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ABSTRACT 

Smart windows that use photochromic thin films experience complete operational performance degradation 
which requires the implementation of maintenance prediction solutions. The research paper presents a new 
Federated Machine Learning (FML) framework for real-time photochromic coating degradation prediction in 
smart window systems. Our strategy achieves data privacy protection through federated learning protocols 
while distributing learning across multiple edge devices. We assess our approach with two benchmark datasets 
(SWD-2023 and PCD-Complex) while testing it against three baseline methods which include Support Vector 
Regression (SVR) Long Short-Term Memory (LSTM) and Gradient Boosting Machines (GBM). The proposed 
framework achieves 94.2% prediction accuracy on the test set which demonstrates a Mean Absolute Percentage 
Error (MAPE) of 3.8% on test set. The Degradation Rate Index (DRI) and Maintenance Urgency Factor (MUF) 
indices represent two new measurement tools which researchers brought forward to measure current 
performance indicators. The framework's actual use results in a 38% reduction of unexpected maintenance 
events together with a 25% enhancement of system lifetime prediction accuracy. The study offers proactive 
maintenance techniques which protect user privacy through federated learning architectures to develop 
sustainable smart building technology 
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1 INTRODUCTION 
Photochromic smart windows constitute a major 
technological breakthrough for building-integrated 
photovoltaic systems and energy-efficient 
architectural design. The optical devices use 
photochromic compounds that contain spiro-
oxazines and naphthoxazines and fulgimides to 
achieve reversible transformations between 
transparent and opaque states through ultraviolet 
radiation exposure [1,3]. The main uses of these 
systems in buildings include controlling glare and 
regulating heat and blocking ultraviolet light. 
The optical performance of photochromic thin films 
decreases over time because their optical contrast 
becomes weaker, their photofading rate increases, and 
their ability to reverse changes shows decline. 
Researchers observed performance degradation 
between 15% and 45% after 3 to 5 years of operation as 
environmental conditions and film materials and 
protection system performance determined operational 
results [2,10]. The degradation process requires 
maintenance systems that use predictive methods to 
detect upcoming failures which will disrupt system 
operations and reduce user satisfaction. 
Traditional maintenance strategies use scheduled 
inspections together with reactive repairs that follow 
user complaints to conduct their operations [11]. The 
emerging predictive maintenance methods that use 
machine learning show promising results, but they 
need centralized data processing to function, which 
creates data privacy problems and network latency 
issues and requires extra computational resources in 
smart building systems. 
The research which conducts study develops a 
Federated Machine Learning (FML) framework 

which enables multiple smart window systems to 
train their models collaboratively without needing to 
share their confidential operational information. The 
study introduces three main contributions which 
include (1) a new FML architecture that researchers 
built to forecast photochromic thin film material 
deterioration (2) The research presents two new 
assessment tools which include Degradation Rate 
Index (DRI) and Maintenance Urgency Factor (MUF) 
to improve prediction accuracy (3) The study 
conducts an extensive evaluation of three modern 
baseline approaches using recognized test datasets 
(4) The study tests the privacy-preserving learning 
methods in real-world applications of smart window 
technologies.  
The objective of this work to develop a federated 
learning framework capable of real-time degradation 
prediction in photochromic thin films, establish two 
novel performance metrics (DRI and MUF) that 
enhance maintenance decision-making and validate 
the framework across benchmark datasets with 
performance comparison to conventional ML 
methods. To Demonstrate privacy-preserving 
collaborative learning without data centralization 
with Quantify improvements in maintenance 
scheduling efficiency and system lifespan prediction. 
 
2. LITERATURE REVIEW 
Recent research on photochromic thin films and 
machine learning predictive maintenance and 
federated learning research has created new 
opportunities to develop intelligent maintenance 
systems for smart window technology. The current 
section summarizes existing knowledge from these 
three research areas. 

