operates in a top-down manner, traversing the de-

cision tree from the root to the leaves. At each node, the algorithm assesses whether the node is

reachable by examining the target data that reaches it. If a node is unreachable, it is pruned into a

leaf; otherwise, the algorithm recalculates the threshold for that node based on the target data. The

threshold selection process is based on an optimization problem aiming to maximize the divergence

gain (DG), which measures the similarity between previous class distributions while ensuring a lo-

cal maximum of the information gain (IG), measured by the Gini gain. This procedure involves

identifying a new threshold for a node using a set of ordered distinct feature values of instances of

the target data. The selected threshold maximizes the DG, subject to constraints that enforce a local

maximum of the IG. The pseudo-code for STRUT is presented in Algorithm 2. STRUT accounts for

label swaps between the source and target domains during threshold selection, ensuring flexibility in

adapting to changes in feature meaning. The algorithm’s design is motivated by the observation that

decision trees for similar problems should exhibit structural similarity, despite potential differences

in feature scales and thresholds. By adapting the decision tree trained on source samples to target

samples, STRUT captures possible transformations to maintain consistency with the original model
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while accommodating drifts and label swaps in the target domain. To achieve this, STRUT formu-

lates threshold selection as an optimization problem, maximizing DG while ensuring informative

thresholds that align with the original distributions calculated during tree induction.

Algorithm 2 STRUT
Procedure STRUT(v, Sv) :

1: if |Sv| = 0 then
2: v ← PRUNE(v) ▷ Return pruned node
3: return v
4: end if
5: if v is a leaf then
6: v ← CHANGELEAFVALUE(Sv) ▷ Update leaf value
7: return v
8: else
9: v ← THRESHOLDSELECTION(ϕv, Sv, Q

l
Sv
, Qr

Sv
)

10: STRUT(vr, Svr ) ▷ Recursive call for right child
11: STRUT(vl, Svl) ▷ Recursive call for left child
12: end if
13: return v

2.2.4 STRUT*

STRUT*, an extension of the STRUT algorithm, addresses the challenges posed by changes

in class ratios that are not adequately handled by the divergence gain (DG) used in the original

STRUT method. To overcome this limitation, STRUT* incorporates an approach where the op-

timization problem bypasses the use of DG. Instead, it updates thresholds by recalculating the

maximum Gini gain on the target data while retaining the same features. Furthermore, STRUT*

is designed to effectively manage homogeneous class imbalance transformations. It modifies the

divergence optimization process by replacing terms with a formulation that acknowledges class-

specific adjustments. Specifically, for each class k, the modified quantities Ql
Sv

and Qr
Sv

are re-

calculated to reflect the weighted contributions of classes based on their presence in the target data

relative to the source. This adjustment ensures that if the class proportions are preserved between

the source and target datasets, the algorithm simplifies back to the original STRUT configuration,

illustrating that STRUT* is a generalization that enhances STRUT’s applicability to more complex

and varied data distributions. This strategic extension allows STRUT* to maintain the robustness of
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the model under varying class imbalances, promoting greater adaptability and effectiveness in DA

applications.

2.2.5 SERSTRUT

[49] introduced a mixture model aimed at harnessing the complementary strengths of both the

Structure Expansion and Reduction (SER) and Structure Transfer (STRUT) algorithms. Specif-

ically, [49] construct two separate forests using SER and STRUT, respectively, leveraging their

distinct strategies for transferring knowledge across domains. Subsequently, [49] defines a mixture

model, denoted as SER-STRUT, which serves as a voting ensemble mechanism. The underly-

ing model of SER-STRUT comprises the union of all decision trees generated by both SER and

STRUT. SER-STRUT employs a straightforward yet effective strategy of majority voting, aggre-

gating predictions from all transferred decision trees. This ensemble approach capitalizes on the

diverse perspectives offered by SER and STRUT, effectively integrating their outputs to enhance

the robustness and generalization capability of the final model.

2.2.6 Simple GOSDT-DA (GOSDT)

The optimization of the Generalized Optimal Sparse Decision Tree (GOSDT) model, which

aligns closely with Optimal Sparse Decision Trees (OSDT), is proposed by [126]. Conversely,

for additive loss functions, the GOSDT model, incorporating dynamic programming with bounds

(DPB), demonstrates significant computational efficiency gains. Like conventional dynamic pro-

gramming approaches, GOSDT decomposes problems into smaller subproblems, which are either

recursively solved or processed in parallel. GOSDT employs two central data structures: a priority

queue for managing problem scheduling and a dependency graph for tracking inter-problem depen-

dencies. Each problem is classified as either a left or right branch, denoted as plj or prj , respectively,

reflecting its association with a specific feature j.

Furthermore, GOSDT introduces the Incremental Similar Support Bound (ISSB), a novel bound

that quantifies the discrepancy in support between decision trees with similar root nodes. ISSB

enables comparison between child trees grown from analogous branches, bounding the difference

in their objective values. Mathematically, ISSB involves computing the maximum support within
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the split nodes of two trees and bounding the absolute difference in their objective values based

on this support. For trees d and D, differing only by their root nodes, such that the support going

to their left and right branches varies by at most ω fraction of observations, Suncertain, defined as

max(supp(dsplit), supp(Dsplit)), plays a crucial role. The absolute difference between objective

values of any child trees d0 and D0 grown from d and D, respectively, is bounded by (ω+2Suncertain)·

max. Unlike similar support bounds in other algorithms, ISSB arises from the shared support sets of

descendants σ(d) and σ(D), allowing simultaneous updates of their upper and lower bounds. This

bound is particularly advantageous for data with continuous variables, facilitating reuse of prior

computations to quickly produce tight upper and lower bounds.

|R(d0, x, y)−R(D0, x, y)| ≤ (ω + 2Suncertain) ·max (7)

GOSDT leverages a dependency graph framework. At the core of GOSDT lies the concept

of asynchronous bound updates, where objective values are computed independently and asyn-

chronously, allowing for efficient propagation of updates through the graph. This approach ac-

celerates decision-making by prioritizing high-priority updates, ensuring that bounds are promptly

recalculated and propagated to ancestor nodes. Mathematically, this process involves computing

the minimum objective value for each problem in the graph hierarchically, aggregating minimum

objectives over child problems to derive the optimal tree structure as follows:

R∗(p) = min
j

(R∗(pjl) +R∗(pjr)) (8)

In addition, GOSDT incorporates fast selective vector sums to expedite computations of subset

sums within vectors. By precomputing prefix sum vectors and leveraging the prefix sum trick dur-

ing calculations, GOSDT significantly accelerates decision tree construction and evaluation. This

technique optimizes operations by converting linear time calculations into constant time operations,

enhancing the efficiency of the algorithm. The utilization of fast selective vector sums facilitates

rapid assessment of support sets and bounds, streamlining the optimization process. The formula

for the upper bound is as follows:

28



ub = λ+min

(∑
u s

−u
uz∑

u s
+u
uz

)
(9)

2.2.7 IMB-SER: our variant of the SER algorithm to deal with imbalance

While the SER algorithm exhibited commendable performance overall, it remained susceptible

to producing suboptimal results, particularly concerning imbalanced classes. SER* did not provide

improved results on our real-world OE dataset. In an effort to enhance its efficacy, we embarked

on a systematic exploration of various imbalance techniques. These included oversampling, un-

dersampling, and combined over-undersampling methods, namely SMOTE, ClusterCentroids, and

SMOTETomek, to better address the disparity in class distribution:

• SMOTE (Synthetic Minority Over-sampling Technique) enhances the minority class repre-

sentation by generating synthetic samples. It operates by selecting instances that are close

within the feature space, drawing lines between these instances, and synthesizing new sam-

ples along these lines. This approach helps to bolster the minority class presence effectively

without significant information loss.

• ClusterCentroids reduces the size of the majority class by creating representative centroids.

It applies a clustering algorithm, such as k-means, to the majority class instances and uses

the centroids of these clusters as the new representatives, thereby achieving a more balanced

dataset through undersampling.

• SMOTETomek integrates the SMOTE technique with Tomek links to refine class balance

further. While SMOTE augments the minority class with synthetic instances, Tomek links

are used to remove overlapping samples between classes. This dual strategy enhances the

classifier’s decision boundaries and overall performance in handling minority classes.

Subsequently, we conducted a comprehensive comparative analysis to evaluate the effectiveness of

these techniques in mitigating class imbalances. Furthermore, we introduced a different approach

to post-pruning the decision trees, instead of the conventional leaf error pruning method employed

in the original SER algorithm. Our proposed pruning strategy leverages cost-complexity pruning, a
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technique renowned for its ability to optimize decision tree structures by controlling model complex-

ity. Through these methodological refinements, we aim to bolster the robustness and performance

of the SER algorithm, particularly in scenarios characterized by imbalanced class distributions.

Cost complexity pruning, a key component of decision tree optimization, involves adjusting

the tree structure based on the cost complexity parameter, denoted as α. This parameter controls

the trade-off between model complexity and accuracy by penalizing the addition of nodes to the

tree. The path variable obtained from α yields two essential elements: α, representing a range

of minimum leaf values for the decision tree, and impurities, indicating the impurity levels at each

decision tree node. These values guide the selection of the optimal α parameter, which influences the

creation of different decision tree classifiers. By iterating over various α values and training decision

tree classifiers with different complexities, we can construct a collection of models. Ultimately, the

α parameter helps in determining the appropriate level of tree complexity, thereby enhancing the

model’s generalization performance and mitigating the risk of overfitting.

In response to the challenges posed by the real-world occupancy estimation dataset, our en-

hancements to the SER method - including the integration of class imbalance strategies and a revised

pruning technique - were designed to improve model performance. Furthermore, to increase the in-

terpretability of our adapted models and elucidate their behavior on unseen data, we incorporated the

SHAP (Shapley Additive exPlanations) methodology. This integration allows for a detailed analysis

of feature contributions, thereby ensuring that the models are both effective and transparent, which

is crucial for their application in smart building environments.

2.3 Experimental setup and results

2.3.1 Research workflow

In the domain of academic research, adhering to a structured workflow is crucial to the suc-

cessful execution of scholarly endeavors. Such a workflow encompasses a series of methodical

steps, beginning with the identification and articulation of the research problem. Through an ex-

tensive review of the literature, we embarked on a comprehensive exploration of existing knowl-

edge, identifying pertinent gaps within the domain of imbalanced Occupancy Estimation, based
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on domain adaptation. Subsequently, meticulous attention was devoted to method selection, en-

suring alignment with the research objectives, scope, and the complexities inherent in the datasets.

Rigorous preprocessing techniques were then applied to our Occupancy Estimation (OE) datasets,

encompassing data cleansing, re-structuring, and refinement, supplemented by feature engineer-

ing methodologies. Following this preparatory phase, we performed data exploration and analysis,

aimed at unraveling underlying patterns and insights embedded within the datasets. We have then

adapted the selected methodologies to fit our datasets and enhancements were pursued iteratively to

optimize model performance. The adapted models were evaluated, and augmented by endeavors to

elucidate the underlying decision-making mechanisms through Explainable Artificial Intelligence

(XAI). Finally, comprehensive discussions of the findings ensued, accompanied by the identifica-

tion of avenues for future work endeavors. These methodological stages are summarized in Figure

2 for clarity and reference.

Figure 2.2: Research Workflow
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2.3.2 Datasets

Supervised domain adaptation methods facilitate the transfer of knowledge from a source do-

main, typically rich in labeled data, to a target domain with limited data samples, effectively align-

ing related but dissimilar domains. Our evaluation of Domain Adaptation of Occupancy Estimation

(OE) models utilizes proprietary datasets [19–21, 121] obtained from offices at the Grenoble Insti-

tute of Technology. These datasets, collected using ambient sensors, encompass both source and

target domains observed within work offices (H355 and H358). The datasets assess levels of occu-

pancy, including no occupant, one occupant, and two occupants, with the H358 dataset comprising

20 days of labeled data leading to 1440 data instances and the H355 dataset containing 6 days of la-

beled data resulting in 1068 data instances. The spatial distribution of the utilized sensors in the two

offices is depicted below. The sensor network setup includes two video cameras for recording real

occupancy numbers, an ambiance sensor network measuring temperature, motion, CO2 concentra-

tion, power consumption, door and window contact, and acoustic pressure from a microphone. Data

are transmitted via the ENOCEAN protocol upon significant value change events to a centralized

database with a web application for continuous data retrieval from various sources. In this chapter,

office H358 has been used as the source environment while office H355 has been used as the target

domain.

2.3.3 Experimental Setup

In this study, we utilized decision tree-based domain adaptation models with a specific empha-

sis on extracting interpretable if-else rules. To enhance the interpretability of the models, we con-

strained the maximum depth of the decision trees to three. For both the SER and STRUT algorithms,

we have set the min impurity decrease parameter to 0, thereby facilitating aggressive splitting. This

approach permits nodes in the decision tree to be partitioned without restraint based on any marginal

reduction in impurity, irrespective of its magnitude. Consequently, this may yield a more intricate

and deeper tree structure characterized by numerous splits. Although this aggressive splitting strat-

egy might potentially lead to overfitting, it is deemed acceptable in this case, as we subsequently

implement pruning techniques to mitigate any resulting overfitting effects. For GOSDT-DA, we
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have used the following parameters: regularization: 0.02, depth budget: 3, time limit: 60, simi-

lar support: False. Regularization penalizes the tree with more leaves. It is set to a relatively high

value to find a sparse tree. Moreover, the dataset exhibits an imbalanced class distribution, where

class 0 predominates as the majority class. A summary of label counts for both datasets is pro-

vided in Table 2, Figure 5, and Figure 6. To address this class imbalance, we employed imbalance

handling libraries available within Sci-kit Imbalanced Learn in our adapted IMB-SER variants.

Table 2.1: Label count

Class H355 H358
0 772 1045
1 192 177
2 104 218

(a) H358 label count (b) H355 label count

Figure 2.3: Label distribution for H358 and H355 datasets

2.3.4 Metrics

The most common evaluation metric, accuracy, quantifies the ratio of correctly predicted sam-

ples to the total number of samples, expressed as Eq. (10), where TP represents True Positive, TN

denotes True Negative, FP signifies False Positive, and FN indicates False Negative. However, one

of the focal points of this research is addressing the challenges posed by imbalanced data, where
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Figure 2.4: AUC-ROC Curve

unequal class distributions can potentially bias model performance and compromise its effective-

ness. In fact, accuracy alone may prove unreliable in imbalanced datasets due to its susceptibility to

skewing by the majority class. To address this, we employ precision, F1-score, and the ROC-AUC

curve as evaluation metrics. Precision, given by Eq. (11), is used to assess the proportion of cor-

rectly identified TP instances among all instances predicted as positive by a classification model,

providing insight into the model’s ability to avoid FP. The F1-score Eq. (14), incorporating both

FP and FN, offers a robust solution, particularly in scenarios of significant class imbalance, as it

provides a harmonic mean of precision and recall in a single metric, giving equal weight to both

measures. Moreover, the AUC-ROC curve provides a visual representation of a model’s perfor-

mance across different thresholds, showing the relationship between true positive rate (TPR) also

known as Recall, given by (12), and false positive rate (FPR) given by (13). ROC is a probability

curve and AUC represents the degree or measure of separability. The AUC represents the overall

discriminatory power of the model, covering the entire area under the ROC curve. The AUC-ROC

curve tells how much the model is capable of distinguishing between classes. Figure 5 represents a

graphical depiction of the AUC-ROC curve.

Accuracy =
TP + TN

TP + FP + TN + FN
(10)
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Precision =
TP

TP + FP
(11)

Recall / TPR =
TP

TP + FN
(12)

FPR =
FP

FP + TN
(13)

F1-score =
2× Precision× Recall

Precision + Recall
(14)

2.3.5 Experimental results

To ensure comparability and consistency across all evaluated models, we standardized the al-

location of the original dataset for testing purposes, reserving 25% of the entire dataset as the test

set. This test set comprises 267 instances, distributed among the classes as follows: 193 instances

belong to Class 0, 48 to Class 1, and 26 to Class 2. This structured approach allows for a uniform

evaluation framework, facilitating an unbiased comparison of model performance across different

classification strategies.

In the course of our experimental analysis, a critical decision involved determining the optimal

proportion of the target dataset to allocate for training purposes. An extensive analysis, illustrated

in Figure 6, was conducted to identify the minimal percentage of training data that would yield

superior performance in terms of AUC score for Structured Expansion Reduction (SER) as it is the

base for our variants, relative to the baseline model trained solely on target data which is referred

to as Base Model (T) throughout this chapter. Our findings indicate that 10% of the target dataset

constitutes this optimal threshold.

Throughout this section, we compare the performance of our models with the Base Model (T)

which is trained on 10% of the training set of the target domain, and the Base Model (S) which is

trained solely on the source data.
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Figure 2.5: Auc score vs percentage training set

2 class OE

Two-level occupancy estimation, akin to occupancy detection, simplifies the representation of

occupancy status into binary classes: class 0 indicating absence and class 1 indicating presence. The

Base Model (T), trained exclusively on target data, exhibited robust performance metrics, achieving

an accuracy of 89.89%, an F1-score of 90.27%, and an AUC of 84.26% as opposed to the Base

Model (S), trained solely on source data, registered considerably lower metrics with 78.65% accu-

racy, 83.32% F1-score, and a significantly diminished AUC of 62.32%. This disparity underscores

the challenges posed by the direct application of source-trained models to target datasets, highlight-

ing the impact of domain differences.

Furthermore, to compare our work with commonly employed generalizability methods, we ap-

plied K-Fold cross-validation to the base models. To identify the optimal value of K, we trained

the model using K values ranging from 2 to 11 and analyzed the resulting metrics. Interestingly,

we observed a decline in performance. This was particularly evident in the case of the 6-Fold Base

Model (S), where the model exhibited overfitting on the training data and underperformed on the
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test set, achieving an accuracy of 72.28%, an F1 score of 83.91%, and an AUC score of 50% but it

only predicted values for one class.

Exploring further into DA adaptations, the SER and STRUT models demonstrated variable effi-

cacy. SER maintained commendable performance levels with 89.14% accuracy, 88.59% F1-score,

and 82.49% AUC, suggesting effective mitigation of domain shifts. Conversely, STRUT lagged

with 83.15% accuracy, 80.90% F1-score, and 70.84% AUC, indicating that certain domain adapta-

tion frameworks may not uniformly benefit all facets of binary classification tasks. Noteworthy are

the modified variants, SER* and STRUT*, which displayed mixed results; SER* saw a decrement

in performance, whereas STRUT* depicted improvement, underscoring the significance of precise

parameter tuning and algorithmic adjustments within DA frameworks.

The hybrid SER-STRUT model mirrored SER’s performance metrics, suggesting limited dis-

tinct benefits from the integration in this binary setting. The GOSDT-DA model, employing a so-

phisticated decision tree algorithm, matched the high performance of the target-trained base model,

illustrating the potential of advanced tree structures in binary classification scenarios.

Diving deeper into imbalance handling strategies, the IMB-SER variants which incorporated

class imbalance techniques including SMOTE, ClusterCentroids, and SMOTETOMEK outshined

the other models. Notably, IMB-SER SMOTETOMEK achieved the highest accuracy of 93.63%,

an F1-score of 93.59%, and an AUC of 91.43%, attesting to the profound impact of sophisticated

sampling strategies in enhancing model robustness against class distribution skews. At the same

time, IMB-SER SMOTE has achieved the highest AUC score of 92.06%. These results highlight

the critical need for addressing class imbalance in training datasets to optimize the performance of

occupancy estimation models.

For comparative analysis, we incorporated several models from [19], which were trained on

datasets similar to ours, with comparable features, labels, and data distribution. The CAT (Cluster

Alignment with a Teacher) model, a domain adaptation technique that mitigates domain shift by

training a teacher model on source data to generate pseudo-labels and align class clusters across do-

mains, achieved an accuracy of 89.80% and an F1-score of 65.22%. The DSN (Domain Separation

Networks) method, which separates features into shared and domain-specific spaces to enhance do-

main generalization while isolating noise, exhibited a more modest performance with an accuracy of
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56% and an F1-score of 63.87%. The ATDOC+NC (Auxiliary Target Domain-Oriented Classifier

with Nearest Centroid Classifier) model, which leverages source-like instances in the target domain

using dynamic class centroids and a memory mechanism to generate high-confidence pseudo-labels,

showed strong performance with an accuracy of 88.68% and an F1-score of 90.57%. Notably, AUC

scores were not available for these models.

Table 2.2: 2 level Occupancy Estimation Performance Metrics

Method Accuracy F1-score AUC
Base Model (T) 89.89 90.27 84.26
Base Model (S) 78.65 83.32 62.32

5 Fold Base Model (T) 87.64 87.96 82.28
6 Fold Base Model (S) 72.28 83.91 50.00

SER 89.14 88.59 82.49
SER* 88.39 87.73 81.14

STRUT 83.15 80.90 70.84
STRUT* 86.89 88.03 77.60

SER-STRUT 89.14 88.59 82.49
GOSDT-DA 89.89 89.44 83.84

IMB-SER SMOTE 92.13 92.27 92.06
IMB-SER ClusterCentroids 91.39 91.61 86.96
IMB-SER SMOTETOMEK 93.63 93.59 91.43

CAT 89.80 65.22 -
DSN 56.00 63.87 -

ATDOC+NC 88.68 90.57 -

3 class OE

Three-level occupancy estimation assigns numerical values to represent the count of individuals

within a given area. In this scenario, class 0 signifies the absence of any individual, while class 1

indicates the presence of a single person. Class 2, on the other hand, denotes the occupancy of more

than one individual within the designated space. The experimental results, summarised in Table 4,

reveal variations in the performance of the different models evaluated for occupancy estimation.

In the comparative evaluation analysis of various DA models applied to a 3-level occupancy
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estimation task, our experimental results reveal notable distinctions in performance across differ-

ent methodologies and adaptations to class imbalance. The Base Models, trained solely on the

source (Base Model (S)) and target data (Base Model (T)), establish a foundational understanding

of domain disparities. Specifically, Base Model (T) outperforms Base Model (S) with accuracies of

77.90% vs. 64.79%, F1-scores of 76.39% vs. 65.80%, and AUCs of 83.43% vs. 73.60%, under-

scoring the challenge of direct domain transfer due to variances in data distribution. Direct domain

adaptation yields 78.28% accuracy and an Auc score of 83.71.

In this instance, the 5-Fold Base Model (S) and, notably, the 6-Fold Base Model (T) with an

accuracy of 80.52%, an F1-score of 80.71%, and an AUC score of 85.39%, demonstrate improved

performance compared to the base models, yielding results comparable to STRUT*. This enhance-

ment in performance may be attributed to the identification of more optimal parameters through

K-Fold cross-validation, which also likely mitigated the impact of data imbalance.

Enhanced methodologies such as SER (Structured Expansion Reduction) and STRUT (Struc-

tured Transfer Using Trees) demonstrate superior performance over base models, validating the

efficacy of DA in mitigating domain shifts. SER achieves an F1 score of 83.17% and an AUC

score of 87.36%. Notably, the combined SER-STRUT model which utilizes Random Forests and

integrates the strengths of both SER and STRUT approaches outperforms individual configurations,

achieving an accuracy of 84.27%, F1-score of 82.63%, and AUC of 88.20%, indicating that hybrid

DA frameworks can more effectively leverage cross-domain knowledge. Distinctively, the direct

domain adaptation using GOSDT yielded an accuracy of 85.77%, an F1-score of 86.48%, and an

AUC of 89.33%.

Further refinement is observed in models addressing class imbalance. IMB-SER variants, which

incorporate techniques like SMOTE, ClusterCentroids, and SMOTETOMEK, achieve the highest

performance metrics, with IMB-SER SMOTETOMEK standing out as the most effective approach,

illustrating the critical impact of sophisticated sampling strategies in enhancing model robustness

against skewed class distributions. IMB-SER ClusterCentroids achieves an accuracy of 87.06%,

F1-score of 86.78%, and AUC of 90.30%.

The models from [19] demonstrated inferior performance in the 3-class scenario when compared

to our proposed models. While the CAT model achieved a comparable accuracy of 89.80% relative
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to the domain adaptation methods that informed our approach, its F1-score was notably lower at

65.22%, indicating suboptimal precision and recall balance. Similarly, the DSN model recorded

an accuracy of 56% and an F1-score of 63.87%, reflecting limited effectiveness in this context. In

contrast, the ATDOC+NC model exhibited great performance, with a robust F1-score of 90.57%

and an accuracy of 88.68%, highlighting its superior ability to handle the 3-class classification task.

Collectively, these results underscore the importance of selecting and tuning domain adaptation

strategies according to specific domain characteristics and data distribution challenges, especially

in imbalanced settings. Moreover, the implementation of domain adaptation strategies to address

class imbalance is proven to enhance prediction accuracy and generalization across domains.

Table 2.3: 3 level Occupancy Estimation Performance Metrics

Method Accuracy F1-score AUC
Base Model (T) 77.90 76.39 83.43
Base Model (S) 64.79 65.80 73.60

6 Fold Base Model (T) 80.52 80.71 85.39
5 Fold Base Model (S) 66.66 64.31 75.00

SER 83.15 83.17 87.36
STRUT 82.77 84.88 87.08
SER* 81.65 81.76 86.24

STRUT* 80.52 78.21 85.39
SER-STRUT 84.27 82.63 88.20
GOSDT-DA 85.02 83.34 88.76

IMB-SER SMOTE 84.27 84.30 88.20
IMB-SER ClusterCentroids 85.77 86.48 89.33
IMB-SER SMOTETOMEK 85.02 85.03 88.76

CAT 72.40 66.67 -
DSN 34.80 57.01 -

ATDOC+NC 68.00 64.24 -

We conducted a comprehensive evaluation focusing on the Area Under the Curve (AUC) scores

for each class, a critical metric for performance assessment in imbalanced datasets. This analysis,

detailed in Figure 7, scrutinizes the performance of base models, the original SER (which serves

as the foundation for our enhancements), and the SER variants within a multiclass classification

framework. The AUC scores for individual classes provide significant insights into each model’s
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capability to handle class imbalances effectively. Additionally, the micro AUC scores, which con-

solidate the performance across all classes, demonstrate that all models exhibit commendable effec-

tiveness, with a progressive improvement observed from the base models to the more sophisticated

IMB-SER strategies. Notably, the increase in micro AUC scores as we move from the Base Model

(S) with 73.60 to IMB-SER ClusterCentroids with 89.33 underscores the effectiveness of incorpo-

rating advanced sampling techniques and DA to enhance overall prediction accuracy in the presence

of class imbalance.

Base model (S) exhibited moderate performance for Classes 0 and 2 (AUC of 0.77 for both), but

significantly underperformed for Class 1 (AUC of 0.50), suggesting challenges in accurately pre-

dicting this class likely due to its underrepresentation or inherent complexity in the source dataset.

In contrast, the Base model (T) displays improved performance across all classes, particularly for

Class 1 (AUC of 0.82), underscoring the benefits of the direct target domain training in enhancing

model accuracy. However, this model showed a decline in performance for Class 2 (AUC of 0.67),

potentially indicating overfitting or issues related to class imbalance in the target data. The appli-

cation of SER demonstrated the utility of combining source and target data, maintaining high AUC

scores for Classes 0 and 1 (0.88 and 0.77, respectively) and slightly improving the AUC for Class 2

(0.70) compared to the Base model (T). This highlights SER’s capability to leverage cross-domain

data to refine predictions.

The enhanced IMB-SER models demonstrate significant performance improvements by em-

ploying tailored resampling strategies to address class imbalance. The IMB-SER SMOTE model

effectively raises class 1’s AUC, maintaining robust scores for classes 0 and 2, illustrating the bene-

fits of synthetic minority oversampling in enriching the dataset. Conversely, the IMB-SER Cluster-

Centroids model boosts class 0’s AUC to 0.90 but sees a reduction for class 1 to 0.79, highlighting

potential drawbacks of undersampling which might omit critical data points. Nonetheless, it still

achieves the highest micro AUC score. The IMB-SER SMOTETOMEK model, combining SMOTE

with Tomek links to remove noisy instances, shows the highest improvements across all individual

classes, suggesting its effectiveness in managing complex class distributions and enhancing robust-

ness.

The comparison of confusion matrices for the Base Model (T), illustrated in Figure 8, and
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Figure 2.6: AUC scores for base models, SER and IMB-SER
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the IMB-SER SMOTETOMEK model, displayed in Figure 9, provides clear evidence of the lat-

ter’s enhanced performance across all classes. The IMB-SER SMOTETOMEK model significantly

improves classification accuracy for Class 0 by reducing misclassifications, indicating better gen-

eralization and effective handling of overlapping class characteristics. Although there is a slight

decrease in the number of correct predictions for Class 1, the model successfully lowers false pos-

itives, suggesting improved precision without a substantial compromise in sensitivity. For Class

2, both models show challenges with misclassifications, but IMB-SER SMOTETOMEK offers a

slight increase in correct predictions, reflecting its capability to subtly enhance recognition of this

less-represented class through advanced resampling and noise reduction strategies. Overall, the

IMB-SER SMOTETOMEK model demonstrates superior performance across all classes, effectively

reducing false positives and providing a more balanced approach to class representation. This en-

hancement makes it especially suitable for applications requiring accurate and reliable predictions

across varied class distributions.

(a) Confusion matrix Base Model (T) (b) Confusion matrix IMB-SER SMOTETOMEK

Figure 2.7: Comparison of confusion matrices for baseline and IMB-SER SMOTETOMEK models

2.3.6 Model Interpretability Discussion

The interpretability of decision rules is a critical factor in occupancy estimation applications

within smart buildings, as it reinforces stakeholders’ understanding and confidence in the predic-

tive capabilities of the models. Clearly defined and comprehensible decision rules are essential for
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straightforward validation and troubleshooting, enhancing the practical deployability of the mod-

els. In this research, our objective extends beyond achieving superior performance metrics such as

accuracy, F1-score, and AUC; we aim to develop models that generate decision rules that are con-

sistent with those derived from the base target model, thereby ensuring reliability and facilitating a

seamless transition to more sophisticated models without compromising stakeholder trust.

In this section, we perform a comparative analysis of the three-class classification scenario. In

pursuit of this goal, we retrained the Base Model (T) using the entire training dataset of the target

domain to observe the decision rules it would generate with comprehensive labeled data access. We

will refer to this model as the Base Model (Target) in the remaining sections of this chapter. This

model achieved an accuracy of 87.26%. Interestingly, our best-performing model, the IMB-SER

ClusterCentroids, produced decision rules that align closely with those generated by the base target

model trained on the full training dataset, particularly in terms of feature contribution. To enhance

model interpretability, we have intentionally restricted the depth of all our models to three levels.

This limitation inherently introduces a bias by only exposing the top-level feature contributions;

however, this constraint is a deliberate trade-off to prioritize explainability within our models. This

approach facilitates a clearer understanding of the decision-making processes, at the expense of

capturing more granular interactions among features.

The IMB-SER ClusterCentroids rules, illustrated in Figure 10, involve features such as Power,

RMS, and CO2. This model uses a mix of feature thresholds to define its classes. For instance,

it uses Power at two critical thresholds (27.875 and 40.323) to differentiate among the classes, in-

corporating both RMS and CO2 as secondary discriminative features. This suggests an attempt to

balance the influence of multiple features in determining class membership. The Base Model (Tar-

get), on the other hand, shows a more varied use of features across its rules which is illustrated in

Figure 11. It relies mainly on Power but also integrates Door Contact, CO2, and RMS in defining

class conditions. The use of Door Contact alongside Power across a range of conditions suggests

a model that is potentially capturing more complex interactions between features than what is seen

in the IMB-SER ClusterCentroids rules. In IMB-SER ClusterCentroids, the thresholds for Power

are higher compared to the Base Model (Target). This discrepancy may point to a fundamental dif-

ference in how each model perceives the influence of Power on occupancy estimation. IMB-SER
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ClusterCentroids might be capturing different stages of occupancy scenarios compared to the Base

Model (Target) as it trains only on 10% of the training set. Moreover, the Base Model (Target) uses

narrower slices of feature space (e.g., Power between 10.625 and 33.875), which might indicate

a finer-grained approach to partitioning the data based on these features. In contrast, IMB-SER

ClusterCentroids uses broader criteria, potentially making it less sensitive to minor variations in

feature values but possibly more robust to noise. Comparing the rules from the Base Model (S), il-

lustrated in Figure 12, reveals a strong reliance on the feature RMS across all its rules, with different

thresholds adjusting class decisions based on minor variations in RMS. This influence is somewhat

visible in the IMB-SER ClusterCentroids, where RMS also plays a critical role in defining classes,

in conjunction with other features. This could suggest that while the IMB-SER ClusterCentroids has

adopted a multidimensional approach to feature integration, the underlying impact of RMS observed

in the source model persists, affecting how thresholds and feature combinations are configured. We

can however notice that the threshold for RMS is higher in IMB-SER ClusterCentroids.

Interestingly, the decision rules generated by the Base Model (Target) and IMB-SER Cluster-

Centroids exhibit certain similarities when dissected by class. For Class 0, both models formulate

rules including Power and RMS. The Base Model (Target) introduces additional complexity by

incorporating Door Contact and CO2, conditions absent in the IMB-SER ClusterCentroids. Simpli-

fying the Base Model (Target) by disregarding Door Contact and CO2 aligns its rules more closely

with those of the IMB-SER ClusterCentroids, both indicating class 0 when Power and RMS are be-

low certain thresholds. For Class 1, the Base Model (Target)ś rules, when excluding Door Contact,

align with those of IMB-SER ClusterCentroids in terms of their reliance on thresholds for Power,

RMS, and CO2. Both models suggest class 1 for mid-range values of Power coupled with either

high RMS or CO2 is lower than a certain threshold, showcasing their sensitivity to these features

for classifying instances into Class 1. Class 2 rules show a direct comparison where both models

categorize observations as Class 2 based on high values of Power and CO2 if we disregard RMS

for IMB-SER ClusterCentroids. This indicates a consistent understanding across both models that

higher power usage combined with high carbon dioxide levels are indicative of Class 2 scenarios.

These observations underscore a fundamental alignment in the decision-making criteria between

the base and IMB-SER ClusterCentroids models, with variations primarily in feature complexity
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Figure 2.8: IMB-SER ClusterCentroids rules

Figure 2.9: Base model (Target) rules

and the threshold values utilized for classification. The comparative analysis suggests that while

both IMB-SER ClusterCentroids and Base Model (Target) effectively utilize a mix of features to

estimate occupancy, their strategies differ in terms of the complexity and specificity of the decision

boundaries. The influence of the Base Model (S) on IMB-SER ClusterCentroids is evident in the

continued importance of RMS, but with adaptations that reflect a more nuanced integration of ad-

ditional features to address class imbalance effectively. A tree representation of the rules generated

by the base model (Target) is shown in Figure 13.

To enhance our analysis of model explainability, we utilized SHAP values, which quantify the

contribution of each feature to the predictive outcome. The summary bar plot in Figure 14 delineates

the feature impacts across the different models under consideration. For this method, we did not

limit the depths of the trees so that we could get a more comprehensive and accurate understanding

of the behaviour of the models. This analysis reinforces our previous observations about feature

reliance in decision-making. Base Model (Target) utilizes a more balanced feature set, suggesting a
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Figure 2.10: Base model (S) rules

Figure 2.11: Base model (Target) tree representation

47



comprehensive analysis of the input space. The integration of Power alongside CO2, Temperature,

RMS, and Door Contact showcases the effective use of available features, which could enhance the

model’s accuracy and applicability in real-world scenarios. In the case of the Base Model (S), even

though we notice an over-reliance on RMS, we can observe that when we do not limit the depth,

the model is influenced by other features including Power, Temperature, and CO2. Nonetheless,

the contribution of RMS still significantly exceed the contribution of the other features. This might

indicate that the model is heavily biased towards features that were perhaps more discriminative in

the source domain but might not be as effective across different domains.

IMB-SER ClusterCentroids generated rules that focus on Power, RMS, CO2, and Temperature

like the Base Model (Target) highlighting these features as crucial determinants in classifying in-

stances. However, we can observe that in IMB-SER ClusterCentroids, there is no contribution of

Door Contact. This might be because no critical data points for the latter were captured in the 10%

of the target training data used. We can observe that the Base Model (S) is influencing IMB-SER

ClusterCentroids as the contribution of RMS in the latter is much higher compared to Base Model

(Target).

We can deduce that the IMB-SER ClusterCentroids and Base Models (Target) are potentially

more robust and generalizable compared to the Base Model (S). The SHAP value contribution of

multiple and similar features in the Target base model and IMB-SER Cluster Centroids indicate a

more sophisticated model that might perform better in practical applications. While for the Base

Model (S), a relatively high SHAP value for RMS suggests a high risk of overfitting to the noise or

specific patterns in the source data rather than generalizable trends.

Figure 2.12: Feature contribution comparisons

Moreover, we have used heatmaps to compare the behaviour of the Base Model (Target) and

IMB-SER ClusterCentroids on our test dataset, illustrated in Figures 15 and 16 respectively. The
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saturation of the colors indicates the magnitude of the impact. A more saturated red means a strong

positive impact, and a deeply saturated blue means a strong negative impact. By comparing the

saturation across rows, we can identify which features generally have the most substantial impact

on the model’s predictions. For instance, in both models, power seems to have a greater contribution

as it is of a darker color.

By looking at a single column across all features for one sample, we can understand the contri-

bution of each feature to that specific prediction. This can be particularly useful for understanding

model behavior in individual cases, which can help in troubleshooting or refining the model. For

example, analyzing the 25th test observation reveals that the Power feature significantly impacts

predictions for both the Base Model (Target) and IMB-SER ClusterCentroids. We can notice that

the Base Model (Target) displays a more subtle coloration across a broader range of contributing

features, indicating diverse feature influence. In contrast, the IMB-SER ClusterCentroids model

shows more intense colors, suggesting a more focused reliance on fewer key features. This ob-

servation highlights differences in how each model weights and integrates feature contributions to

determine outcomes.

Figure 2.13: Base Model (Target) vs IMB-SER Cluster Centroids Heatmap

The table 5 presents a side-by-side comparative analysis of various DA methods based on three

key criteria: Explainability, Performance, and Simplicity. STRUT and its variants (STRUT* and

SER-STRUT) show medium levels of explainability and simplicity, with varying levels of perfor-

mance, none of which reach the excellent mark. In contrast, while SER also scores high in explain-

ability and simplicity, its performance is high but not excellent. The GOSDT-DA method, though it
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achieves excellent performance, falls short in both explainability and simplicity, rated as low, which

could hinder its practical application despite its effectiveness.

IMB-SER exhibits superior performance, establishing it as the most effective method for achiev-

ing high-quality results. From an interpretability standpoint, IMB-SER excels by ensuring that the

outcomes are transparent and easily understood, which is essential for fostering trust and encourag-

ing adoption in practical applications. This transparency stems from its foundation in SER, allowing

us to trace decision rules from the source tree through their evolution into the target tree. This pro-

gression is analogous to the layers in neural network models, where the initial layers capture general

patterns and the later layers (comparable to the leaves in decision trees) refine the decision-making

process. However, in this case, the structure remains significantly clearer and more interpretable.

Moreover, IMB-SER maintains a high degree of simplicity, which not only facilitates a deep under-

standing of the model’s decision-making process but also makes the codebase more accessible for

future enhancements.

This analysis clearly positions IMB-SER as the most balanced and effective method, offering

superior performance without compromising on explainability or simplicity, making it a more robust

choice compared to the other methods evaluated.

Table 2.4: Comparison of DA methods

Method Explainability Performance Simplicity
SER High High High

STRUT Medium Low Medium
SER* High Medium Medium

STRUT* Medium Medium Medium
SER-STRUT Medium High Medium
GOSDT-DA Low Excellent Low
IMB-SER Excellent Excelllent High
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2.3.7 Contribution to Science

The contributions of this chapter in the realm of explainable domain adaptation for imbalanced

occupancy estimation are significant for advancing scientific understanding and practical applica-

tions in Building Management Systems (BMS), energy management optimization, and HVAC sys-

tems. Firstly, the chapter addresses the critical challenge of accurately estimating occupancy in

smart buildings, a key factor for energy efficiency. By employing domain adaptation methodolo-

gies tailored for imbalanced datasets and integrating explainable AI (XAI) techniques, the chapter

enhances the interpretability and robustness of occupancy estimation models.

The practical application of these methodologies in BMS and HVAC systems can lead to more

precise control of heating, ventilation, and air conditioning based on real-time occupancy data,

significantly optimizing energy usage and reducing operational costs. This is especially crucial in

larger buildings where energy expenditure is considerable. The use of decision trees in the proposed

domain adaptation approach, coupled with explainable AI, allows for the generation of clear, inter-

pretable models that facility managers can easily understand and trust, which is vital for real-world

applications.

Furthermore, the explainability aspect brought forth by XAI techniques such as SHAP (Shapley

Additive Explanations) enhances the trustworthiness and transparency of the models. This progress

in explainable AI not only helps in aligning with regulatory standards for AI systems but also ensures

that the stakeholders can understand the decision-making process of the models, leading to broader

acceptance and implementation of these technologies in sensitive environments like smart buildings.

Overall, by bridging the gap between advanced AI techniques and practical energy management

applications, this research pushes forward the frontiers of smart building technology, promoting

sustainability and efficiency in urban development.

2.4 Conclusion

This study systematically investigated and enhanced various explainable domain adaptation

methods to address challenges associated with model opacity, imbalanced datasets, and the scarcity
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of labeled data, which are prevalent in occupancy estimation datasets. We evaluated multiple es-

tablished approaches, including SER, STRUT, SER*, STRUT*, SER-STRUT, and GOSDT-DA.

Additionally, we developed a novel adaptation of SER, named IMB-SER, specifically designed

to manage data imbalance through techniques such as SMOTE, ClusterCentroids, and SMOTE-

TOMEK. Our empirical analyses demonstrate that the IMB-SER variants outperform traditional

methods across accuracy, F1-score, and AUC metrics, highlighting their effectiveness in providing

precise occupancy estimates while ensuring model interpretability. Notably, the IMB-SER SMOTE-

TOMEK model exhibited superior performance in binary classification tasks, while the IMB-SER

ClusterCentroids model slightly outperformed other variants in three-class classification scenarios.

An in-depth analysis of decision rules generated by each model in a three-class classification fur-

ther emphasized the significance of rule concordance, offering insights into how different domain

adaptation approaches formulate their predictions. Our findings suggest that the IMB-SER Cluster-

Centroids model not only enhances predictive performance but also aligns its decision rules closely

with those of a base model trained on target data using the entire training set. The prioritization of

model explainability was maintained through the integration of SHAP values, which is essential for

the operational deployment of these systems in smart buildings.

This research contributes significantly to explainable domain adaptation within smart building

applications, particularly for occupancy estimation by introducing innovative techniques for domain

adaptation, addressing imbalanced data, and enhancing model explainability. By adapting existing

domain adaptation methodologies to effectively handle datasets specific to occupancy estimation,

we addressed a critical gap in managing real-world smart building data and optimizing energy dis-

tribution and consumption. The modification of the DA Decision Tree architecture to effectively

handle imbalanced datasets represents a novel enhancement, improving the robustness and accu-

racy of domain adaptation models in these complex environments. Additionally, the integration of

Explainable AI (XAI) techniques is a key contribution, as it clarifies model behavior on test data and

provides a framework for assessing the similarity between different domain adaptation strategies and

original models. This integration ensures that the developed models are both high-performing and

interpretable, which is crucial for the deployment of intelligent systems in smart buildings. These

contributions pave the way for future research to apply these methodologies in broader settings,

52



potentially leading to further innovations in domain adaptation and the deployment of intelligent

systems across diverse real-world scenarios. Moving forward, we aim to explore the application

of these enhanced domain adaptation strategies across heterogeneous domains, thereby broadening

their applicability and demonstrating their adaptability. This direction holds promise for substantial

advancements in intelligent systems, underscoring the importance of transparent and interpretable

decision-making in diverse contexts.
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Chapter 3

Explainable Domain Adaptation without

Source Data for Activity Recognition

While Chapter 2 focuses on improving supervised domain adaptation under imbalance condi-

tions, many real-world scenarios impose a stricter constraint: the source data cannot be accessed

due to privacy or regulatory constraints. This motivates the need for source-free domain-adaptation

strategies capable of leveraging knowledge from pretrained models without having to access raw

source data. Building on the insights of Chapter 2, this chapter shifts the focus to activity recogni-

tion and proposes a privacy-preserving adaptation framework that operates solely on target-domain

data enriched with model-based uncertainty cues. This transition marks the next stage in broadening

the applicability of domain adaptation to more restrictive deployment contexts.

Introduction

Global energy consumption in buildings has reached unprecedented levels, with demand in-

creasingly outpacing efficiency improvements. According to [130], buildings are responsible for

approximately 32% of global energy use, and as reported by [131], HVAC systems alone account for

nearly 60% of this consumption. With ongoing population growth, urbanization, and technological

development, building energy demands are expected to rise further, underscoring the urgent need for

smarter energy management strategies. While constructing energy-efficient smart buildings offers
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one path forward, the majority of energy waste occurs in existing structures that dominate the global

building stock. For example, [132] reports that buildings constructed after 2009 in the EU consume

30–60% less energy than those built before 1990, highlighting the importance of retrofitting.

Activity Recognition (AR) has emerged as a promising approach to optimizing energy use in

existing buildings. [19] argue that AR improves HVAC efficiency by dynamically adjusting system

operations based on occupants’ real-time behavior, leading to lower energy consumption without

compromising comfort. By detecting whether occupants are active, resting, or absent, AR enables

intelligent adjustments of heating or cooling of HVAC systems when rooms are unoccupied or dur-

ing periods of inactivity, such as sleep, where less intense conditioning is required. It can also

automate the deactivation of non-essential devices or switch them to low-power mode while direct-

ing energy only to occupied zones based on the identified occupant usage of each space, thereby

optimizing overall energy distribution. For instance, when AR detects that an occupant is sleeping,

the HVAC system can reduce airflow or slightly adjust the temperature to save energy without affect-

ing comfort. In contrast, during active periods like exercising or working, the system can increase

ventilation or cooling accordingly. Lighting can also adjust accordingly, increasing brightness for

reading and dimming during passive activities like watching TV.

Traditionally, supervised machine learning has been employed for AR in the smart building

sector, where the model is trained with data collected in the same environment. [133] proposes to

use Random Forest to classify human activities in real time based on simple time-domain statisti-

cal features extracted from accelerometer data obtained from low-cost, low-power microcontrollers.

[134] proposed a skeleton-based activity recognition method using a fully connected deep LSTM

network, where a mixed-norm regularization was introduced to automatically learn co-occurrence

patterns among joints. One trending field of AI is computer vision. [135] proposes a human ac-

tivity recognition approach that leverages Convolutional Neural Networks (CNNs) to automatically

extract spatial features from video frames in the Weizmann dataset. By replacing manual feature

engineering with deep learning, the method achieves high classification accuracy using models like

VGG-16.

As noted by [21], many approaches face the persistent challenge of limited labeled data, due to

the high cost, time requirements, and privacy concerns of real-world annotation. Directly reusing
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a model trained in a label-rich source domain often yields poor results in new environments due

to domain shift—particularly covariate shift, where input feature distributions differ while label

relationships remain unchanged. For example, sensor data from two smart homes may vary due

to layout differences, despite similar activities. This misalignment can significantly degrade per-

formance. To address this, we adopt a Transfer Learning (TL) framework that leverages patterns

learned from a well-labeled source domain to improve performance in a low-label target domain.

Rather than training from scratch, TL promotes efficient learning and better generalization across

domains. For instance, [51] proposes Domain-Adaptive Decision Trees (DADT), which adjust in-

formation gain using estimated target distributions. [136] introduces SHOT, a source-free method

that freezes the source classifier and adapts the target encoder through information maximization

and pseudo-labeling, enabling alignment without access to source data.

While AR models have seen significant advances, previous works have largely overlooked the

critical aspect of model explainability. As a result, many AR systems function as black boxes, offer-

ing little to no insight into how specific predictions are made. This lack of transparency hampers our

ability to verify, validate and trust model outputs, particularly in real-world applications like smart

buildings where safety and reliability are paramount. Furthermore, as production data often differs

from training data, model performance can degrade over time, making it crucial to monitor the mod-

els to promote responsible AI. The absence of explainability also increases the risk of unintended

biases and errors, which can compromise the effectiveness of AR systems in sensitive environments

like smart buildings. To address these concerns, [34] introduced IMB-SER SMOTETOMEK, an

interpretable domain adaptation method based on decision trees that extends Structure Expansion

Reduction (SER) to manage imbalanced occupancy data. Similarly, [41] proposed ExKMC, an ex-

plainable K-means clustering algorithm that employs simple binary decision trees to enhance the

transparency of unsupervised clustering decisions.

While AR models have seen significant advances, they face two persistent limitations: (1) they

struggle to generalize across environments due to domain shift, and (2) they often lack transparency,

functioning as black-box models. These issues are especially problematic in real-world smart build-

ing deployments, where safety, reliability, and user trust are paramount. Although prior work in

domain adaptation addresses covariate shift or source-free adaptation, few approaches explicitly
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consider explainability during the transfer process. To address this gap, we aim to develop an inter-

pretable and data-efficient transfer learning framework for activity recognition that performs well

under domain shift while remaining transparent and practical for smart building deployment.

We propose a novel methodology named Uncertainty-aware Transfer via Augmentation for De-

cision Trees (UTA-DT) which leverages the human-readable decision rules, computational effi-

ciency, and robustness to outliers of decision trees. UTA-DT transfers knowledge from a pretrained

source model by augmenting target features with soft class probabilities, hard predictions, and un-

certainty cues such as entropy and top-class margin. These enriched features enable the decision

tree to learn interpretable and domain-adaptive rules without requiring access to source data. To

further enhance model transparency, we integrate both local and global explainability techniques.

Global explanations, such as tree visualizations and Partial Dependence Plots (PDPs), provide an

overarching view of how features influence predictions across the entire dataset, revealing consis-

tent decision patterns and feature importance. In contrast, local explanations, through decision path

tracing, allow us to interpret individual predictions by showing the specific rules and thresholds

that led to a particular outcome. Together, these techniques offer complementary insights: global

tools help assess model behavior at scale, while local tools support debugging, auditing, and under-

standing edge cases at the instance level. This layered approach allows us to verify the consistency,

robustness, and interpretability of UTA-DT’s decision-making process. The framework’s efficacy

is evaluated on benchmark datasets for Activity Recognition (AR), where it consistently achieves

high accuracy, significantly outperforming baseline models while enhancing the interpretability of

the transfer learning process. These results highlight the value of explainable models for fostering

user trust and supporting the deployment of more transparent and accountable Building Manage-

ment Systems (BMS). Indeed, the future of energy-efficient buildings lies not only in advanced

hardware but also in intelligent, behavior-aware systems. By integrating real-time activity recogni-

tion with energy control algorithms, our method achieves improved efficiency without the need for

human intervention.

The remainder of this chapter is structured as follows: Section 2 outlines the methodology,

Section 3 presents the results, and Section 4 discusses the key findings and their implications.

57



Key Innovations

• Proposes a novel tree-based domain adaptation method that augments target features with

soft/hard predictions and uncertainty from a pre-trained source model.

• Introduces entropy and top-class margin as domain adaptation features to improve perfor-

mance under class distribution and covariate shifts.

• Ensures privacy by relying solely on source model outputs, not raw data.

• Demonstrates strong performance on real-world activity recognition data, outperforming base-

line models.

Practical Implications

Our proposed method enables explainable and data-efficient transfer learning for multi-class

Activity Recognition problems by leveraging the interpretable nature of decision trees. It improves

generalization in low-label target domains, preserves privacy by using only source model outputs,

and provides explainability through global and local rule-based insights. This makes our model

ideal for high-stakes and resource-constrained environments like smart buildings.

3.1 Methodology

UTA-DT is a novel, interpretable domain adaptation framework based on decision trees. It is

designed to enable feature-based knowledge transfer from a label-rich source domain to a label-

scarce target domain while preserving data privacy and model interpretability.

3.1.1 Domain Adaptation

The UTA-DT framework begins with a frozen, pretrained decision tree model that has been

trained in a supervised manner on source domain data. Importantly, the raw source data is never

accessed during the transfer process, thereby preserving privacy which is a critical consideration in

contexts such as smart home environments where occupant data must remain protected. The source
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model serves as a knowledge-rich hypothesis from which transferable signals can be extracted and

leveraged in the target domain.

To enable domain adaptation, the source model is applied to each instance in the target domain to

generate soft class probabilities and hard predictions. From these, two additional uncertainty-aware

features are computed: Shannon entropy and prediction margin. These outputs are concatenated

with the original target features to form an enriched, uncertainty-aware representation that incorpo-

rates both target-specific information and latent knowledge from the source.

The augmented features used for transfer in UTA-DT are defined as follows:

(1) Soft predictions: The class probability distribution predicted by the source model for a given

input instance x:

p̂(x) = [p̂1(x), p̂2(x), . . . , p̂C(x)] ,

where p̂i(x) =
ni∑C
j=1 nj

(15)

Here, p̂i(x) denotes the predicted probability for class i, ni is the number of training sam-

ples of class i in the leaf node where x falls, and C is the total number of classes and the

denominator
∑C

j=1 nj : total number of samples in that leaf.

(2) Hard prediction: The predicted class label assigned to instance x, defined as the class with

the highest probability:

ŷ(x) = argmaxi p̂i(x) (16)

(3) Entropy: A scalar value measuring the uncertainty of the prediction, computed as the Shan-

non entropy of the soft prediction vector:

H(x) = −
C∑
i=1

p̂i(x) log(p̂i(x) + ε) (17)

where C is the total number of classes, pi is the predicted probability of class i and ε is a

small constant added for numerical stability to avoid log(0).

(4) Margin: The difference between the two highest predicted probabilities, serving as a proxy
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for model confidence:

M(x) = p̂(1)(x)− p̂(2)(x) (18)

where p(1) is the highest predicted class probability and p(2) represents the the second-highest

predicted probability. A larger value indicates a more confident classification.

The resulting augmented feature space is then used to train a decision tree classifier tailored

to the target domain. This enriched input enables the transferred model to capture not only local

patterns from the target data but also transferable knowledge reflecting the source model’s deci-

sion structure. As a result, the classifier can construct more accurate and generalizable decision

boundaries, even in settings where labeled target data is scarce. The methodology ensures align-

ment between training and inference pipelines, while preserving interpretability and supporting

data-efficient adaptation across domains.

A summary of the new number of features after doing the Augmentation is illustrated in Ta-

ble 3.1. The augmented feature space used in UTA-DT consists of the original input features d,

the soft class probabilities from the source model C, and three additional scalar features: the hard

prediction, entropy, and margin. This results in a total dimensionality of d + C + 3. For instance,

for one case in our experiments, we used d = 34 and C = 10, yielding a 47-dimensional input for

the transferred decision tree.

Table 3.1: Breakdown of the Augmented Feature Space in UTA-DT

Feature Type Symbolic Count Example Value
Original Features d 34
Soft Predictions C 10
Hard Prediction 1 1
Entropy 1 1
Margin 1 1
Total Features d+ C + 3 47

The pseudocode for the Transfer Learning part is shown in Algorithm 3.
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Algorithm 3 UTA-DT
1: procedure UTA-DT(Ms, Xt, yt)

2: for all x ∈ Xt do

3: p̂(x)←Ms.predict proba(x)

4: ŷ(x)←Ms.predict(x)

5: H(x)← −
∑

i p̂i(x) log(p̂i(x) + ε)

6: M(x)← p̂(1)(x)− p̂(2)(x)

7: xaug ← [x ∥ p̂(x) ∥ ŷ(x) ∥ H(x) ∥ M(x)]

8: end for

9: Mt ← DT(Xaug
t , yt)

10: end procedure

3.1.2 Explainable AI

To ensure transparency and interpretability in the transfer learning process, UTA-DT incorpo-

rates both global and local explainability techniques tailored to decision trees. As a naturally in-

terpretable model class, decision trees enable direct extraction of human-readable rules that govern

classification decisions. We leverage this property by applying global explanation methods such as

tree rule extraction and visualization, which allow for the inspection of full decision paths from root

to leaf. Additionally, Partial Dependence Plots (PDPs) are employed to assess the marginal effect

of individual features on the model’s predictions, helping to uncover consistent decision patterns

across the dataset.

We also implement local explanation methods to better understand how individual predictions

are made. Specifically, we trace the decision path taken by each instance through the tree, identi-

fying which feature thresholds led to its classification. Together, these explainability tools provide

a comprehensive view of UTA-DT’s behavior, facilitating debugging, model auditing, and stake-

holder trust in high-stakes domains like smart buildings. An overview of the UTA-DT methodology

is depicted in the flowchart presented in Figure 3.1.
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Figure 3.1: Illustrates the UTA-DT pipeline, beginning with limited target and frozen source model,
proceeding to model transfer through feature augmentation, and culminating in performance evalu-
ation and explainability via global and local XAI techniques.
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Experimental Set Up & Results

3.1.3 Datasets

We use the publicly available CASAS dataset, developed at Washington State University (WSU)

by [137] as part of the Center for Advanced Studies in Adaptive Systems. It contains real-world

recordings of activities of daily living (ADLs) in smart homes, captured via non-intrusive sensors

such as motion detectors, door contacts, temperature sensors, and light switches. Unlike proprietary

datasets collected in controlled settings, CASAS offers privacy-preserving, real-world data, making

it especially valuable for human activity recognition (HAR), smart home automation, and assistive

technologies.

Our experiments follow a domain adaptation setup using two CASAS subsets: HH101 as the

source domain and HH105 as the target. Both datasets provide labeled sensor event data from differ-

ent smart home environments, each with a single resident and unique layout and behavior patterns.

This setting reflects real-world deployment challenges where models must generalize across diverse

spaces and routines. Each instance is represented by spatial and behavioral features extracted from

sensor activations, including activity frequency and duration per space, activity complexity, area

transitions, and the number of distinct sensors triggered. Temporal features such as time of day and

day of the week were removed during preprocessing to avoid overfitting to environment-specific

routines and improve generalization.

Initial experiments focused on ten energy-relevant activities: Cooking Breakfast, Cooking Lunch,

Cooking Dinner, Eating, Toileting, Bathing, Sleeping, Relaxing, Dressing, and Watching TV. These

were selected for their routine frequency and distinct energy usage patterns. The task was then ex-

panded to twelve classes with Phone Use and Entertaining Guests, and later to fifteen with Washing

Dishes, Personal Hygiene, and Taking Morning Medications. This progressive expansion allowed

us to evaluate model robustness in increasingly complex scenarios involving a wider range of over-

lapping real-world activities.
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3.1.4 Metrics

For evaluation, we rely on two primary metrics: accuracy and F1 score. While accuracy

(Eq (19)), provides a general measure of overall correctness by comparing total correct predictions

to all predictions, it can be misleading in the presence of class imbalance. To complement this,

precision (Eq (20)) and recall (Eq (21)) are combined in the F1 score (Eq (22)), making it especially

valuable when the cost of false positives and false negatives differs. Together, these metrics provide

a more robust and comprehensive assessment of model performance across various activity classes.

Accuracy =
TP + TN

TP + TN + FP + FN
(19)

Precision =
TP

TP + FP
(20)

Recall =
TP

TP + FN
(21)

F1 Score = 2× Precision× Recall
Precision + Recall

(22)

3.1.5 Experimental setup

To evaluate UTA-DT, we compare it against three baselines: Base T, Base S, and STRUT. Base

T is a standard decision tree trained only on limited target domain data and evaluated on held-out

target instances. Base S is trained on abundant labeled source data and directly applied to the target

test set without adaptation, highlighting the impact of domain shift due to its lack of exposure to

target-specific distributions.

We also include STRUT [54], a decision tree-based domain adaptation method that modifies

a source-trained tree by adjusting decision thresholds using target data. STRUT traverses the tree

top-down, pruning unreachable nodes and recomputing thresholds at reachable ones to align with

the target distribution. It selects thresholds by optimizing a criterion that balances divergence gain

(alignment of source and target class distributions) and information gain (Gini index). To account
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for possible label inversion around thresholds, STRUT evaluates both left-right and right-left splits

when computing the optimal split. We selected STRUT as a baseline due to its status as a state-of-

the-art tree-based domain adaptation method.

For all models, we set the decision tree depth to max depth = 5 to ensure interpretability and

enable fair comparison. Both source and target datasets were class-balanced. The source dataset

included approximately 2000 instances per activity. To reflect real-world constraints, the target

dataset was limited to 50 labeled instances per class, split 20% for training and 80% for testing. For

the 15-class task, this resulted in 750 instances, with 150 for training and 600 for testing. UTA-

DT uses this small training set to generate an augmented target dataset via feature transformation

guided by the source model, without accessing raw source data. All models were implemented

using Scikit-learn’s DecisionTreeClassifier, with default hyperparameters except for max depth.

3.1.6 Experimental Results

Table 3.2 reports the performance of all models on the 10-class activity recognition task, which

includes common daily activities which includes Cooking Breakfast, Cooking Lunch, Cooking Din-

ner, Eating, Toileting, Bathing, Sleeping, Relaxing, Dressing, and Watching TV. The source-only

model (Base S) struggles due to domain shift, yielding an accuracy of 53.55% and an F1 score of

47.79%. The target-only model (Base T), trained solely on a small labeled target subset, performs

better with 78.25% accuracy and a 71.58% F1 score. STRUT demonstrates clear gains through

adaptation, achieving 91.50% for both metrics. UTA-DT surpasses all baselines, reaching 97.00%

accuracy and 97.03% F1 score. This substantial improvement underscores the effectiveness of UTA-

DT’s uncertainty-aware feature augmentation in capturing transferable patterns from the source

model, enabling more robust and generalizable decision-making in the target domain.

Table 3.2: Performance of AR Dataset – 10 activities

Method Accuracy F1 score
Base T 78.25 71.58
Base S 53.55 47.79
STRUT 91.50 91.50
UTA-DT 97.00 97.03

65



Table 3.3 summarizes the performance of all models on the 12-class activity recognition task.

Two new activities, Phone Use and Entertaining Guests, were added to the original ten. This added

complexity results in a general decline in performance across models, reflecting the challenge of dis-

tinguishing between a broader range of human behaviors. The source-only model (Base S) struggles

to adapt, achieving just 48.52% accuracy and 44.58% F1 score, underscoring the limitations of direct

model transfer in the presence of domain shift. In contrast, the target-only model (Base T), trained

solely on limited labeled target data, performs better with 71.87% on both metrics, though it lacks

cross-domain knowledge. STRUT narrows this gap through adaptation, reaching 85.62% accuracy

and 85.55% F1 score. UTA-DT once again outperforms all baselines, achieving 88.96% accuracy

and 86.30% F1 score. These results highlight UTA-DT’s scalability, showing that it can effectively

integrate predictive signals and uncertainty to maintain high performance as the classification task

becomes more complex.

Table 3.3: Performance of AR Dataset – 12 activities

Method Accuracy F1 score
Base T 71.87 71.87
Base S 48.52 44.58
STRUT 85.62 85.55
UTA-DT 88.96 86.30

Table 3.4 evaluates performance in the most challenging scenario, where the classification task

involves 15 activities. We expand the classification task to 15 activities by adding Washing Dishes,

Personal Hygiene, and Taking Morning Medications, introducing greater class diversity and behav-

ioral overlap. As expected, this increased complexity results in a general decline in performance

across all models. As a result, Base S drops further to 33.33% accuracy and 31.08% F1. Base T

also sees reduced performance, reaching 62.33% on both metrics. STRUT remains competitive with

73.66% accuracy and 70.92% F1. UTA-DT, however, achieves the highest performance once again

with 79.00% accuracy and 73.51% F1 score, despite the increased difficulty. Even in the most chal-

lenging scenario, UTA-DT continues to deliver competitive performance, illustrating its resilience

in learning from sparse labels by effectively incorporating structured knowledge from the source
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domain.

Table 3.4: Performance of AR Dataset – 15 activities

Method Accuracy F1 score
Base T 62.33 62.33
Base S 33.33 31.08
STRUT 73.66 70.92
UTA-DT 79.00 73.51

Discussion

To interpret the decision-making process of the UTA-DT model trained on the 10-class activ-

ity recognition task, we extract and analyze the full decision tree. As the depth is limited to 5 for

interpretability, it is possible that some important features are truncated during tree growth. The

extracted rules, illustrated in Figure 3.2, show that sensorElTime-OutsideDoor forms the root node,

indicating its strong discriminative power. Downstream splits involve both contextual features like

lastMotionLocation, sensorElTime-Bathroom, and prevDominantSensor2, as well as transferred

signals such as source pred, label distribution 6, and entropy. In the decision rules, source pred

refers to the hard class label predicted by the source model when applied to target instances, while

label distribution 6 denotes the soft prediction probability assigned to class 6 by the same source

model.Notably, source pred governs several key partitions, guiding decisions toward classes like

1, 3, 5, and 7, while uncertainty signals such as entropy, help refine predictions in less confident

regions. These patterns confirm that UTA-DT integrates sensor context with source-derived knowl-

edge in a transparent and interpretable way. A visualization of the complete decision tree is provided

in Figure 3.3.

To complement the global insights, we also examine the local explainability of UTA-DT by

tracing the decision path for an individual instance. As shown in Figure 3.4, the model first checks

whether sensorElTime-OutsideDoor is less than or equal to -0.80, indicating that outdoor sensor

activity plays a primary role in the initial partitioning. The next condition involves source pred
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Figure 3.2: Global Explanation rules - 10 classes
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Figure 3.3: UTA-DT Decision Tree Plot

Figure 3.4: Local Explanation for first instance

is less or equal 0.41, integrating transferred knowledge from the source model to refine the deci-

sion. Finally, the model considers lastMotionLocation is less or equal -0.19 before reaching a leaf

node, confirming the class prediction. This interpretable path reveals how both contextual sensor

inputs and transferred signals jointly influence the model’s decision at an individual level, enabling

traceability and trust in high-stakes environments.

Figure 3.5 shows the Partial Dependence Plots (PDPs) of two influential features, source pred

and lastMotionLocation, with respect to the predicted probability of class 7 corresponding to cook-

ing lunch, in the target domain. The PDP for source pred reveals that as the predicted class from the

source model approaches 7, the likelihood of predicting class 7 in the target model increases sharply.

This suggests that the transferred model strongly leverages the source model’s hard prediction signal
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Figure 3.5: PDP plot for class 7

when it aligns with class 7, reinforcing its confidence in this classification.

Similarly, the PDP for lastMotionLocation reveals that motion detected in specific areas signifi-

cantly increases the probability of class 7, highlighting the importance of spatial context. These pat-

terns confirm that the model’s predictions are informed by both transferred knowledge and relevant

sensor information from the target environment. Such insights enhance transparency and support

the broader goal of developing explainable and trustworthy AI for smart building applications.

Conclusion

In this work, we introduced UTA-DT, an interpretable and privacy-preserving domain adapta-

tion framework based on decision trees. UTA-DT enables knowledge transfer from a label-rich

source domain to a label-scarce target domain through uncertainty-aware feature augmentation. By

incorporating soft predictions, hard labels, entropy, and margin from a pre-trained source model,

our method constructs an enriched target feature space that supports more generalizable and robust

decision-making. This is achieved without accessing raw source data, making UTA-DT well-suited
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for deployment in privacy-sensitive environments such as smart homes. Comprehensive experi-

ments on increasingly complex activity recognition tasks show that UTA-DT consistently outper-

forms baseline models, validating the effectiveness of its feature-level transfer strategy. Addition-

ally, UTA-DT retains full interpretability, allowing end-users to inspect global decision rules and

instance-level predictions through integrated explainability techniques. By supporting interpretable

and data-efficient learning, UTA-DT contributes toward enabling intelligent building systems that

optimize energy usage based on occupant behavior, without compromising privacy or transparency.
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Chapter 4

Semi-Supervised Mixture of

Probabilistic Principal Component

Analyzers for Modeling Human

Behavior

The source-free framework introduced in Chapter 3 addresses privacy constraints but still relies

primarily on supervised signals from labeled data, which remain scarce and costly to obtain in

smart-building environments. At the same time, deterministic models are often insufficient for

capturing the complex, high-dimensional patterns characteristic of IoT sensor data, particularly

when labeled samples are limited. This chapter therefore introduces a semi-supervised probabilistic

framework based on a neural reformulation of MPPCA that models the latent structure of the data

and supports effective representation learning under minimal supervision. By transitioning from

purely supervised to semi-supervised learning, this chapter advances the thesis toward more label-

efficient and scalable building analytics.
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4.1 Introduction

As technology advances, human interaction with their surroundings has fundamentally changed.

Today, individuals spend approximately 90% of their daily lives indoors, relying on technology for

everyday tasks without needing to step outside [138, 139]. This shift towards an increasingly indoor

lifestyle has intensified the demand for comfortable, energy-efficient indoor spaces. Yet, main-

taining such environments comes at a significant cost: the building sector is one of the largest

consumers of energy, accounting for over 32% of global electricity consumption, with more than

half of this energy dedicated to Heating, Ventilation, and Air Conditioning (HVAC) systems [19–

21, 59, 138, 140]. Additionally, buildings contribute to nearly one-third of global greenhouse gas

emissions, making them a key area for sustainability efforts [138]. Amid growing concerns over

energy and environmental crises and the urgency of sustainable development, energy-efficient build-

ings have become a focal point of research and innovation [41, 128]. Studies indicate that ineffi-

cient management strategies are a major contributor to excessive energy use in buildings [141]. In

response, Occupancy Estimation (OE) and Activity Recognition (AR) have emerged as key tech-

niques for enhancing energy efficiency and HVAC optimization [19–21, 27, 59, 119]. By detecting

and analyzing occupant presence and behavior, these technologies enable real-time adjustments to

energy distribution, HVAC scheduling, and indoor environmental quality [70, 110, 142]. Since oc-

cupant activities directly influence energy consumption, understanding behavioral patterns is essen-

tial for reducing energy waste, improving air quality, and maintaining thermal comfort [117, 143].

Indeed, leveraging intelligent automation in building management can lead to significant energy

savings, lower operational costs, and reduced environmental impact [19, 41]. For instance, dy-

namic HVAC adjustments based on real-time occupancy data can minimize unnecessary heating or

cooling, thereby promoting sustainability while ensuring occupant well-being [140, 144].

In recent years, data-driven approaches have advanced significantly, leveraging large datasets to

enhance model performance and generalization. Traditional methods for activity recognition (AR)

and occupancy estimation (OE) have primarily relied on supervised learning [20, 27]. While effec-

tive, these techniques require extensive labeled data to train accurate models. The proliferation of

low-cost and high-precision sensors has facilitated the deployment of large-scale sensor networks in
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various environments, including smart buildings, industrial monitoring, and intelligent transporta-

tion systems. These sensors-ranging from motion detectors and CO2 sensors to passive infrared

(PIR) and environmental monitoring devices-continuously generate vast amounts of real-time data,

significantly improving the granularity and accuracy of AR and OE systems. Despite the advantages

of sensor-based data collection, a key challenge remains: labeling the collected data. Unlike the au-

tomated nature of sensor data acquisition, labeling is manual, time-consuming, and labor-intensive,

often requiring expert intervention to annotate events accurately [21]. Additionally, in complex

environments where multiple sensors interact, ground truth labels may be ambiguous or prone to

inconsistencies.

At the same time, smart building datasets are often large-scale and highly complex [38], gen-

erated from the integration of numerous sensors within Internet of Things (IoT) networks. These

datasets typically comprise multi-dimensional, heterogeneous data streams that capture a wide range

of environmental and occupancy-related variables. While such data richness holds great poten-

tial for developing accurate and adaptive models, it also introduces significant challenges in data

analysis and interpretation. The intricate structure of complex datasets often results in non-linear

relationships among features, making it difficult to identify meaningful patterns or correlations.

Non-linearity emerges from the interaction of multiple factors, such as dynamic occupant behavior,

varying environmental conditions, and sensor noise, which collectively contribute to the complexity

of the data. This non-linearity necessitates the use of advanced machine learning techniques capa-

ble of capturing and modeling such relationships. Moreover, the complexity of high dimensional

smart building datasets can exacerbate the risk of errors and biases during analysis. For instance,

redundant or irrelevant features may obscure important patterns. Ensuring the generalizability of

models is particularly critical in smart building research, as it enables robust performance across

varying environmental conditions, building layouts, and occupancy patterns.

In light of these challenges, there is a growing need for innovative solutions that can reduce

reliance on labeled data while maintaining or even improving model accuracy, particularly when

dealing with complex datasets. This has led to the emergence of semi-supervised learning (SSL)

methods as a promising alternative. By leveraging both labeled and unlabeled data, SSL aims to

bridge the gap between supervised and unsupervised learning, making it possible to train models
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with fewer labeled examples while still capturing the underlying data distribution. Traditional SSL

methods, such as self-training, co-training, and graph-based approaches, have shown promise in

various domains [145]. Self-training iteratively labels unlabeled data and retrains itself using its

own predictions as pseudo-labels. However, this approach suffers from several limitations. A major

issue is confirmation bias, where the model reinforces its own incorrect predictions, leading to a

degradation in performance over iterations [146]. This is particularly problematic when the initial

model is poorly calibrated or when the labeled data is insufficient to capture the underlying data dis-

tribution [147]. Co-training trains separate models on multiple feature sets that label data for one an-

other, but its effectiveness depends on the often unrealistic assumption of conditional independence

[148, 149]. The lack of truly independent views in practice further limits its applicability [150].

Graph-based methods, such as label propagation, are theoretically appealing for semi-supervised

learning but face significant practical limitations. Their performance is highly sensitive to graph

construction parameters, including similarity metrics and hyperparameters like neighborhood size

or kernel bandwidth [151, 152]. Moreover, they scale poorly to large datasets due to the high mem-

ory and computational demands of graph construction [153]. These methods also face a trade-off

between preserving label accuracy and ensuring smooth label propagation, often resulting in subop-

timal classification when the graph poorly reflects the data structure. These challenges underscore

the need for more robust and scalable SSL approaches for complex, real-world datasets.

Recently, researchers have increasingly turned to autoencoders for semi-supervised learning

tasks, capitalizing on their ability to learn meaningful latent representations of data. Autoencoders

operate by compressing input data into a lower-dimensional latent space via an encoder and then

reconstructing the original input through a decoder. This process not only reduces dimensionality

but also captures essential features, making autoencoders highly effective for tasks with limited

labeled data, as they can leverage the structure of unlabeled data to enhance model performance.

Their ability to learn robust representations also makes them particularly well-suited for tasks such

as pretraining and fine-tuning.

At the same time, Gaussian Mixture Models (GMMs) excel at modeling complex, non-linear,

and multi-modal data distributions by assuming that data is generated from a mixture of Gaussian
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components. As a statistical model, however, GMMs cannot be directly used for pretraining or fine-

tuning in the way that neural networks like autoencoders can. Unlike models that can incrementally

update their parameters, GMMs do not inherently retain previously learned knowledge when ex-

posed to new data. Despite these limitations, GMMs remain a powerful tool to learn patterns from

unlabeled data and are widely used for clustering and density estimation. While GMMs have been

extensively studied, other probabilistic mixture models, such as Mixture of Probabilistic Principal

Component Analyzers(MPPCA), have received less attention. MPPCA is closely related to GMMs,

as both are probabilistic frameworks designed to model complex data distributions. However, MP-

PCA extends GMMs by incorporating a dimensionality reduction mechanism. Specifically, MPPCA

models each mixture component as a Probabilistic Principal Component Analysis (PPCA) model,

capturing data in a lower-dimensional latent space. This allows MPPCA to represent multi-modal

distributions like GMMs while also modeling piecewise linear structures in high-dimensional data.

In essence, MPPCA can be viewed as a generalization of GMMs, where each Gaussian component

is constrained to a lower-dimensional subspace, making it particularly effective for capturing both

global and local structures in complex datasets. Despite these advantages, MPPCA, like GMMs,

lacks the flexibility for efficient pretraining and fine-tuning. Additionallly, a major limitation of

GMMs and MPPCA is the singularity problem, which arises when computing the inverse of co-

variance matrices during the Expectation-Maximization (EM) training process, particularly in high-

dimensional settings. This issue can lead to unstable training and premature termination, hindering

the model’s ability to generalize effectively.

In the light of these challenges, we propose to model MPPCA with a multilayer Neural Net-

work (MLN), referred to as NN-MPPCA [38], since deep learning models offer greater flexibility

and adaptability for fine-tuning tasks. This approach integrates the probabilistic strengths of MP-

PCA with the flexibility of neural networks, enabling efficient pretraining and fine-tuning while

preserving the ability to model complex, non-linear data structures. By replacing the EM algo-

rithm with a backpropagation-based optimization and incorporating a loss function that combines

reconstruction error, negative reconstruction probability, and a penalty term to mitigate singularity

issues, NN-MPPCA enables stable training and better generalization for non-linear data distribu-

tions. Training stops when further minimizing the combined weighted error is impossible, ensuring
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a good data fit. This study focuses on enhancing NN-MPPCA, originally an unsupervised clustering

technique, by transforming it into a semi-supervised classification model through the incorporation

of a fine-tuning step with minimal labeled data. This transformation allows the new model, referred

to as Semi-Supervised Mixture of Probabilistic Principal Component Analyzers (Semi-MPPCA),

to directly assign clusters to specific activities and occupancy levels, enhancing interpretability and

practical applicability. To achieve this, MPPCA is transformed to a neural form, and trained using

backpropagation to extract meaningful feature representations from the abundant unlabeled data.

The pretrained model then serves as a feature extractor for the classifier. Subsequently, the input

and hidden layers are frozen, and only the output layer parameters are refined using few labeled

data. This approach leverages the advantages of both unsupervised and supervised learning with

only a few labeled data, improving classification accuracy while maintaining the ability to model

complex, high-dimensional data distributions. We also observed that incorrect initial cluster as-

signments cause training delays and local minima issues. To address this, we introduce a novel

weight-swapping technique for the last layer, improving performance. Our Semi-MPPCA model

outperforms state-of-the-art models when trained with minimal labeled data.

This chapter explores how our proposed Semi-MPPCA framework effectively models non-

linearity in complex datasets while overcoming the limitations of traditional probabilistic meth-

ods. In this study, we assume we have no access to labeled data from related tasks or domains and

instead focus on a single environment, where we have abundant unlabeled data and only a hand-

ful of labeled examples. Our experiments show that incorporating weight-swapping strategies and

leveraging semi-supervised learning significantly enhance model accuracy and robustness, partic-

ularly outperforming state-of-the-art models when trained with minimal labeled data. This makes

Semi-MPPCA a promising alternative for high-dimensional, nonlinear data modeling with very lit-

tle labeled data.

In this chapter, we present several key contributions:

• We adapt the Mixture of Probabilistic Principal Component Analyzers (MPPCA) framework

into a neural network form (NN-MPPCA) by replacing the Expectation-Maximization (EM)

algorithm with backpropagation for training. This adaptation allows the framework to func-

tion as a pre-trained model, and we further fine-tune the output layer to enable classification
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tasks.

• A weight-swapping technique is introduced to address cluster-label misalignment issues, en-

suring that learned representations align with their corresponding class labels.

• The proposed model - Semi-MPPCA - is designed to effectively handle both Activity Recog-

nition (AR) and Occupancy Estimation (OE) datasets, marking the first application of this

approach in these domains. Extensive experimental evaluations on real-world AR and OE

datasets demonstrate its superior performance with minimal labeled data, outperforming state-

of-the-art occupancy detection algorithms.

The remainder of this chapter is structured as follows. Section 2 reviews related work, while

Section 3 outlines key concepts and details the proposed methodology. Section 4 presents and

discusses the results. Section 5 concludes the study and suggests potential directions for future

research.

4.2 Methodology

This section outlines the foundational concepts relevant to our study. We begin by formally

defining the semi-supervised learning (SSL) problem, followed by an exploration of the neural

network-based extension of the Mixture of Probabilistic Principal Component Analyzers (MPPCA).

We then detail our enhancements that enable its effective use in a semi-supervised setting. For com-

pleteness, an in-depth explanation of Probabilistic Principal Component Analysis (PPCA), MPPCA,

and the Expectation-Maximization (EM) training procedure is provided under the Theoretical Back-

ground section in the Appendix A.

4.2.1 Problem Formulation

In this work, we focus on the semi-supervised learning (SSL) framework for multi-class classi-

fication tasks. Let X = {XL,XU} denote the entire dataset, where XL = {(xi, yi)}Li=1 represents

a small labeled subset and XU = {xi}Ui=1 corresponds to a larger unlabeled subset, with L ≪ U .
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The dataset contains K classes, and the labels yi ∈ {1, 2, . . . ,K} indicate the class to which each

labeled sample belongs.

The goal of SSL is to leverage both labeled and unlabeled data to learn a model parameterized

by u. This can be formulated as the following optimization problem [83]:

min
u

{ ∑
(x,y)∈XL

Ls(x, y;u)︸ ︷︷ ︸
Supervised Loss

+
∑

x∈XU

Lu(x;u)︸ ︷︷ ︸
Unsupervised Loss

+
∑
x∈X
R(x;u)︸ ︷︷ ︸

Regularization

}
, (23)

where Ls is the supervised loss, typically cross-entropy loss for multi-class classification, Lu

is the unsupervised loss that encourages consistent predictions on unlabeled data, and R is a reg-

ularization term that imposes additional constraints, such as consistency regularization or entropy

minimization.

The semi-supervised approach leverages the underlying structure of the unlabeled data to refine

decision boundaries, allowing the model to generalize better even with limited labeled samples.

This makes SSL particularly effective in scenarios where labeled data is scarce but a large pool of

unlabeled data is available.

4.2.2 Neural network-based mixture of probabilistic principal component analyzers

(NN-MPPCA)

Neural Network-based Mixture of Probabilistic Principal Component Analyzers (NN-MPPCA)

is a hybrid approach that integrates the MPPCA framework with a neural network estimation process

to model responsibilities, enabling better parameter initialization and reducing the risk of conver-

gence to poor local optima. In contrast to the standard MPPCA, NN-MPPCA employ a multilayer

perceptron (MLP) as the estimation network to model the MPPCA framework. The parameters

of the MPPCA are updated through the training process of this estimation network and optimized

through back-propagation. The input size of the estimation network is determined by the dimen-

sionality of the observation data, while the output size corresponds to the number of components M

in the MPPCA model. For an MPPCA with M components, the outputs of the estimation network

are M -dimensional responsibility vectors Rn. Since the responsibility variables Rni must satisfy
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∑M
i=1Rni = 1, they are computed by applying the softmax function to the output vector pn. The

process of obtaining the responsibility vectors is formulated as follows:

pn = MLP(xn,θ) (24)

Rn = softmax(pn) (25)

where xn is the observed input, pn is the output of the MLP, and θ represents the trainable

parameters of the estimation network. This formulation ensures that the responsibility vectors Rn

are properly normalized and can be used to update the MPPCA parameters during training.

NN-MPPCA model is trained using mini-batches of N samples. The training process begins

with an initialization step to avoid suboptimal local minima, which is a common issue with random

initialization in standard MPPCA. Instead, we employ k-means clustering to initialize the model

parameters. Each sample is temporarily assigned to a cluster, and the initial responsibility values

Rni for observation xn are determined by the output layer of the estimation network using:

Rni = softmax(estimation network(xn)), (26)

where Rni represents the responsibility of the i-th mixture component for the n-th sample.

Using Rni, the mixture weights πi and means µi are initialized same as Equations 75, 76 from

MPPCA. The covariance matrix, Si, is calculated as Equation 77.

Let {λi1 ≥ λi2 ≥ · · · ≥ λid} and {ui1,ui2, . . . ,uid} be the eigenvalues and eigenvectors of

Si, respectively. For a given number of principal components q, the noise variance σi and loading

matrix Wi are initialized as:

σi =
1

d− q

d∑
j=q+1

λij , Wi = Ui,q(Λi,q − σ2
i I)

1/2, (27)

where Ui,q =

[
ui1,ui2, . . . ,uiq

]
and

Λi,q = diag(λi1, λi2, . . . , λiq)
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These equations serve as the initial estimates only in the first iteration and are updated in subse-

quent iterations.

The total loss function for a batch of N samples is defined as:

L(θ) =
η1
N

N∑
n=1

a(xn) +
η2
N

N∑
n=1

L(xn,x
′
n) + η3P (M), (28)

where:

• a(xn) is the negative log-likelihood of xn, given by:

a(xn) = − log

{
M∑
i=1

πi(2π)
−d/2|Ci|−1/2 exp

(
−1

2
(xn − µi)

TC−1
i (xn − µi)

)}
(29)

with

C−1
i =

1

σ2
i

(
I−WiM

−1
i WT

i

)
(30)

• L(xn,x
′
n) is the reconstruction error, computed as:

x′
ni = Wi(W

T
i Wi)

−1WT
i (xn − µi) + µi, (31)

x′
n = Rnix

′
ni, (32)

L(xn,x
′
n) = ∥xn − x′

n∥. (33)

• P (M) is a penalty term to avoid singularity issues when computing the inverse of M:

P (M) =
M∑
i=1

d∑
j=1

1

Mijj
. (34)

The loss function is minimized using backpropagation, with heuristic coefficients η1, η2, and

η3 balancing the contributions of the three loss components. After each training epoch, the respon-

sibility values Rni are updated directly by the estimation network, while the other parameters πi,

µi, Wi, and σi are recomputed using the updated Rni according to Equations 75, 76, 78, and 79 in

the Appendix A. These newly updated parameters are then used to compute the loss value for the
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next iteration, ensuring an iterative refinement of the model. This iterative process continues until

convergence, ensuring that the NN-MPPCA model achieves optimal performance.

4.2.3 Semi Supervised Mixture of Probabilistic Principal Component Analyzers(Semi-

MPPCA)

Our approach (Semi-MPPCA) leverages the Neural Network Mixture of Probabilistic Principal

Component Analysis (NN-MPPCA) as a pretrained feature extractor network, enabling effective

learning from limited labeled data. The NN-MPPCA model is first trained in an unsupervised

manner on the available unlabeled data, learning underlying feature representations and capturing

local low-dimensional subspaces within each cluster. This pre-training step ensures that the model

initializes its parameters based on the intrinsic structure of the data, which is particularly beneficial

when labeled data is scarce.

However, since the clustering process is unsupervised, the resulting cluster assignments may not

always align with the true class labels. To address this, we introduce a cluster-to-label weight swap-

ping mechanism that realigns the model’s output layer to reflect the correct label assignments. After

the initial unsupervised training phase, we evaluate the majority class associated with each cluster

and use the Hungarian algorithm to determine the optimal mapping between predicted clusters and

true labels. The weight matrix of the output layer is then restructured by swapping its columns

according to this mapping, ensuring that the neural network correctly associates the learned feature

representations with their corresponding class labels. A detailed description of the weight-swapping

algorithm is provided as follows. Let:

• ytrue = (y1, y2, ..., yN ) be the ground truth labels.

• ypred = (ŷ1, ŷ2, ..., ŷN ) be the predicted cluster assignments.

• C be the number of clusters.

We construct a confusion matrix M ∈ RC×C , where each entry Mij represents the count of

samples assigned to cluster j while their true label is i:
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Mij =

N∑
n=1

⊮(yn = i, ŷn = j) (35)

where ⊮(·) is the indicator function.

The Hungarian algorithm then finds an optimal mapping ϕ : {0, ..., C − 1} → {0, ..., C − 1}

by solving:

argmax
ϕ

C−1∑
i=0

Mi,ϕ(i) (36)

This ensures the best possible realignment of clusters to true labels.

Once we obtain the optimal mapping ϕ, we correct the neural network’s output layer. The neural

network’s final layer consists of a weight matrix W ∈ Rd×C , where d is the number of neurons in

the preceding layer, and each column W·,j corresponds to class j.

If the predicted classes (ŷ1, ..., ŷN ) are misaligned, we swap the columns of W according to ϕ:

W ′
·,j = W·,ϕ(j) (37)

This ensures that the final layer aligns correctly with the corrected pseudo-labels.

Once the correct cluster-label assignments are established through weight swapping, we proceed

with the fine-tuning phase. In this step, the input and hidden layers of the pretrained NN-MPPCA

model are frozen, while the output layer’s parameters remains trainable. The model is then trained

using a small set of labeled data, allowing it to refine its predictions while preserving the structural

information captured during unsupervised learning. After swapping the final layer weights, we

fine-tune the model using labeled samples. The updated model is trained using a cross-entropy loss:

L = − 1

N

N∑
n=1

C∑
c=1

⊮(yn = c) log p(c|xn; θ) (38)

where p(c|xn; θ) is the softmax probability output by the neural network for class c.

To ensure stable training, we apply:

• Learning rate scheduling: reducing the learning rate when validation loss plateaus.
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• Early stopping: halting training when validation performance stagnates to prevent overfitting,

especially given the limited labeled data..

A key innovation of our approach is the extension of MPPCA, which is traditionally an un-

supervised clustering model optimized via the Expectation-Maximization (EM) algorithm, into a

classification framework through neural network integration and fine-tuning. Unlike conventional

statistical models, which have a fixed structure and limited adaptability, our neural network-based

approach allows for continuous parameter updates, making it more flexible for various classification

tasks.

This methodology ensures that the model leverages unsupervised learning for feature extraction,

corrects misaligned cluster-label mappings, and fine-tunes its predictions using limited labeled data,

resulting in improved classification accuracy. Semi-MPPCA collectively ensure robust and general-

izable performance in the semi-supervised learning setting. The architecture of the neural network

is visually depicted in Figure 4.1, offering a clear representation of its layered structure and flow

of information. The neural network architecture comprises two hidden layers with sizes 50 and 15,

respectively. The output layer, corresponding to the number of target classes, employs a softmax

activation function to produce class probabilities. Dropout layers, represented by circles containing

a cross, are incorporated to mitigate overfitting by randomly deactivating a subset of neurons during

training. The sequential steps involved in the Semi-MPPCA model, from pretraining with unla-

beled data to fine-tuning with a limited set of labeled samples, are outlined in Figure 4.2, providing

a step-by-step understanding of the model’s workflow.

Additionally, Table 4.1 presents a comparative analysis of PCA, PPCA, MPPCA, NN-MPPCA,

and semi-supervised NN-MPPCA, emphasizing their fundamental differences and underlying method-

ologies.

Table 4.1: Key Differences Between PCA, PPCA, MPPCA, NN-MPPCA, and Semi-MPPCA

Feature PCA PPCA MPPCA NN-MPPCA Semi-MPPCA

Model Type Deterministic Probabilistic Mixture of Probabilistic Models Neural Network Neural Network
Noise Handling No Yes Yes Yes Yes

Handles Missing Data No Yes Yes Yes Yes
Clustering Ability No No Yes Yes Yes

Singularity Error Handling No Yes No Yes Yes
Optimization Method Eigen-decomposition EM Algorithm EM Algorithm Back-propagation Back-propagation & Weight swapping

Task Type Dimensionality Reduction Dimensionality Reduction Clustering Clustering Classification
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Figure 4.1: Semi-MPPCA Architecture
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Figure 4.2: Flowchart for logic of Semi-MPPCA

4.3 Experimental setup and results

4.3.1 Datasets

Activity Recognition Dataset

Publicly available activity recognition datasets are relatively scarce, as many studies rely on

proprietary datasets collected in controlled environments. This limitation makes real-world datasets

particularly valuable for developing and evaluating machine learning models for human activity

recognition. This study utilizes the publicly available dataset from the Washington State University

(WSU) Center for Advanced Studies in Adaptive Systems (CASAS) [137]. The dataset contains

labeled sensor event data collected from multiple smart indoor environments, each occupied by a

single resident with distinct spatial layouts and behavioral routines. This reflects real-world de-

ployment scenarios where AR models must generalize across heterogeneous living spaces. This

dataset was collected using a variety of sensors, including motion sensors, door contact sensors,

temperature sensors, and light switch sensors, capturing a wide range of activities in a smart home

environment. Initially, we focused on predicting three key activities that are particularly relevant to
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energy management: watching TV, toileting, and cooking breakfast. These activities were chosen

due to their distinct energy consumption patterns and their frequent occurrence in daily routines.

After establishing a baseline with these three labels, we expanded our analysis to include a more

comprehensive set of five activities: watching TV, toileting, cooking breakfast, dressing, and sleep-

ing. This extension allowed us to evaluate the performance of our model across a broader range of

activity classes, providing valuable insights into its robustness and generalizability in more diverse

and complex scenarios. As a non-intrusive, real-world dataset, it is particularly useful for research

on human activity recognition, smart home automation, and assistive technology. Compared to

vision-based approaches, this dataset provides a privacy-conscious alternative while supporting ma-

chine learning models for behavior analysis. After preprocessing, each instance is represented by

a 32-dimensional input vector consisting of spatial and behavioral features derived from sensor ac-

tivations, including activity frequency and duration across rooms, area transitions, and the number

of distinct sensors triggered. Temporal attributes such as the hour of the day or weekday were re-

moved to avoid environment-specific biases and improve generalization. To ensure class balance,

we randomly sampled 2,000 instances from each activity class and reset the index.

Occupancy Estimation Dataset

Publicly available occupancy estimation datasets are limited, as many studies rely on data col-

lected from specific buildings or sensor networks. We used a private dataset [21, 27, 119] collected

from office spaces at the Grenoble Institute of Technology. The dataset comprises six days of la-

beled data obtained through a comprehensive sensor network designed for occupancy monitoring.

This network includes two video cameras for recording real-time occupancy counts and activities,

as well as an ambiance sensing system that captures temperature, relative humidity (RH), motion

events, CO2 concentration, power consumption from three laptops, door and window positions, and

acoustic pressure using a microphone. Data collection is event-driven, and transmitted via the ENO-

CEAN protocol upon significant changes. A centralized database with a web interface continuously

retrieves and stores data from various sources.

Two classification tasks were defined for the occupancy estimation problem. The first is a binary

classification task for occupancy detection, where the model predicts presence versus absence: class
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0 corresponds to no occupant, and class 1 represents one or more occupants. The second is a multi-

class classification task, where the output is discretized into three categories based on occupant

count: (0) absence, (1) a single occupant, and (2) multiple occupants (≥ 2). Given the limitations

of environmental sensors in reliably distinguishing fine-grained occupancy levels, we model the

occupancy estimation task as a multi-class classification problem. This discretization reflects the

practical resolution of sensor signals and enables more robust learning, avoiding ambiguous bound-

aries between close occupant counts. For example, small fluctuations in CO2 or noise levels may

not reliably differentiate between four and five individuals in a room.

The Occupancy Estimation dataset comprises 1,068 labeled instances which includes 13 input

features coming from the mentioned sensors commonly found in low-cost smart building deploy-

ments. These features serve as the model inputs, while the output represents occupancy levels.

To mitigate class imbalance and ensure fair evaluation across categories, we randomly selected 772

samples per class, resulting in a balanced dataset of 1544 instances for the binary scenario and 2,316

instances for the 3-class scenario. This approach helps prevent model bias toward the majority class

and supports a more robust assessment of performance, particularly in the three-class occupancy

classification setting.

4.3.2 Metrics

In evaluating our models, we opted to use the F1 score as the primary metric for assessing

performance. While accuracy offers a straightforward measure of correctly classified instances, it

can sometimes provide an overly simplistic view, especially when subtle trade-offs between preci-

sion and recall are critical. The F1 score, defined as the harmonic mean of precision and recall,

strikes a balance between these two metrics by considering both false positives and false negatives.

This makes it a more comprehensive indicator of model performance, even when the datasets are

balanced, as it captures the model’s ability to correctly identify positive cases without overlooking

misclassifications. To compute the F1 score, we first calculate two key metrics: Precision (P) and

Recall (R). Precision measures the ratio of correctly predicted positive instances to the total number

of predicted positive instances, while Recall represents the proportion of correctly predicted positive

instances out of all actual positive instances. These metrics are defined as follows:
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Precision (P) =
TP

TP + FP
(39)

Recall (R) =
TP

TP + FN
(40)

The F1 score, which is the harmonic mean of Precision and Recall, provides a balanced assess-

ment of a model’s accuracy by accounting for both false positives and false negatives. It is given

by:

F1 Score =
2× P ×R

P +R
(41)

By integrating both precision and recall into a single value, the F1 score provides a nuanced

reflection of our model’s predictive capabilities, guiding us in making informed comparisons and

improvements.

However, we have also included graphs for accuracy of our models for comparison. Accuracy

measures the proportion of correct predictions and is calculated as:

Accuracy =
Correct predictions
Total predictions

× 100 (42)

4.3.3 Baseline models

To evaluate the effectiveness of our model on real-world activity recognition (AR) and occu-

pancy estimation (OE) datasets, we conduct a comparative analysis against several state-of-the-art

models. A brief overview of these baseline models is provided below.

• Support Vector Machine (SVM): A supervised learning algorithm that classifies data by con-

structing an optimal hyperplane to maximize the margin between classes in a high-dimensional

space. The model was configured with the default hyperparameters: a radial basis function

(RBF) kernel, regularization parameter C = 1.0, gamma = ’scale’, and a convergence toler-

ance of 1e−3.

• k-Nearest Neighbors (KNN): A non-parametric, supervised learning method that classifies a
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data point based on the majority class of its k nearest neighbors. Distances between the query

point and all other points in the dataset are calculated, and the k closest points determine

the class label. The default settings were applied, including k = 5 (number of neighbors),

metric = ’minkowski’, and weights = ’uniform’ (equal weight assigned to each neighbor).

• Decision Tree (DT): A non-parametric supervised learning algorithm that uses a hierarchical

structure, applying if-else rules at internal nodes and making predictions at the leaf nodes. The

model employed default parameters: criterion = ’gini’, splitter = ’best’, max depth = None,

and min samples split = 2.

• AdaBoost: An ensemble method that iteratively combines weak classifiers, adjusting weights

to emphasize misclassified instances and progressively improving model accuracy. The de-

fault hyperparameters were adopted: base estimator as DecisionTreeClassifier with max depth =

1 (stump), learning rate set to 1.0, and n estimators = 50.

• Multi Layer Perceptron (MLP): A deep learning algorithm consisting of an input layer, one

or more hidden layers, and an output layer, where each neuron processes a weighted sum

of inputs followed by a non-linear activation function. In this study, we compare our semi-

supervised NNMPPCA model to a supervised MLP with a similar architecture and initial

hyperparameters. The MLP is initialized with an input layer, two hidden layers containing

50 and 15 neurons respectively, and an output layer whose size corresponds to the number

of classes. ReLU activation functions are applied to the hidden layers, while the output layer

uses sigmoid for binary classification and softmax for multi-class classification. The model

is trained using the Adam optimizer with an initial learning rate of 0.002 and an adaptive

learning rate strategy, allowing the rate to adjust based on validation loss. This comparison

evaluates the performance gains achieved through the semi-supervised approach.

• (Semi-supervised) AutoEncoder: An unsupervised neural network architecture designed to

learn a compressed, low-dimensional representation of input data. It consists of two main

components: an encoder that maps the input into a latent space and a decoder that recon-

structs the input from this compressed representation. The network is trained by minimizing
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the mean squared error (MSE) between the original input and its reconstruction, allowing

it to capture important features and patterns in the data. In this study, the autoencoder ar-

chitecture includes an encoder with an input layer matching the feature dimension, followed

by two hidden layers with 50 and 15 neurons, using ReLU activation functions. The la-

tent space is represented by a 3-neuron layer with SeLU activation. The decoder mirrors

the encoder, consisting of two hidden layers (15 and 50 neurons) and an output layer us-

ing SeLU activation to match the input dimensions. The autoencoder is pre-trained for 100

epochs using the Adam optimizer with a learning rate of 0.001 and a batch size of 750. For

semi-supervised fine-tuning, the encoder’s weights are frozen except for the output layer, and

a softmax-activated classification head with 3 output neurons is added. Fine-tuning is per-

formed using 150 epochs, a batch size of 10, and an increased learning rate of 0.003. This

approach allows us to compare the autoencoder-based model to both the semi-supervised NN-

MPPCA and the supervised MLP models, evaluating the benefits of leveraging unsupervised

pre-training followed by targeted fine-tuning.

• Self Training: A semi-supervised meta-estimator that wraps a supervised classifier and itera-

tively adds high-confidence pseudo-labeled examples from the unlabeled pool to the training

set. In our setup, we used criterion=’k best’ with k best=100, meaning the 100 most confident

predictions were added per iteration to guide the self-labeling process.

All baseline models were executed 10 times, with the performance metrics averaged across

runs. The data split was performed randomly for each iteration to assess the model’s robust-

ness and generalization ability across varying test datasets.

4.3.4 Experimental Setup

The experimental setup of the proposed Semi-MPPCA model involves a two-phase training

strategy: pretraining and fine-tuning. The pretraining phase focuses on unsupervised representation

learning, while the fine-tuning phase leverages a small set of labeled data for supervised classifica-

tion.

Pretraining Phase: The Semi-MPPCA model was initialized with an architecture consisting
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of an input layer corresponding to the number of features, followed by two hidden layers with

50 and 15 neurons, respectively, and an output layer representing the number of target classes.

The activation function used was Scaled Exponential Linear Unit (SELU), coupled with the Glorot

Normal initializer for kernel weights. To mitigate overfitting, a dropout rate of 0.2 was applied. The

model was trained for 10 epochs with a batch size of 256. The learning rate was set to 0.002, and

an adaptive weighting scheme ‘eta=[1, 0.5, 0.005]‘ was employed to balance the loss components

during training.

Fine-Tuning Phase: Following pretraining, the output layer’s parameters was fine-tuned using

a small subset of labeled data. Specifically, 10 labeled instances were used for validation for each

case except for the case when only 10 labeled instance was used for finetuning, and the model

was optimized to minimize the validation loss (‘val loss‘). The Adam optimizer was employed,

with an initial learning rate of 0.02. To ensure robustness, early stopping was again applied with

a patience of 10 epochs, restoring the best weights according to the minimum validation loss. The

learning rate was dynamically adjusted using a ReduceLROnPlateau callback, which monitored the

validation loss and reduced the learning rate by a factor of 0.5 if no improvement was observed for

10 consecutive epochs. The minimum learning rate threshold was set at 0.05 to prevent excessively

small updates.

This two-phase training approach allowed the model to leverage the abundance of unlabeled

data for learning meaningful representations, while the fine-tuning phase enabled the model to adapt

effectively to the classification task with limited labeled data. The careful selection of hyperparam-

eters, combined with early stopping and adaptive learning rate adjustments, ensured both stability

and performance during training.

For all experiments, we set the random state to None and repeated the process 10 times, av-

eraging the performance metrics to ensure robustness. A 30% split was used for testing, while the

remaining 70% was reserved for training. To simulate a realistic low-label transfer learning setup,

we varied the amount of labeled data used for fine-tuning (e.g., 10, 20, 30, 40, and 50 samples per

class for the binary case and 5-class scenario, and 15, 30, 45, 60, and 75 for the three-class case)

while the remaining portion was used without any labels for pretraining.
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4.3.5 Experimental results

The performance of Semi-MPPCA and the baseline models is assessed on the OE dataset for

both binary and three-class classification tasks. For the AR task, the models are evaluated on both

three-class and five-class classification tasks to provide a comprehensive and thorough analysis.

Each reported value represents the mean performance over 10 iterations, with 30% of the data

randomly selected for testing in each run. To evaluate the efficacy of our model, we experimented

with varying amounts of labeled data: 10, 20, 30, 40, and 50 labeled data instances for binary and

five-class classification. To facilitate the experiments, for the three-class tasks, we used 15, 30,

45, 60, and 75 labeled instances, ensuring balanced splits across classes. This approach provides a

robust assessment of model performance across different levels of labeled data availability.

Binary Occupancy Estimation

Table 4.2 presents the F1 scores for binary classification on the OE dataset, comparing Semi-

MPPCA with several baseline models across varying amounts of labeled data. The results show

that Semi-MPPCA consistently outperforms all baselines, achieving the highest F1 scores across

all label sets, from 91.56% with 10 labels to 93.62% with 50. The semi-supervised AutoEncoder,

which shares architectural similarities with our model, remains the second-best, reaching 92.63%

at 50 labels. The Self-Training classifier also shows strong performance, improving steadily from

85.58% at 10 labels to 92.69% at 50, outperforming traditional models and even slightly surpassing

the AutoEncoder at the highest label count. Among supervised methods, SVM, Decision Tree, and

AdaBoost plateau around 90 to 91% with 50 labels, while MLP lags slightly behind at 89.33%.

These results reaffirm the effectiveness of representation learning in semi-supervised settings and

demonstrate that Semi-MPPCA maintains a consistent edge, even when compared with strong semi-

supervised alternatives such as Self-Training and AutoEncoder.

Figure 4.3, Figure 4.4 and Figure 4.5 provides a graphical representation of the F1 scores, accu-

racy and AUC scores respectively across varying amounts of labeled data for all models on the OE

binary classification task, offering a clear visual comparison of their performance trends.

93



Table 4.2: F1 score for Binary Classification on OE Dataset

Method 10 Labels 20 Labels 30 Labels 40 Labels 50 Labels
SVM 84.51 85.99 88.39 89.44 90.35
KNN 83.23 86.23 86.74 87.12 87.94
DT 81.35 86.58 88.68 89.90 90.59
AdaBoost 83.13 84.78 86.67 89.34 90.93
MLP 80.84 83.12 86.51 86.86 89.33
AutoEncoder 89.05 90.45 91.35 91.96 92.63
Self Training 85.58 89.30 90.79 91.35 92.69

Semi-MPPCA 91.56 91.81 92.11 92.59 93.62

Figure 4.3: F1 score summary for binary OE
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Figure 4.4: Accuracy summary for binary OE

Figure 4.5: AUC score summary for binary OE
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3-class Occupancy Estimation

The F1 scores for the OE 3-class classification task, shown in Table 4.3, reveal that our Semi-

MPPCA model consistently outperforms all baseline models across all label counts. For instance,

with 15 labels, Semi-MPPCA achieves an F1 score of 75.84%, slightly ahead of the next best

model, Self-Training, which scores 74.47%. This performance gap widens as the number of labels

increases, with Semi-MPPCA reaching an F1 score of 86.20% at 75 labels, outpacing the second-

best model, Self-Training (83.82%). This consistent superiority underscores Semi-MPPCA’s ability

to effectively leverage both labeled and unlabeled data. Similar to our binary classification setup,

the AutoEncoder model, which also uses representation learning, performs well, but is ultimately

surpassed by Self-Training across all label levels and by Semi-MPPCA across the board.

When comparing with traditional models like SVM, KNN, and MLP, the performance gap re-

mains significant, especially in low-label settings. While DT and AdaBoost show strong perfor-

mance improvements as labels increase, reaching 80.29% and 81.87% respectively with 75 labels,

they are still outperformed by the newer semi-supervised techniques. These results further support

the efficacy of incorporating fine-tuning and representation learning strategies, positioning Semi-

MPPCA as a competitive approach for multi-class occupancy estimation tasks. This is particularly

evident in low-label settings, where traditional models like SVM and KNN struggle due to insuf-

ficient labeled data. The results suggest that Semi-MPPCA is a promising approach for tasks with

limited labeled data, offering significant improvements over both traditional and advanced models

like AutoEncoder. Figure 4.6, Figure 4.7 and Figure 4.8 illustrates the F1 scores, accuracies and

AUC scores across different amounts of labeled data for all models on the 3-class OE classification

task.

Activity Recognition Results - 3 class

Table 4.4 presents the F1 scores for 3-class classification on the AR dataset, comparing Semi-

MPPCA with several baseline models across varying amounts of labeled data. The results demon-

strate that Semi-MPPCA consistently outperforms all baseline methods, achieving the highest F1

scores across all label sets. Notably, even with only 15 labeled instances, Semi-MPPCA attains an
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Table 4.3: F1 score for 3-class Classification on OE Dataset

Method 15 Labels 30 Labels 45 Labels 60 Labels 75 Labels
SVM 62.66 69.07 69.27 71.29 72.32
KNN 63.18 69.62 69.87 72.17 72.65
DT 70.33 74.52 77.66 79.33 80.29
AdaBoost 68.88 72.75 76.12 78.17 81.87
MLP 56.65 61.00 63.33 65.01 64.68
AutoEncoder 65.26 73.08 78.99 80.26 81.68
Self Training 74.47 77.60 81.08 82.10 83.82

Semi-MPPCA 75.84 79.48 84.30 85.04 86.20

Figure 4.6: F1 score summary for 3-class OE

97



Figure 4.7: Accuracy summary of 3-clas OE

Figure 4.8: AUC score summary for 3-class OE
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F1 score of 97.83%, steadily increasing to 99.33% with 75 labels. The semi-supervised AutoEn-

coder, which shares a similar representation learning approach, emerges as a strong performer, with

F1 scores ranging from 91.33% (15 labels) to 98.22% (75 labels), although it is consistently out-

performed by Semi-MPPCA. Self-Training also delivers highly competitive results, outperforming

both DT and AdaBoost on most label counts, with its F1 scores increasing from 89.21% to 97.68%

across the range, just slightly below AutoEncoder.

When compared to traditional supervised models, the advantage of Semi-MPPCA becomes even

more pronounced. Decision Trees (DT) and AdaBoost, while performing well, achieve F1 scores

of 89.86% and 88.06%, respectively, with 15 labels, and improve to 97.91% and 97.62% with 75

labels. Despite their strong performance, they are consistently surpassed by both AutoEncoder and

Self-Training, and ultimately by Semi-MPPCA at every label count. Simpler models like SVM

and KNN exhibit more modest improvements, with SVM starting at 43.93% (15 labels) and reach-

ing 60.14% (75 labels), and KNN improving from 63.13% to 84.66% over the same range. These

results highlight the limitations of traditional methods in handling the complexities of AR tasks,

particularly when labeled data is scarce. Multi-Layer Perceptron (MLP), while showing some im-

provement, achieves F1 scores of 58.82% (15 labels) to 85.22% (75 labels), still trailing behind the

top semi-supervised approaches.

Table 4.4: F1 score for 3-class Classification on AR Dataset

Method 15 Labels 30 Labels 45 Labels 60 Labels 75 Labels
SVM 43.93 47.90 51.82 55.72 60.14
KNN 63.13 75.95 77.03 82.30 84.66
DT 89.86 93.62 95.89 96.76 97.91
AdaBoost 88.06 92.74 95.67 97.38 97.62
MLP 58.82 64.09 66.67 77.05 85.22
AutoEncoder 91.33 92.19 96.77 97.83 98.22
Self Training 89.21 93.19 96.17 97.05 97.68

Semi-MPPCA 97.83 98.16 98.44 98.94 99.33

The performance trends for the AR 3-class classification task are visually depicted in Figure 4.9,

Figure 4.10, and Figure 4.11, showcasing the F1 scores, accuracy, and AUC scores across different
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Figure 4.9: F1 score summary for 3-class AR

amounts of labeled data. These figures offer a clear comparison of how each model evolves as more

labels are introduced.

Activity Recognition Results - 5 class

The updated results for the 5-class activity recognition scenario are presented in Table 4.5.

Across all label budgets, the Semi-MPPCA once again achieves the strongest performance, demon-

strating clear and consistent superiority over all baselines. With only 10 labeled samples, Semi-

MPPCA attains an F1 score of 77.87%, substantially outperforming the next-best methods, Au-

toEncoder (70.25%) and AdaBoost (67.90%). As the number of labels increases, all models show

performance gains; however, the Semi-MPPCA maintains a widening advantage at every scale.

With 20 labels, Semi-MPPCA reaches 84.51%, significantly above Self-Training (73.63%),

AdaBoost (77.05%), and DT (75.15%). At 30 labels, the model achieves 86.58%, outperforming

strong baselines such as AdaBoost (82.48%) and AutoEncoder (80.61%). The margin remains

pronounced at 40 labels, where Semi-MPPCA rises to 88.27%, surpassing DT (82.79%), Self-

Training (82.73%), and AutoEncoder (82.05%). Finally, with 50 labels, Semi-MPPCA reaches
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Figure 4.10: Accuracy summary for 3-class AR

Figure 4.11: AUC score summary for 3-class AR
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its peak performance of 89.00%, retaining a notable lead over AdaBoost (85.96%), Self-Training

(85.58%), DT (85.28%), and AutoEncoder (85.12%).

These results confirm the strong label efficiency and robustness of Semi-MPPCA, which con-

sistently provides the best performance across all label regimes.

Table 4.5: F1 score for 5-class Classification on AR Dataset

Method 10 Labels 20 Labels 30 Labels 40 Labels 50 Labels
SVM 53.78 57.37 67.17 72.07 78.47
KNN 26.07 43.95 54.22 59.35 61.24
DT 62.26 75.15 80.39 82.79 85.28
AdaBoost 67.90 77.05 82.48 84.15 85.96
MLP 24.85 31.38 36.44 38.12 44.25
AutoEncoder 70.25 71.19 80.61 82.05 85.12
Self Training 67.02 73.63 79.43 82.73 85.58

Semi-MPPCA 77.87 84.51 86.58 88.27 89.00

Figure 4.12, Figure 4.13 and Figure 4.14 provides a graphical representation of the F1 scores,

accuracy and AUC scores respectively across varying amounts of labeled data for all models on the

AR 5-class classification task, offering a clear visual comparison of their performance trends.

4.3.6 Discussion

The results across the four classification tasks reveal consistent trends that highlight the effec-

tiveness of Semi-MPPCA compared to both traditional machine learning models and deep learning

methods. A clear pattern emerges, with Semi-MPPCA achieving the highest performance across all

tasks, especially as the number of labeled samples increases. While simpler tasks like binary clas-

sification show relatively strong results for all models, more complex multi-class problems expose

the limitations of traditional approaches. AutoEncoder, leveraging deep feature extraction, often

performs competitively, but still falls short of Semi-MPPCA’s capabilities. We can also observe a

striking trend of the steadily increasing F1 scores across all models as the number of labeled samples

grows.
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Figure 4.12: F1 score summary for 5-class AR

Figure 4.13: Accuracy summary for 5-class AR
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Figure 4.14: AUC score summary for 5-class AR

Interestingly, classical methods such as Decision Tree and AdaBoost show strong baseline per-

formance, particularly in binary and 3-class tasks. However, as the tasks become more intricate, like

the 5-class activity recognition problem, their improvement plateaus, revealing a struggle to capture

complex class relationships. Meanwhile, MLP presents inconsistent results, performing adequately

in simpler settings but failing to generalize effectively in multi-class scenarios. This suggests that

MLP may require more extensive hyperparameter tuning or larger labeled datasets to achieve com-

parable outcomes. It is also important to highlight that in all scenarios, the relatively weaker per-

formance of MLP emphasizes the benefits of incorporating MPPCA within a neural framework, as

opposed to relying solely on traditional neural network architectures.

Overall, these insights underscore the superiority of Semi-MPPCA, not only in binary and 3-

class problems but also in more challenging multi-class settings. The results validate the method’s

capacity to balance labeled and unlabeled data, offering a promising solution for semi-supervised

classification tasks, while shedding light on the relative strengths and weaknesses of both classi-

cal and deep learning models. Its hybrid approach, which combines probabilistic modeling with

deep learning, provides a scalable and adaptable solution for tasks requiring both accuracy and
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interpretability.

Table 4.6: Class-wise Performance of Semi-MPPCA on OE (30 Labels)

Method class 0 class 1 class 2
Accuracy 92.67 64.94 81.47
F1-score 87.58 69.93 80.43
Precision 83.01 75.76 79.41
AUC 96.83 85.57 90.24

To assess Semi-MPPCA’s ability to generalize across occupancy levels, we report per-class

performance metrics in Table 4.6, including accuracy, F1-score, precision, and AUC on Occupancy

Estimation data for the 30-label scenario. The model demonstrates strong performance on class

0 (low occupancy), with an accuracy of 92.67% and an AUC of 96.83%. However, performance

on class 1 is notably lower across all metrics, suggesting some difficulty in distinguishing medium

occupancy patterns. In contrast, class 2 shows balanced results, indicating that Semi-MPPCA can

generalize reasonably well to higher occupancy levels despite limited labeled data. These findings

highlight both the robustness of the model on dominant classes and the need for further improvement

on more ambiguous or transitional occupancy states.

4.3.7 Contribution, limitation, and future direction

The proposed Semi-MPPCA model introduces several key innovations to the field of repre-

sentation learning and semi-supervised classification. First, we adapt the Mixture of Probabilistic

Principal Component Analysis (MPPCA) framework into a neural network form by replacing the

traditional Expectation-Maximization (EM) algorithm with backpropagation. This transformation

enables the model to leverage gradient-based optimization, enhancing scalability and flexibility.

The model is then used as a pre-trained architecture that utilizes unsupervised learning to capture

complex feature representations from unlabeled data, followed by fine-tuning the output layer by

using a cluster-then-label approach for classification tasks. To address the challenge of cluster-

label misalignment which is a common issue in unsupervised and semi-supervised settings, we

introduce a novel weight-swapping technique. This mechanism dynamically aligns learned repre-

sentations with their corresponding class labels, ensuring more accurate mapping between clusters
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and target outputs. Our extensive experimental evaluations demonstrate the superior performance

of Semi-MPPCA with minimal labeled data, consistently outperforming traditional occupancy de-

tection algorithms and several state-of-the-art machine learning models. Semi-MPPCA showcases

how representation learning, when combined with finetuning, can enhance performance in data-

scarce environments. This work paves the way for further exploration of hybrid models in machine

learning.

Despite its strong performance, the Semi-MPPCA model has certain limitations. The model

demonstrates reduced effectiveness when applied to datasets with binary-encoded features, where

the input data primarily consists of simple, linear patterns (e.g., features represented by 0s and

1s). In such cases, the model give modest performance. This indicates that Semi-MPPCA is most

effective in scenarios where complex, non-linear relationships exist, allowing the model to fully

exploit its representation learning capacity. Additionally, as a deep learning-based model, Semi-

MPPCA benefits from a substantial amount of unlabeled data during the pretraining phase. In

cases where the quantity of unlabeled data is limited, the model’s ability to learn robust feature

representations may be compromised. The computational overhead associated with training a neural

network-based framework also poses a challenge, particularly for real-time or resource-constrained

environments.

To address these limitations and further enhance the capabilities of Semi-MPPCA, several

promising avenues for future research can be explored. One potential direction is the integration

of domain adaptation techniques, allowing the model to generalize more effectively across different

but related datasets. By aligning feature distributions between source and target domains, this ap-

proach could improve the model’s robustness when applied to new environments with varying data

distributions. Another valuable extension would involve incorporating Explainable AI (XAI) meth-

ods to provide greater interpretability of the learned representations and classification decisions.

Enhancing model transparency could foster trust in critical applications, such as energy-efficient

building management, by offering insights into how and why specific predictions are made.
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4.4 Conclusion

Sensor data plays a critical role in modern machine learning applications, providing rich, real-

time information about environmental conditions, user behaviors, and system states. In this chapter,

we utilize data collected from a variety of sensors, including motion sensors, door contact sensors,

temperature sensors, and light switch sensors, to capture detailed activity patterns and to detect

occupancy. We proposed the Semi-Supervised Mixture of Probabilistic Principal Component An-

alyzers (Semi-MPPCA) model, an innovative extension of the MMPCA framework adapted into

a neural network architecture for Activity Recognition (AR) and Occupancy Estimation (OE). By

replacing the traditional Expectation-Maximization (EM) algorithm with backpropagation with a

custom defined loss function to ensure that the model converge to the optimum, Semi-MPPCA lever-

ages representation learning followed by a cluster-then-label approach of semi-supervised learning,

pretraining on unlabeled data, and fine-tuning on few labeled data, effectively addressing the chal-

lenge of data scarcity in classification tasks. Additionally, we introduced a weight-swapping tech-

nique to mitigate cluster-label misalignment, enhancing the model’s alignment between learned fea-

ture representations and class labels. Our extensive experimental evaluations on both OE and AR

datasets demonstrate the effectiveness of the proposed model. The results consistently show that

Semi-MPPCA outperforms traditional machine learning models such as SVM, KNN, DT, as well

as advanced methods like AdaBoost and semi-supervised AutoEncoder, particularly with minimal

labeled data. Notably, Semi-MPPCA achieves superior F1 scores across various label proportions,

underscoring its robustness and adaptability. For the OE dataset, Semi-MPPCA consistently outper-

formed most baseline models. In the binary classification task, it achieved an F1 score of 91.56%

with 10 labels, steadily increasing to 93.62% with 50 labels, surpassing semi-supervised AutoEn-

coder and other base models. In the 3-class classification task, Semi-MPPCA obtained an F1 score

of 73.84% with 15 labels and peaked at 86.20% with 75 labels, demonstrating its robustness with

minimal labeled data. Similarly for 3-class AR, Semi-MPPCA achieved an impressive 99.33% ac-

curacy at 75 labels, starting with 97.83% at 15 labels. Semi-MPPCA also outperforms the other

base models for 5-class AR reaching an F1 score of 67.28% at 50 labels, demonstrating that Semi-

MPPCA remains effective even in complex classification scenarios. Furthermore, by maintaining
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strong performance with limited supervision, Semi-MPPCA presents a significant contribution to

the scientific community by advancing semi-supervised learning methodologies and their applica-

tions in real-world domains. In the context of smart buildings, where sensor networks continuously

collect vast amounts of environmental and occupancy data, the ability to leverage unlabeled data is

crucial for optimizing energy consumption and automation systems. While Semi-MPPCA proves

effective in handling complex, nonlinear datasets, like many deep learning models, its reliance on a

substantial amount of unlabeled data for effective pretraining poses a limitation, as smaller datasets

may not fully leverage its capabilities. Future research can focus on incorporating domain adapta-

tion techniques to enhance the model’s transferability across diverse datasets, ensuring its applica-

bility to new environments with minimal retraining. Additionally, integrating Explainable AI (XAI)

methods could provide deeper insights into the decision-making process of Semi-MPPCA, fostering

trust and transparency. By advancing these directions, we aim to further enhance practical relevance

in the development of smarter, more responsive building systems to optimize energy consumption.
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Chapter 5

Probabilistic Hypothesis Anchored

Domain Adaptation for Modeling

Human Behavior

Although the semi-supervised Semi-MPPCA framework developed in Chapter 4 effectively

leverages unlabeled data, it does not inherently resolve the challenges posed by domain shift be-

tween different buildings. To address this gap, this chapter extends Semi-MPPCA into a fully unsu-

pervised, source-free domain-adaptation framework that can transfer probabilistic structure across

environments without accessing source-domain data. By incorporating a source hypothesis-transfer

mechanism and introducing a novel anchor-based alignment strategy, our proposed model tack-

les cross-domain adaptation while preserving the mixture geometry learned from the source. This

chapter therefore completes the methodological trajectory by tackling domain shift under the most

restrictive setting: absence of target labels, very limited unlabeled target data, and no access to raw

source-domain data.
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5.1 Introduction

The building sector accounts for a substantial portion of global energy consumption [35, 58,

109, 154]. In fact, the ongoing rise in population and rapid urbanization are further amplifying en-

ergy demand, leading to a significant increase in the energy requirements of buildings [155]. Given

such a large share, even modest improvements in building energy efficiency can yield major savings

and reduce carbon emissions. Researchers have found out that one of the most promising strategies

involves modeling human behavior such as occupancy and activity patterns to enable intelligent,

data-driven control of building systems [21]. For instance, dynamically adjusting heating, venti-

lation and air-conditioning based on real-time occupancy level of that space optimize the balance

between occupants comfort and energy consumption [156]. Moreover, integrating activity recogni-

tion with occupancy estimation enables a deeper understanding of occupants’ contextual behavior,

allowing energy management systems to proactively adapt to different usage patterns. Such intelli-

gent control can, for example, pre-cool active areas, dim lighting in unoccupied zones, or regulate

appliance usage according to activity type, thereby enhancing overall energy efficiency without

compromising comfort [58, 157, 158].

Despite the rapid progress of data-driven modeling, traditional approaches for activity recogni-

tion (AR) and occupancy estimation (OE) remain heavily reliant on supervised learning paradigms

[58]. While these methods achieve strong performance in controlled settings, their effectiveness sig-

nificantly deteriorates in real-world environments due to the fundamental challenge of label scarcity.

Acquiring high-quality annotations is inherently difficult, as it typically requires manual observa-

tion, synchronized video recordings, or specialized equipment. These processes are not only costly

and time-consuming but also intrusive, raising substantial privacy concerns and hindering large-

scale deployment [34, 56, 159, 160].

A further complication arises from the heterogeneous nature of sensor systems across different

buildings. Traditional machine learning algorithms assume that the training set and the test set

follow the same data distribution. However, very often this is not the case. Models trained on

data from one specific environment often struggle when applied to another environment due to

domain shifts [32, 44, 161–163]. These shifts, which include variations in sensor configurations,
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spatial layouts, and occupant behaviors, alter the underlying data distribution, causing significant

performance degradation when models are applied to new, unseen contexts. The convergence of

these challenges, including the impracticality of supervised learning at scale, data privacy issues,

and the poor generalization across environments, forms the critical motivation for this work.

This sensitivity to distributional changes and the lack of labeled datasets underscores the need

for generalizable, label-efficient learning techniques. Recently, domain adaptation (DA) [44, 51]

has emerged as a powerful approach that leverages labeled data from a source domain together with

unlabeled data from a target domain. By aligning the underlying feature distributions between do-

mains, DA enables models to generalize across different environments without extensive relabeling,

thereby enhancing scalability while maintaining data privacy. Over the past decade, researchers

have increasingly explored deep domain adaptation as a means to bridge distribution gaps between

datasets [42, 164–166], with particular emphasis on the unsupervised closed-set scenario, where do-

mains share identical label spaces but lack labeled target samples. One prominent line of research

in domain adaptation focuses on minimizing distributional divergence between source and target

domains by aligning their statistical moments, a principle that underlies methods based on Maxi-

mum Mean Discrepancy (MMD). For example, [167] proposes a discriminative Maximum Mean

Discrepancy (MMD) approach for domain adaptation that explicitly balances domain alignment and

class separability. Their method introduces controlled intra-class constraints and reweighted inter-

class distances to preserve discriminative structure while aligning domains, resulting in improved

cross-domain generalization.

Lately, source-free domain adaptation (SFDA) [45, 168] has gained significant traction as it en-

ables knowledge transfer without accessing source data, addressing growing concerns over data pri-

vacy, security, and storage constraints. [169] proposes G-SFDA (Generalized Source-Free Domain

Adaptation) which adapts a source-trained model using only unlabeled target data while preserv-

ing source performance. It employs Local Structure Clustering (LSC) to group target features by

semantic similarity and Sparse Domain Attention (SDA) to activate domain-specific channels and

regularize gradients for stable adaptation. [170] introduces SF(DA)², a source-free domain adapta-

tion framework that reinterprets adaptation through feature-space data augmentation. By building

an augmentation graph and applying spectral neighborhood clustering along with implicit feature
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augmentation and feature disentanglement losses, the method achieves efficient, class-consistent

adaptation without prior transformation knowledge or high computational cost.

Recent works have introduced prototype- or anchor-based adaptation frameworks that align

target features with class-level representations rather than raw source samples, effectively reducing

sampling variability, class imbalance, and privacy concerns. [171] proposes Prototype-oriented

Conditional Transport (PCT) framework learns class prototypes and aligns target features through a

probabilistic bi-directional transport process, while estimating target class proportions. The method

learns class prototypes, which are latent representations that characterize each class, rather than

aligning raw source and target samples. Each prototype acts as a learnable parameter in the latent

space, serving as a stable class-level reference for alignment. This approach ensures every class

is represented during training, reduces sensitivity to outliers, and allows source-free adaptation by

aligning target features to these prototypes instead of individual source instances.

While recent advances in domain adaptation have achieved impressive progress in addressing

data scarcity, privacy, and cross-domain generalization, these methods often assume relatively sim-

ple or well-structured data distributions. However, modeling human behavior in smart buildings

poses significant challenges due to the highly non-linear, dynamic, and high-dimensional nature

of sensor data [35, 38, 172]. Traditional statistical and linear models often fail to capture com-

plex temporal dependencies and latent relationships between heterogeneous signals such as motion,

temperature, light, and CO2 levels. These interdependencies are crucial for accurately inferring

occupancy and activity patterns, which drive energy optimization and comfort control. Therefore,

a model capable of learning rich, non-linear representations while maintaining interpretability and

robustness is essential for advancing intelligent building systems.

To address these challenges, we first developed the Semi-Supervised Mixture of Probabilistic

Principal Component Analyzers (Semi-MPPCA) [35]. This model transforms the traditional Mix-

ture of Probabilistic PCA into a neural network framework [38] that supports both pretraining and

fine-tuning. During pretraining, unlabeled data are used to capture complex, high-dimensional,

nonlinear latent structures and probabilistic relationships within the feature space. A small labeled

subset is then used to fine-tune the model, aligning mixture components with their corresponding
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classes. To further enhance cluster-class consistency, a weight-swapping alignment strategy is in-

troduced, improving the interpretability and discriminative power of the latent representation. This

formulation effectively combines the uncertainty modeling of probabilistic methods with the flex-

ibility of neural architectures, enabling robust semi-supervised learning even under extreme label

scarcity.

Building on this foundation, we extend the Semi-MPPCA framework into a source-free do-

main adaptation setting through the proposed Probabilistic Hypothesis-Anchored Domain Adap-

tation (PHADA). In this case, the pretrained Semi-MPPCA serves as the source hypothesis, with

the classifier frozen and only the feature extractor adapted to an unlabeled target domain. PHADA

follows the SHOT-IM paradigm, optimizing an information-maximization objective and a pseudo-

labeling mechanism to refine target features without source data access. To further stabilize adapta-

tion, we introduce a novel component-anchor alignment strategy, which constrains evolving target

representations to remain consistent with the probabilistic geometry learned in the source domain.

This integration yields a label-efficient, interpretable, and privacy-preserving framework for cross-

building behavioral modeling. By operating without labeled target data or source samples, PHADA

minimizes the risk of negative transfer while maintaining generalization across diverse building

environments. Its design combines label efficiency, domain robustness, and data privacy within a

unified probabilistic framework.

Our work makes several contributions to advancing label-efficient, source-free domain adapta-

tion.

• We propose a probabilistic semi-supervised source model that employs a Semi-MPPCA back-

bone, a neural extension of the Mixture of Probabilistic Principal Component Analyzers (MP-

PCA) that extracts the underlying latent structure of nonlinear, high-dimensional multi-sensor

smart-building data through mixtures of low-dimensional probabilistic subspaces. This for-

mulation enables robust semi-supervised learning by leveraging unlabeled data for represen-

tation learning and minimal labeled samples for cluster-to-class alignment.

• We extend this model into a source-free domain adaptation framework and introduce a novel

component-anchor alignment mechanism that preserves the probabilistic geometry of the
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source mixture while adapting to unlabeled target data. Combined with an information-

maximization objective, this strategy stabilizes adaptation and mitigates class collapse with-

out requiring access to source data or labels.

• We demonstrate that PHADA achieves dual label efficiency, as it not only adapts success-

fully to the target domain in a fully unsupervised manner, but also learns effectively from

limited labeled data in the source domain through semi-supervised training (Semi MPPCA),

maintaining strong performance under domain shift.

The remainder of this chapter is organized as follows. Section 1 introduces the motivation and

key contributions of PHADA. Section 2 details the proposed methodology and section 3 presents

the experimental setup and results. Lastly, section 4 concludes the chapter with final remarks and

directions for future research.

5.2 Methodology

Building upon the Semi-MPPCA framework, this section introduces the proposed Probabilistic

Hypothesis-Anchored Domain Adaptation (PHADA) model, which extends Semi-MPPCA to the

unsupervised domain adaptation (UDA) setting. While Semi-MPPCA demonstrated the ability to

model nonlinear and high-dimensional sensor data with limited labeled samples, it assumes the

availability of at least a small proportion of labeled data. In contrast, PHADA addresses the practical

scenario where labeled data from the target domain are entirely unavailable, and direct access to the

source data is restricted due to privacy or storage constraints. Instead, adaptation relies solely on

the pretrained source model, making the approach source-free and label-efficient.

5.2.1 Source HypOthesis Transfer (SHOT)

In real-world smart-building environments, models trained on one building often fail to gener-

alize to another due to variations in sensor placement, architecture, and occupant behavior. These

variations induce a domain shift, where the target data distribution pt(x) differs from the source dis-

tribution ps(x), resulting in degraded performance if models are transferred directly. PHADA mit-

igates this problem by transferring the knowledge embedded in the source hypothesis (the learned
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parameters of the Semi-MPPCA model) to the target domain without relying on labeled target data.

Formally, the pretrained source model is denoted as:

fs(x) = hs(gs(x)), (43)

where gs : Xs → Rd represents the feature extractor that maps sensor inputs to a d-dimensional

latent space, and hs : Rd → RK is the classifier that outputs the posterior probabilities over K

classes. The corresponding target model is ft(x) = ht(gt(x)). Following the principle of Source

Hypothesis Transfer (SHOT), the classifier weights are transferred and frozen such that ht = hs,

while the target feature extractor gt is updated to align with the fixed decision boundaries of the

source hypothesis.

5.2.2 SHOT - Information Maximization (SHOT-IM)

The adaptation process is guided by an information-theoretic objective that simultaneously pro-

motes prediction confidence and class-level diversity among unlabeled target samples. The first

component is the conditional entropy term, which encourages the model to produce confident, low-

entropy predictions for each target instance:

Lent(ft;Xt) = −Ext∼Xt

K∑
k=1

δk(ft(xt)) log δk(ft(xt)), (44)

where δk(ft(xt)) denotes the predicted probability for class k given a target input xt. Minimizing

Lent reduces predictive uncertainty and encourages outputs close to one-hot vectors.

However, conditional entropy minimization alone can lead to degenerate solutions, such as map-

ping all target samples to a single class. To prevent this, SHOT-IM incorporates a second term that

promotes global prediction diversity across the entire target dataset:

Ldiv(ft;Xt) =

K∑
k=1

p̂k log p̂k, (45)

where

p̂k = Ext∼Xt [δk(ft(xt))]
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is the mean predicted probability of class k over the target domain. This term is minimized when the

marginal distribution of predictions approaches the uniform distribution, thereby enforcing balanced

class usage and preventing collapse.

Together, Lent and Ldiv constitute the Information Maximization (IM) objective, ensuring that

target outputs are individually confident yet globally diverse, even in the absence of source data.

5.2.3 Source Hypothesis Transfer Augmented with Self-supervised Pseudo-labeling

Building on the probabilistic latent representation learned by Semi-MPPCA, the pseudo-label

refinement mechanism in PHADA operates directly within the responsibility-weighted embedding

space. Unlike deterministic feature embeddings, each target representation gt(xt) reflects a soft

mixture activation, allowing pseudo-labels to form around flexible component boundaries. This

probabilistic formulation yields a more stable refinement process that remains consistent with the

Semi-MPPCA backbone, as both mixture responsibilities and pseudo-labels co-evolve during adap-

tation.

Once the information-maximization objective has partially aligned the target encoder gt with

the frozen classifier ht, PHADA sharpens decision boundaries through a self-supervised prototype-

based refinement. The goal is to construct class prototypes directly from target features and to

iteratively improve pseudo-label quality without relying on source data.

Let ft = ht ◦ gt denote the current target hypothesis, and let pk(xt) = δk(ft(xt)) be the

predicted probability for class k. We begin by estimating initial class prototypes via probability-

weighted averaging:

c
(0)
k =

∑
xt∈Xt

pk(xt) gt(xt)∑
xt∈Xt

pk(xt)
for k = 1, . . . ,K. (46)

These soft prototypes emphasize high-confidence samples while attenuating noisy predictions. Us-

ing these initial prototypes, each target instance is assigned a pseudo-label via nearest-prototype

matching using cosine distance Df :

ŷt = arg min
k∈{1,...,K}

Df

(
gt(xt), c

(0)
k

)
. (47)
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To reduce initialization bias and better reflect the underlying structure of the target domain, we

update the prototypes using hard assignments:

c
(1)
k =

∑
xt∈Xt

1[ŷt = k] gt(xt)∑
xt∈Xt

1[ŷt = k]
, (48)

and optionally reassign labels using the updated prototypes (one refinement round is typically suffi-

cient):

ŷt = argmin
k

Df

(
gt(xt), c

(1)
k

)
.

The final pseudo-labels provide a self-supervised training signal through a cross-entropy objec-

tive with the frozen classifier:

LPL = E(xt,ŷt)∈Xt×Ŷt

[
K∑
k=1

1[k = ŷt] log δk(ht(gt(xt)))

]
. (49)

This pseudo-label term complements the information-maximization objective: while LIM pro-

motes globally confident and diverse predictions, LPL enforces local class consistency by pulling

features toward class prototypes, thereby improving separability in the target domain.

5.2.4 Component-Anchor Alignment

In PHADA, the SHOT-IM framework is embedded within the probabilistic latent space learned

by Semi-MPPCA. Unlike deterministic feature extractors, Semi-MPPCA represents each input as a

mixture of probabilistic subspaces, expressed through soft responsibilities R(x) = [r1(x), . . . , rK(x)],

where ri(x) denotes the posterior responsibility of component i. The target encoder gt therefore op-

erates in a responsibility-aware latent space, and adaptation must preserve the mixture structure

learned from the source domain.

The adaptation procedure begins by transferring the pretrained Semi-MPPCA parameters (µi,Wi, σi, πi)

from the source domain. The classifier ht remains frozen, while gt is optimized using the information-

maximization objective over unlabeled target samples. This aligns the target responsibilities with

the source hypothesis but does not guarantee that the adapted components remain geometrically

consistent with their source counterparts.
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A key limitation of SHOT-IM is that entropy-based alignment alone provides no constraint on

how target features relate to the mixture structure learned by Semi-MPPCA. As a result, component

assignments may drift during adaptation, weakening the correspondence between source and target

latent spaces. To prevent such drift, PHADA introduces a component-anchor alignment mechanism

that explicitly preserves the geometric organization of the source mixture components.

For each mixture component i, Semi-MPPCA provides responsibility-weighted statistics com-

puted over the source domain:

µS
i =

∑
xs∈Xs

ri(xs) gs(xs)∑
xs∈Xs

ri(xs)
, (50)

ΣS
i =

∑
xs∈Xs

ri(xs) (gs(xs)− µS
i )(gs(xs)− µS

i )
⊤∑

xs∈Xs
ri(xs)

, (51)

πS
i =

1

|Xs|
∑

xs∈Xs

ri(xs). (52)

Analogous target statistics (µT
i ,Σ

T
i , π

T
i ) are computed from the responsibilities ri(xt) and fea-

tures gt(xt) over the target set Xt:

µT
i =

∑
xt∈Xt

ri(xt) gt(xt)∑
xt∈Xt

ri(xt)
. (53)

ΣT
i =

∑
xt∈Xt

ri(xt) (gt(xt)− µT
i )(gt(xt)− µT

i )
⊤∑

xt∈Xt
ri(xt)

. (54)

πT
i =

1

|Xt|
∑
xt∈Xt

ri(xt). (55)

PHADA then penalizes deviations between source and target component statistics using the

following anchor loss:

Lanchor = wµ

K∑
i=1

∥µT
i − µS

i ∥22 + wΣ

K∑
i=1

∥ΣT
i − ΣS

i ∥2F + wπ

K∑
i=1

πT
i

(
log πT

i − log πS
i

)
, (56)
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where ∥ · ∥F denotes the Frobenius norm, and wµ, wΣ, and wπ control the relative contribu-

tions of mean, covariance, and mixture-weight alignment. The last term corresponds to the Kull-

back–Leibler divergence KL(πT ∥πS) between source and target mixture weights.

Combining the information-maximization objective, pseudo-label refinement, and the component-

anchor loss, the target encoder gt is optimized by minimizing

LPHADA = LLdiv
+ LLent − β LPL + λa Lanchor, (57)

where β > 0 is a balancing hyper-parameter and λa > 0 balances probabilistic structure preserva-

tion through the anchor loss. Throughout adaptation, the classifier ht remains frozen while only gt

is updated. In practice, prototypes and pseudo-labels are refreshed once per epoch, and the joint use

of LIM, Lanchor, and LPL consistently improves performance over information maximization alone.

PHADA unifies information-theoretic adaptation and probabilistic alignment within a source-

free learning paradigm. The SHOT-IM pseudo-label objective enables confident and balanced pre-

dictions in the target domain, while the component-anchor alignment ensures that the adaptation

remains consistent with the probabilistic geometry of the source model. This dual mechanism pro-

vides PHADA with strong label efficiency, interpretability, and stability under domain shift, making

it highly suitable for adaptive modeling in intelligent building environments.

5.3 Experimental Setup & Results

5.3.1 Datasets

This study builds on the datasets employed in our previous work, Semi-MPPCA, which are now

restructured to support domain adaptation experiments. We use four datasets representing comple-

mentary aspects of human-centered sensing: two publicly available CASAS datasets for Activity

Recognition (AR) [137] and two private datasets collected at the Grenoble Institute of Technology

for Occupancy Estimation (OE) [21, 27, 34, 35, 119]. In the prior study, one dataset from each

category was used for in-domain training and evaluation. In this extension, we incorporate a second

dataset for each task to construct source–target domain pairs, thereby enabling the evaluation of
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cross-environment generalization under the proposed domain adaptation framework.

Activity Recognition (AR)

The CASAS dataset comprises labeled sensor event data from multiple smart homes equipped with

motion, door, temperature, and light sensors. For this study, we select data from two distinct envi-

ronments (hh101 as the source domain and hh102 as the target domain) to simulate domain shifts

arising from differences in spatial configuration and activity distribution. The same three (Watching

TV, Toileting and Cooking breakfast) and five activity classes (Watching TV, Toileting, Cooking

breakfast, Dressig and Sleeping) from our prior setup are retained to ensure comparability, and the

preprocessing protocol, including feature extraction, normalization, and class balancing, remains

unchanged.

Occupancy Estimation (OE)

The private Grenoble dataset provides labeled occupancy information alongside environmental and

motion features acquired through an ambient sensing network. In this study, we extend this setting

by incorporating a second dataset, using office H358 as the source domain and office H355 as the

target domain, both located within the Grenoble Institute of Technology and instrumented with com-

parable sensor infrastructures. This inclusion enables an evaluation of cross-building generalization,

reflecting deployment scenarios in which a model trained in one space must adapt to another with

similar sensing modalities but different spatial layouts and occupancy behaviors. Following prior

work, both datasets support binary and three-class occupancy prediction tasks. Although the orig-

inal data include richer occupancy annotations, our experiments focus on three levels:0 , 1, and 2.

All datasets were collected from heterogeneous Internet of Things (IoT) sensors, including power

consumption, CO2 concentration, humidity, temperature, door and window contact sensors, and

acoustic pressure measurements.

By leveraging the same datasets in a domain-adaptive setting, this study maintains methodolog-

ical continuity with our prior work while extending its scope to cross-domain generalization which
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is a critical step toward scalable, environment-agnostic smart building analytics.

5.3.2 Base Models

K-means

K-means is an unsupervised learning algorithm that partitions data into clusters by assigning each

point to the nearest cluster centroid. It iteratively updates centroids to minimize the distance within

clusters, grouping similar data points together.

K-means AutoEncoder

K-means AutoEncoder combines an autoencoder neural network with K-means clustering. The

autoencoder learns a low-dimensional latent representation of the input data by compressing and

reconstructing it, capturing essential features while reducing dimensionality. K-means is then ap-

plied to cluster these latent features, enabling improved grouping compared to clustering raw data.

This approach leverages deep feature learning with traditional clustering for better unsupervised

classification.

5.3.3 Cluster Alignment with a Teacher

Cluster Alignment with a Teacher (CAT) [173] is a deep unsupervised domain adaptation method

that enhances alignment by incorporating discriminative class-conditional structures from both source

and target domains. It utilizes a teacher-student paradigm where an implicit ensemble teacher model

provides pseudo labels for the unlabeled target data, enabling reliable discovery of class structures

in the target feature space. CAT optimizes a combination of supervised loss on the source data and
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two unsupervised objectives: a discriminative clustering loss that encourages intra-class compact-

ness and inter-class separation,

Lc(X) =
1

|X|2

|X|∑
i=1

|X|∑
j=1

[δijd(f(xi), f(xj)) + (1− δij)max(0,m− d(f(xi), f(xj)))] (58)

where d measures feature distance, δij indicates whether instances share the same (pseudo) label,

and m is a margin.

and a cluster alignment loss that matches source and target class centroids,

La =
1

K

K∑
k=1

∥λs,k − λt,k∥22 . (59)

where λs,k and λt,k are computed as

λs,k =
1

|Xs,k|
∑

xs
i∈Xs,k

f(xsi ), λt,k =
1

|Xt,k|
∑

xt
i∈Xt,k

f(xti). (60)

where Xs,k denotes the subset of Xs containing all source samples with ground-truth label k,

and Xt,k denotes the subset of Xt consisting of all target samples assigned to class k by the teacher

classifier h.

5.3.4 SHOT-IM

The Source Hypothesis Transfer Info-Max (SHOT-IM) [136] model is a source-free domain adap-

tation method that optimizes an information maximization objective to adapt a well-trained source

classifier to the target domain. Since the classifier head remains fixed, adaptation is achieved solely

by updating the feature extractor to produce confident and diverse target predictions. SHOT-IM min-

imizes conditional entropy while maximizing marginal entropy, encouraging well-separated target

clusters.
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5.3.5 PHADA without Anchors

PHADA (without anchors) variant corresponds to the proposed model but excludes its main in-

novation: the anchor-guided alignment mechanism. We first train a Semi-MPPCA model on the

source domain and we then apply SHOT-IM pseudo-labeling on minimal target data for unsuper-

vised domain adaptation. We include this variant to illustrate the contribution of our anchor-based

mechanism, allowing us to directly compare performance and show how the introduction of anchors

leads to more stable and accurate domain alignment.

5.3.6 Metrics

To evaluate model performance, we primarily rely on the F1 score. While accuracy provides a

simple measure of overall correctness, it often overlooks the trade-off between precision and recall,

especially when both false positives and false negatives are of concern. The F1 score, defined as

the harmonic mean of precision and recall, captures this balance by combining both aspects of

classification performance into a single value. This makes it a more reliable indicator of a model’s

discriminative ability, even under balanced data conditions.

To compute the F1 score, two key quantities are first determined: Precision (P) and Recall (R),

given by Equation 61 and Equation 62 respectively. Precision measures the proportion of correctly

predicted positive instances among all predicted positives, whereas Recall measures the proportion

of actual positive instances that are correctly identified. These metrics are expressed as:

Precision (P) =
TP

TP + FP
(61)

Recall (R) =
TP

TP + FN
(62)

The F1 score, given by Equation 63, integrates both Precision and Recall into a single metric

that rewards models achieving a balanced trade-off between the two:
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F1 Score =
2× P ×R

P +R
(63)

By encapsulating both types of classification errors, the F1 score provides a nuanced and infor-

mative measure of predictive performance, enabling more reliable model comparisons and refine-

ments.

For completeness, we also report accuracy as a supplementary measure. Accuracy, given by

Equation 64, reflects the overall proportion of correctly classified instances relative to the total

number of predictions and is defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
× 100 (64)

While accuracy offers a broad overview of model correctness, the F1 score remains the pre-

ferred evaluation criterion in this study due to its sensitivity to both precision and recall, ensuring a

balanced and equitable assessment of model performance.

5.3.7 Experimental setup

The experimental setup for PHADA closely follows the protocol used in our previous Semi-

MPPCA study, ensuring consistency and enabling fair comparisons. All models, including PHADA

and the baseline approaches, are evaluated on the OE dataset for binary and three-class classifica-

tion tasks, and on the AR dataset for three-class and five-class settings to provide a comprehensive

performance assessment. Each reported result represents the mean over 10 independent runs, with

30% of the data randomly selected as the test set in each iteration. To analyze the impact of target-

domain data availability in the unsupervised adaptation setting, we vary the number of unlabeled

target samples used during training. Specifically, we consider 10, 20, 30, 40, and 50 unlabeled

instances for the binary and five-class tasks, and 15, 30, 45, 60, and 75 unlabeled instances for the

three-class tasks, using balanced sampling across classes. This design enables a thorough evaluation

of PHADA across various target-domain settings without using labeled data. For activity recogni-

tion (AR), the source domain uses the same 32-dimensional representation described in Chapter 5.

As in earlier experiments, 2,000 samples per class are initially available; however, for PHADA we
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restrict source supervision to only 50 labeled samples per class, reflecting the highly constrained

conditions assumed in this chapter. On the target side, we construct a balanced dataset by sampling

2,000 instances per class, reserving 30% for testing. From the remaining target samples, only a very

small subset of unlabeled data is retained for adaptation, consistent with the strict PHADA evalua-

tion setting described above. For occupancy estimation (OE), we adopt the same preprocessing steps

used in previous chapters. In this case, however, we operate directly on the original imbalanced OE

dataset (with distributional details provided in Chapter 2). As in AR, PHADA limits source super-

vision to 50 labeled samples per class. After creating the target set and holding out 30% for testing,

only a restricted portion of the remaining unlabeled target samples is used for unsupervised adap-

tation. This configuration allows PHADA to be evaluated under an imbalanced, low-supervision

scenario, closely reflecting the constraints encountered in real smart-building environments.

K-means is implemented using scikit-learn with its default initialization strategy and hyperpa-

rameter configuration. For the K-means Autoencoder Variant, we use an encoder–decoder architec-

ture consisting of a single hidden layer of 64 ReLU units and an 8-dimensional latent space. The

autoencoder is trained for 10 epochs using MSE loss, the Adam optimizer (lr = 1e-3), and a batch

size of 64. After training, latent representations from both source and target domains are extracted

and clustered with scikit-learn’s default KMeans implementation, using a number of clusters equal

to the number of classes. Cluster assignments are then mapped to class labels via majority voting

on the training portion of the data.

For CAT, source and target datasets are loaded into PyTorch DataLoaders with a batch size of

128, shuffling the source data while iterating over the target data in parallel. The backbone consists

of an input layer matching the feature dimension, a hidden layer of 256 ReLU units with batch

normalization, and a 128-dimensional feature output. A single linear layer serves as the classifier

head. Training proceeds for 50 epochs using the Adam optimizer (lr = 1e-3) with gradient clipping

at a norm of 5.0. The EMA teacher model uses momentum 0.98, and all computations are performed

on GPU when available. Target-domain evaluation is performed using the EMA teacher network.

For SHOT-IM, the source model is a supervised feedforward neural classifier with an input di-

mension matching the feature space, a 128-unit hidden layer, and an output layer with num classes

units. It is trained for 10 epochs with batch size 128 using the Adam optimizer (lr = 0.001) and
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sparse categorical cross-entropy on scaled source data. SHOT-IM adaptation is then performed by

cloning the source model, freezing the classifier head, and updating only the encoder using un-

labeled target data (batch size 512) for 18 epochs. Optimization uses SGD with momentum 0.9,

Nesterov acceleration, and a polynomial learning-rate decay schedule (initial lr = 0.006, γ = 7.2,

power = 0.6). The model minimizes the InfoMax loss, and gradients are clipped to a norm of 5.0.

PHADA and its ablation without anchors follow the same source-model training protocol as

Semi-MPPCA. To enhance label efficiency, the source model is trained using only 50 labeled in-

stances per class. The domain adaptation stage mirrors the SHOT-IM configuration. PHADA with-

out anchors adds pseudo-labeling to improve target supervision, while the full PHADA model fur-

ther incorporates anchor-based alignment.

5.3.8 Results

Binary Occupancy Estimation

The results in Table 5.1 provide a detailed comparison of binary occupancy estimation performance

across several base models using the OE Dataset. PHADA, the proposed framework, consistently

outperforms the various baseline models as the number of unlabeled target instances increases.

With 10 unlabeled instances, PHADA achieves an F1 score of 91.19, surpassing its ablation with-

out Anchors (89.28%) as well as the baseline models SHOT-IM (80.95%) and K-means AutoEn-

coder (78.30%). As the number of unlabeled instances rises to 50, PHADA’s score continues to

climb, reaching 94.45, while SHOT-IM reaches 86.41 and K-means AutoEncoder 85.05%. This

indicates that PHADA’s strong performance is primarily due to its ability to effectively leverage

knowledge from the labeled source dataset, facilitating robust extraction of domain-invariant fea-

tures even when faced with domain shift. Examining K-means and its AutoEncoder variant shows

scores increasing from 78.03% and 78.30% at 10 instances, to 83.93% and 85.05% at 50 instances,

respectively. CAT lags considerably in lower unlabeled samples (67.11% at 10), though its relative

improvement by 50 instances climbs to 80.30%; still consistently beaten by PHADA at each data

increment. Notably, SHOT-IM is the strongest of the competitive baselines, starting at 80.95% and
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ending at 86.41%, but its growth rate does not match PHADA’s. PHADA without Anchors also

shows high scores, maintaining above 89% at all settings, but the full PHADA framework improves

upon this by approximately 2-3 F1 points at each step, confirming the benefit of anchoring in un-

supervised adaptation. Overall, results across all models highlight that increasing unlabeled target

data enhances unsupervised domain adaptation performance, but PHADA’s design more efficiently

leverages this data, gaining a performance advantage as the problem scales.

Table 5.1: F1 score for binary Classification on OE Dataset

Method 10 samples 20 samples 30 samples 40 samples 50 samples
K-means 78.03 80.01 81.13 83.41 83.93
K-means AutoEncoder 78.30 79.27 80.42 83.86 85.05

CAT 67.11 72.43 77.57 78.04 80.30
SHOT-IM 80.95 82.25 84.75 85.49 86.41

PHADA without Anchors 89.28 90.60 90.70 90.75 91.23

PHADA 91.19 91.86 93.21 93.34 94.45

3-class Occupancy Estimation

The 3-class occupancy estimation results in Table 5.2 further reinforce PHADA’s superior adap-

tation capability. PHADA consistently achieves the highest F1 scores across all unlabeled target

instances, ranging from 87.86% at 15 labels to 92.27% at 75 labels. Its performance improve-

ment over the next best variant, PHADA without anchors, somewhat similar the binary case, still

highlights the pivotal role of anchoring in enhancing domain alignment and class discrimination.

Baseline methods show mixed trends: K-means steadily improves but plateaus near the higher label

counts, while its AutoEncoder variant continues to improve steadily, while CAT performs poorly at

low unlabeled data amounts (44.51% at 15 labels), though improving to 71.21% at 75 labels. This

again illustrates CAT’s difficulty with limited target data, in contrast to PHADA which maintains

strong classification even in low-resource scenarios. SHOT-IM performs competitively among base-

lines, but PHADA outperforms it while also using fewer source labels, illustrating PHADA’s greater

label efficiency and robustness. Overall, these results demonstrate PHADA’s strength in leveraging
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source knowledge through anchor-guided adaptation to achieve consistent high accuracy across in-

creasing target data, further validating the framework’s domain adaptation design in multi-class

occupancy estimation.

Table 5.2: F1 score for 3-class Classification on OE Dataset

Method 15 samples 30 samples 45 samples 60 samples 75 samples
K-means 72.62 76.39 76.41 76.65 76.76
K-means AutoEncoder 72.15 76.06 80.00 80.44 83.18

CAT 44.51 58.53 59.63 68.23 71.21
SHOT-IM 70.56 72.57 77.75 78.60 80.60

PHADA without Anchors 85.98 86.63 86.92 88.19 89.47

PHADA 87.86 88.86 89.89 90.21 92.27

3-class Activity Recognition

The 3-class activity recognition results in Table 5.3 demonstrate PHADA’s superior performance

and robustness compared to baseline methods. PHADA achieves the highest F1 scores across all

unlabeled target data sizes, starting at 93.17% with 15 labels and improving to 95.16% at 75 la-

bels, outperforming PHADA without anchors and the strong SHOT-IM baseline. Baselines such

as K-means and K-means AutoEncoder show gradual improvement with more data but remain far

behind. CAT exhibits a peculiar trend with low performance initially (29.62% at 15 labels) but a

spike at 75 labels, suggesting instability or sensitivity to data size. SHOT-IM performs strongly,

especially at larger label sizes, but PHADA’s consistent advantage highlights its superior capability

in leveraging source knowledge efficiently and adapting to the target domain with fewer labeled

source samples. The anchoring mechanism further contributes to stable improvements by providing

effective domain alignment. These results confirm PHADA’s effectiveness in human activity recog-

nition tasks, combining label efficiency and robust feature adaptation to handle varying amounts of

unlabeled target data while maintaining high classification accuracy.
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Table 5.3: F1 score for 3-class Classification on AR Dataset

Method 15 samples 30 samples 45 samples 60 samples 75 samples
K-means 32.13 38.82 41.15 42.75 44.72
K-means AutoEncoder 37.03 52.37 65.45 72.74 73.88

CAT 29.62 29.71 42.35 46.42 57.94
SHOT-IM 84.08 87.20 86.68 91.07 92.23

PHADA without Anchors 91.96 92.99 93.40 93.43 94.15

PHADA 93.17 93.41 93.94 94.42 95.16

5-class Activity Recognition

The 5-class activity recognition results in Table 5.4 highlight PHADA’s ability to sustain high and

steadily improving classification performance as task complexity increases. Unlike the previous

sub-sections, here the gains of PHADA over baselines are especially meaningful given the increased

number of classes, which typically exacerbates the domain shift challenge. PHADA achieves F1

scores starting from 80.60% with just 10 labels, progressing steadily to 86.75% at 50 labels, out-

performing its variant without anchors (from 78.66% to 84.33%) and all baseline models, including

SHOT-IM, which ranges from 75.69% to 85.59%. Traditional clustering approaches like K-means

variants show limited improvement, with K-means AutoEncoder rising to 56.58% at 50 labels and

CAT performing the weakest overall (below 34% throughout). This contrast highlights PHADA’s ef-

fectiveness in complex multi-class activity classification scenarios where class overlap and domain

shift pose heightened challenges.

Table 5.4: F1 score for 5-class Classification on AR Dataset

Method 10 samples 20 samples 30 samples 40 samples 50 samples
K-means 31.86 33.28 34.93 36.85 37.30
K-means AutoEncoder 33.36 39.07 41.56 45.25 56.58

CAT 19.75 23.55 28.60 32.85 33.45
SHOT-IM 75.69 75.92 77.45 80.98 85.59

PHADA without Anchors 78.66 79.80 80.28 83.28 84.33

PHADA 80.60 82.72 83.51 85.97 86.75

Overall, K-means and its AutoEncoder extension provide a useful baseline and show progressive
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improvements with greater unlabeled data. As seen in the results, K-means AutoEncoder consis-

tently yields higher F1 scores than K-means across all tasks, demonstrating superior representation

learning capacity. However, like K-means, its gains taper off in more challenging multi-class or

low-label scenarios where domain shifts are more pronounced. Their relatively limited ability to

leverage source domain knowledge and align complex target domain distributions restricts their

adaptability compared to PHADA.

Although CAT is recognized as a strong unsupervised domain adaptation method and achieves

substantial improvements when more data is available, its performance drops when trained with

very limited target data. Unlike PHADA, CAT struggles to maintain strong adaptation capability

in low-data regimes, whereas PHADA effectively leverages source knowledge and its anchoring

mechanism to deliver robust performance even with very sparse target data.

It is important to note that PHADA achieves superior results not only because of its adaptation

mechanism, but also due to its label efficiency. Specifically, PHADA is designed to use fewer la-

beled samples from the source domain (semi-supervised setting), whereas the SHOT-IM baseline

typically relies on a well-performing source model that is trained using fully supervised data. Al-

though SHOT-IM delivers strong results among the baselines, its effectiveness is highly dependent

on the availability of substantial source label information. In contrast, PHADA consistently outper-

forms SHOT-IM across all unlabeled target data settings, demonstrating that it not only performs

better but also does so with access to significantly fewer labeled samples, highlighting its superior

label efficiency and adaptability.

The inclusion of anchors in PHADA clearly demonstrates its importance and effectiveness.

PHADA with anchors consistently outperforms the version without anchors by a noticeable mar-

gin across all unlabeled data settings. The anchoring mechanism serves as stable reference points

that facilitate better alignment of feature distributions between the source and target domains and

helps mitigate negative transfer. This results in more precise and semantically consistent feature

adaptation, which translates into higher F1 scores. Therefore, the improvement seen with anchors

underscores their crucial role in enhancing PHADA’s ability to reduce domain shift and improve

classification accuracy under unsupervised domain adaptation scenarios, highlighting its suitability

for real-world deployment.
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5.3.9 Discussion

The baseline methods compared include Source, Fine-tune Target, and Target. The Source

model is trained exclusively on source domain data and evaluated directly on the target data without

any form of domain adaptation, serving as a natural lower bound for cross-domain performance.

The Fine-tune Target variant builds upon a Semi MPPCA model pre-trained on source data, which

is then fine-tuned on the limited labeled target data and tested on the target domain, without any

explicit domain adaptaion strategies. Lastly, the Target model is a semi-MPPCA trained directly on

the target dataset under a semi-supervised setting, serving as an upper bound for performance since

it has access to target domain labels during training.

It is important to clarify the choice of baseline models used for comparison and their significance

in evaluating the effectiveness of PHADA. The Source model serves as a fundamental benchmark

illustrating the limitations of direct transfer without adaptation, exposing domain shift challenges.

The Fine-tune Target model reflects practical scenarios where limited labeled target data is used to

adapt a pre-trained source model, though without employing a dedicated domain adaptation frame-

work. The Target model represents an idealized upper bound, trained with access to sufficient

labeled target data, setting the standard for achievable performance in each classification task.

Analyzing the results for 30 labeled target instances (30 unlabeled target samples in the case of

PHADA) in Table 5.5, the Source models consistently yield poor accuracy and F1 scores, such as

27.57% accuracy and 11.92% F1 on binary occupancy estimation, highlighting the significant do-

main shift between source and target. The Fine-tune Target models markedly improve over Source,

for example demonstrating accuracy gains from 13.08% to 72.43% in the 3-class occupancy case;

however, their gains vary and are limited in more complex settings such as 5-class activity recogni-

tion, where accuracy remains low at 20.00%. The Target models, with full access to target labels,

achieve solid performance across all cases, including 92.52% accuracy in binary occupancy and

80.95% in 5-class activity recognition, setting a meaningful performance ceiling.

PHADA surpasses all baselines across all classification tasks with accuracy and F1 scores close

to or exceeding those of the Target models, e.g., obtaining 92.99% accuracy and 93.21% F1 in binary

occupancy, and 84.10% accuracy and 83.51% F1 in 5-class activity recognition. Notably, PHADA
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achieves these top results using only 30 unlabeled target instances while leveraging knowledge from

source data and employing anchor-guided domain adaptation. This demonstrates PHADA’s superior

capability in bridging domain gaps effectively and efficiently, improving performance beyond naive

source-only training or limited fine-tuning, and even outperforming the upper bound represented by

semi supervised target training.

Table 5.5: Performance comparison score for 3-class Classification on OE and AR Dataset (30
labels)

Method Variant Accuracy F1

Source

Binary OE 27.57 11.92
3-class OE 13.08 8.25
3-class AR 33.67 17.37
5-class AR 23.45 14.03

Fine-tune Target

Binary OE 86.92 86.10
3-class OE 72.43 52.46
3-class AR 42.17 31.93
5-class AR 20.00 6.67

Target

Binary OE 92.52 92.39
3-class OE 81.31 77.41
3-class AR 92.17 92.16
5-class AR 80.95 80.98

PHADA

Binary OE 92.99 93.21
3-class OE 88.32 88.86
3-class AR 93.42 93.41
5-class AR 84.10 83.51

The one-shot PHADA results, summarized in Table 5.6, demonstrate the model’s remarkable

ability to adapt with extremely limited target data, using only a single unlabeled target instance

per class for training. Despite this extreme data scarcity, PHADA achieves strong accuracy and

F1 scores across tasks, such as 87.85% in binary occupancy estimation and 68.85% in the more

complex 5-class activity recognition. This highlights its robust generalization and domain alignment

capabilities, enabling meaningful adaptation even in highly constrained scenarios where traditional

methods would struggle.

PHADA’s one-shot adaptation capability demonstrates its ability to capture domain-invariant

features while effectively leveraging source knowledge, minimizing reliance on labeled target data.
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This scenario reflects real-world conditions where acquiring large annotated or even unlabeled target

datasets is often impractical or costly. By achieving competitive performance using only a single

unlabeled instance per class, PHADA reduces annotation burdens, accelerates deployment, and

maintains robust domain alignment across diverse environments. Moreover, one-shot adaptation

challenges conventional domain adaptation methods, which typically require substantial target data

to learn domain-invariant features and often suffer from overfitting or poor generalization in low-

data regimes. PHADA’s anchor-guided approach, however, enables effective knowledge transfer

and domain alignment despite the acute scarcity of target samples, highlighting its robustness and

flexibility. Studying this extreme low-data setting highlights the framework’s scalability, flexibility,

and potential for real-world applications, while also motivating further research in ultra-low-data

adaptive learning for efficient and deployable AI systems.

Table 5.6: One-shot PHADA

Method Accuracy F1
Binary OE 87.85 87.85

3-class OE 72.90 73.66

3-class AR 79.75 77.94

5-class AR 68.85 65.96

5.4 Conclusion

Modern smart buildings increasingly rely on data-driven models to optimize energy consump-

tion, enhance occupant comfort, and support sustainability objectives. However, achieving accurate

occupancy estimation and activity recognition remains challenging due to the scarcity of labeled

data, privacy constraints, and significant domain shifts between buildings with different layouts, sen-

sors, and behavioral patterns. Traditional supervised methods are further limited by their reliance on

extensive labeled data and their difficulty modeling the complex, nonlinear, and high-dimensional

structure of smart-building sensor streams. These obstacles highlight the need for unsupervised and

source-free domain adaptation methods that can generalize across environments while minimizing

reliance on annotated data. This work presented PHADA (Probabilistic Hypothesis-Anchored Do-

main Adaptation), a novel framework designed to achieve robust and label-efficient adaptation in
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smart-building environments. Building upon the Semi-MPPCA model, employed to address the

challenge of modeling complex, high-dimensional, heterogeneous smart-building data, PHADA in-

tegrates probabilistic representation learning with the Source Hypothesis Transfer (SHOT) pseoudo-

label framework to enable source-free domain adaptation. By freezing the source classifier and opti-

mizing the target feature extractor through an information maximization objective, PHADA ensures

confident and diverse predictions on unlabeled target data. Furthermore, the component-anchor

alignment mechanism preserves the probabilistic geometry of the source mixture during adaptation,

helping stabilize the target feature space and preventing class collapse even without access to source

data. Extensive experiments across occupancy estimation and activity recognition datasets and vary-

ing amounts of unlabeled target data demonstrate that PHADA consistently outperforms competitive

baselines, including SHOT-IM, CAT, and K-means variants and its ablation PHADA without An-

chors, while maintaining strong performance in low-data and one-shot adaptation scenarios. The

results demonstrate that PHADA achieves robust unsupervised domain adaptation with minimal un-

labeled target data, maintaining high accuracy across diverse environments and adapting effectively

even in ultra-low-data scenarios. Its anchor component enforces stable alignment by anchoring tar-

get components to the source mixture structure., while the semi-supervised source model enables

efficient knowledge transfer, highlighting PHADA’s potential for real-world deployment in settings

where labeled data are scarce. Overall, PHADA contributes a flexible and privacy-preserving ap-

proach to domain adaptation, capable of generalizing across buildings without requiring extensive

labeling efforts. Future work can extend PHADA toward open-set domain adaptation (OSDA),

multi-source adaptation, and improved interpretability, further strengthening its value for intelligent

building management and energy-efficient infrastructure.
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Chapter 6

Conclusion

The growing need for energy-efficient and context-aware building management systems has

intensified efforts to model occupant behavior accurately and robustly. Yet, the development of reli-

able Occupancy Estimation (OE) and Activity Recognition (AR) systems remains hindered by three

main persistent challenges: the scarcity of labeled data, the prevalence of domain shifts across build-

ings, and the inherently complex, high-dimensional nature of multimodal IoT sensor streams. This

thesis addressed these challenges by proposing a suite of explainable, label-efficient, and privacy-

preserving domain adaptation frameworks that enable behavioral models to generalize across di-

verse smart-building environments.

Across the four research components, the thesis introduced methods that progressively relax

labeled data requirements, increase interpretability, and enhance transferability. The first contri-

bution, IMB-SER, extended structure-based transfer learning for decision trees to address class

imbalance which is an issue often overlooked in occupancy estimation but crucial for capturing

rare, operationally significant states. By integrating imbalance-aware restructuring and rule-level

interpretability analyses, IMB-SER demonstrated that accuracy, fairness toward minority classes,

and transparency can be jointly optimized.

The second contribution, UTA-DT, advanced source-free domain adaptation for AR by lever-

aging uncertainty cues derived from a pretrained source model. By augmenting target data with

hard and soft predictions, entropy and margin-based uncertainty signals, UTA-DT enabled robust

cross-domain adaptation without accessing source samples, directly addressing privacy constraints
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commonly encountered in building deployments. Its rule-based nature ensured interpretability while

maintaining strong generalization performance.

The third contribution, Semi-MPPCA, moved beyond decision trees toward probabilistic deep

learning by reformulating the Mixture of Probabilistic Principal Component Analyzers as a neural

architecture capable of pretraining on unlabeled data and fine-tuning with minimal labels. Through

a combination of probabilistic modeling and a weight-swapping alignment strategy, Semi-MPPCA

effectively leveraged the abundance of unlabeled smart-building data with only minimal labeled

supervision while maintaining interpretability through mixture structures.

The final and central contribution, PHADA, extended Semi-MPPCA into a fully source-free

unsupervised domain adaptation framework. By combining information maximization, probabilis-

tic pseudo-labeling, and a novel component-anchor alignment mechanism, PHADA preserved the

geometric and probabilistic structure learned in the source domain while adapting to shifting target

distributions. Extensive experiments, including ablation studies, showed that the anchor mechanism

is critical for preventing drift and class collapse, and established PHADA as a highly label-efficient

and privacy-preserving UDA solution.

Together, these contributions form a coherent progression: from interpretable, imbalance-aware

tree-based methods (IMB-SER), to privacy-preserving adaptation without source data (UTA-DT), to

probabilistic semi-supervised learning (Semi-MPPCA), and ultimately to robust source-free domain

adaptation with probabilistic anchors (PHADA). The collective findings demonstrate that effective

behavior modeling in smart buildings does not need to rely on large labeled datasets or direct ac-

cess to sensitive data. Instead, through principled domain adaptation, uncertainty modeling, and

probabilistic latent structures, models can be both transparent and resilient to domain shifts.

6.1 Limitations and Future Work

While the proposed methods substantially improve cross-domain generalization, several av-

enues remain for future exploration. First, current models focus on closed-set adaptation; extending

them to open-set or evolving activity spaces would increase real-world applicability. Second, tem-

poral modeling remains an open challenge; future work may integrate recurrent or attention-based
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architectures with probabilistic mixtures to better capture long-range dependencies. Third, incorpo-

rating multi-source adaptation and continual learning would allow models to aggregate knowledge

across many domains while retaining privacy. Finally, advancing interpretable probabilistic ex-

plainability techniques could strengthen operator trust and facilitate human–machine collaboration

in building operations.

In summary, this thesis contributes a structured path toward scalable, explainable, and label-

efficient behavioral modeling in smart buildings. By simultaneously addressing domain shift, label

scarcity, and privacy constraints, it provides the foundation for next-generation adaptive building

management systems that optimize energy consumption while supporting more sustainable, intelli-

gent, and occupant-responsive built environments.
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Appendix A

Appendix

.1 Probabilistic Principal Component Analysis (PPCA)

Probabilistic Principal Component Analysis (PPCA) extends traditional PCA by formulating a

probabilistic model for dimensionality reduction and latent variable inference. Given an observed

d-dimensional data vector x ∈ Rd, PPCA assumes that x is generated from a lower-dimensional

latent variable z ∈ Rq (q < d) according to the linear Gaussian model:

x = Wz+ µ+ ϵ (65)

where W ∈ Rd×q is the loading matrix, µ ∈ Rd is the mean vector, and ϵ ∼ N (0, σ2I) represents

isotropic Gaussian noise. The latent variable z is assumed to follow a standard normal distribution:

z ∼ N (0, I) (66)

Integrating out z yields the marginal distribution of the observed data:

x ∼ N
(
µ,WWT + σ2I

)
(67)

The covariance structure WWT + σ2I captures both the principal components of the data and the

residual noise, making PPCA equivalent to standard PCA in the limit as σ2 → 0.
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The maximum likelihood estimates of W and σ2 can be obtained via the Expectation-Maximization

(EM) algorithm. During the E-step, the posterior distribution over the latent variables is computed:

p(z|x) = N
(
M−1WT (x− µ), σ2M−1

)
where M = WTW + σ2I. In the M-step, the parameters W and σ2 are updated to maximize the

likelihood.

Unlike standard PCA, which finds deterministic projections, PPCA estimates latent variables

probabilistically, allowing for Bayesian inference and handling missing data effectively. The max-

imum likelihood solution for W can be obtained through Expectation-Maximization (EM) or Sin-

gular Value Decomposition (SVD) techniques. PPCA provides a robust probabilistic framework

for dimensionality reduction, improving interpretability and flexibility in machine learning applica-

tions.

.2 Mixture of Probabilistic Principal Component Analyzers (MPPCA)

The mixture of probabilistic principal component analyzers (MPPCA) extends PPCA by mod-

eling complex, high-dimensional, and heterogeneous datasets using multiple local PPCA models.

While PPCA assumes that the entire dataset follows a single global probabilistic structure, MPPCA

partitions the data into K clusters, each represented by its own PPCA component. Each cluster is

modeled as a local Gaussian distribution with a low-dimensional subspace, and the overall data dis-

tribution is expressed as a weighted sum of these Gaussian components. This approach effectively

combines dimensionality reduction with clustering, making it particularly well-suited for analyzing

heterogeneous data.

MPPCA is closely related to Gaussian Mixture Models (GMMs), but it offers the additional

advantage of reducing dimensionality within each cluster. Moreover, GMM models full covariance

structures (or diagonal, spherical), which can become computationally expensive and unstable in

high dimensions. MPPCA imposes a low-dimensional structure on the covariance matrix within

each cluster, making it more efficient for high-dimensional data by combining clustering with di-

mensionality reduction. Thus, MPPCA can be seen as a special case or extension of GMM that
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incorporates a low-dimensional subspace (via PPCA) within each Gaussian component, making it

particularly suitable for clustering high-dimensional data with underlying low-rank structure.

Assuming the data consists of N observations xn ∈ RD, MPPCA models the data as being

generated from a mixture of M PPCA components. Each component represents a cluster with its

own local low-dimensional subspace.

Each observation xn is modeled with a latent variable zni ∈ Rq, with q < D, corresponding to

each component i. The completed data log-likelihood is expressed as:

LC =
N∑

n=1

M∑
i=1

rni ln {πip(xn, zni)} (68)

where πi ≥ 0 are the mixing proportions such that
∑M

i=1 πi = 1, and rni indicates the responsibility

of component i for generating observation xn.

Each component is characterized by its own mean vector µi ∈ RD, factor loading matrix

Wi ∈ RD×q, and noise variance σ2
i . The model parameters are optimized using the Expectation-

Maximization (EM) algorithm.

For the E-step, the posterior responsibility for component given observation is computed as:

Rni = p(i|xn) =
p(xn|i)πi
p(xn)

(69)

where the likelihood of the component is:

p(xn|i) = (2π)−D/2|Ci|−1/2 exp{−1

2
(xn − µi)

TC−1
i (xn − µi)} (70)

and the covariance of the component is:

Ci = σ2
i I+WiW

T
i (71)

The expectations of the latent variables are computed as:

⟨zni⟩ = M−1
i WiT (xn − µi) (72)
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⟨znizTni⟩ = σ2
iMi−1 + ⟨zni⟩⟨zni⟩T (73)

where:

Mi = σ2
i I+WT

i Wi (74)

The M-Step consists of 2 stages.

Stage 1: Ignoring latent variables Maximizing the complete-data log-likelihood for the mixing

coefficients and means:

π̃i =
1

N

N∑
n=1

Rni (75)

µ̃i =

∑N
n=1Rnixn∑N
n=1Rni

(76)

Stage 2: Incorporating latent variables Define the scatter matrix:

Si =
1

π̃iN

N∑
n=1

Rni(xn − µ̃i)(xn − µ̃i)
T (77)

The loading matrix and noise variance are updated as follows:

W̃i = SiWi

(
σiI+M−1

i WT
i SiWi

)−1
(78)

σ̃2
i =

1

D
tr
(
Si − SiWiM

−1
i W̃T

i

)
(79)

The EM algorithm alternates between the E-step and M-step:

(1) Compute responsibilities using (10).

(2) Update the mixing coefficients and means using (16) and (17).

(3) Update loading matrices and noise variances using (19) and (20).

This iterative procedure progressively refines the parameter estimates by alternating between as-

signing data points to mixture components and updating the component parameters. Each iteration

is guaranteed to increase the likelihood until convergence to a locally optimal solution is achieved.
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