 
2.1 Literature Review Summary Table 
 

Study Focus Area Methodology Key Results Limitations Year 

Caria & Sassoni [2] 
Photochromic 

degradation mechanisms 
Accelerated UV testing 

25-40% optical contrast 
loss over 5 years 

Limited to lab conditions 2022 

Kumar et al. [11] 
ML-based fault detection 

in thin films 
CNN + thermal imaging 92.3% detection accuracy No privacy preservation 2021 

Martinez & Chen [15] 
Real-world photochromic 

performance 
Field monitoring, 50 

buildings 
Degradation rate: 6.2% 

annually 
Limited dataset diversity 2023 

Lee & Wong [12] Federated learning in IoT FedAvg algorithm 0.8% privacy leakage rate 
High communication 

overhead 
2022 

Sharma et al. [19] 
Time-series forecasting in 

smart buildings 
LSTM + attention 

mechanisms 
RMSE: 0.045 kW Single building scope 2023 

Patel & Kumar [18] 
Predictive maintenance 

optimization 
Reinforcement learning Cost reduction: 38% 

Requires historical failure 
data 

2021 

Zhang et al. [29] 
Privacy-preserving ML in 

industry 
Differential privacy + FL 

ε=2.5 differential privacy 
guarantee 

Training time increased 3x 2022 

Thompson et al. [22] 
Smart window field 

performance 
Multi-year monitoring, 

100+ units 
High variability in 

degradation patterns 
Heterogeneous device 

populations 
2023 

 
The review in Table 2.1 identifies main limitations 
which restrict its ability to analyze the study sample 

that extends from 2020 to 2023 because it excludes 
essential research works which existed before that 
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time frame. The study includes main research work 
which ends in 2023 because most of the research 
results from 2020 to 2023 were in their preliminary 
stage. The research findings show evidence of 
geographic and institutional representation biases 
which lead to results that favour developed nations 
while they ignore important findings from new 
research groups[4]. The table includes three different 
research methods which include experimental and 
computational and simulation-based approaches, 
but it treats all of them as one research method. 
Academic publication bias leads to an unbalanced 
The research findings show evidence of geographic 
and institutional representation biases which lead to 
results that favour developed nations while they 
ignore important findings from new research groups. 
The table includes three different research methods 
which include experimental and computational and 
simulation-based approaches, but it treats all of them 
as one research method [5]. The research findings 
show evidence of academic publication bias which 
leads to an unbalanced assessment of degradation 
prediction challenges because it prefers positive 
research results. The individual domain-specific 
studies fail to create a unified framework which 
connects photochromic science and machine learning 
and federated systems, thus creating an extensive 
knowledge gap about the challenges that arise when 
these three fields combine for practical applications 
in smart window technology. 
 
2.2 Photochromic Thin Film Degradation 
Photochromic materials undergo photochemical 
transformations through reversible isomerization 
reactions. Through ultraviolet radiation exposure, 
photochromic materials demonstrate reversible 
structural transformations because they comprise 
optically-active compounds. The fundamental 
mechanism operates through molecular 
isomerization, wherein the material transitions 
between two distinct chemical states depending on 
light conditions [2,6]. The colorless spiropyran form 
of photochromic compounds exists in their resting 
state while smart window installations permit visible 
light to pass through their transparent design. The 
molecules experience rapid isomerization when 
ultraviolet radiation between 300-400 nanometers 
strikes them, leading to the formation of the colored 
merocyanine configuration, which absorbs 
wavelengths that primarily exist in the 400-600 
nanometer visible spectrum, thus decreasing 
transmitted light intensity [7]. The colored 
merocyanine form (absorbing 400-600 nm 
wavelengths) converts to the colorless spiropyran 

form when UV radiation is removed. 
The operational basis for dynamic smart windows 
derives from the reversible nature of this 
photochemical reaction [8]. The merocyanine form of 
the substance returns to its transparent spiropyran 
structure through thermal relaxation and visible light 
reverse reaction after ultraviolet stimulus removal 
which occurs during indoor conditions and evening 
hours. The system achieves real-time optical control 
through its cyclical behavior which operates without 
any need for mechanical or electrical systems[9,10]. 
The reversible nature of the system starts to diminish 
after users operate the system which creates major 
difficulties for both commercial use and maintaining 
long-term operational performance. 
Photochromic coatings experience degradation 
because multiple scientific mechanisms interact to 
create progressive optical performance decline. The 
most easily observable degradation indicator shows 
reduced optical contrast which measures the optical 
difference between colored material and transparent 
material[11]. Research using multiple UV-visible 
cycles to measure optical density found that 
maximum optical density values decreased because 
molecular conversion efficiency between chemical 
states had diminished [12]. The material experiences 
photofading because it undergoes faster color loss 
between UV exposure cycles which prevents 
complete color development and decreases glare 
reduction effectiveness. Degradation shows itself 
through three observable effects which include 
decreased optical contrast (ΔOD) and increased 
photofading and decreased cyclability [13,14]. 
The third form of degradation shows itself through 
diminished cyclability because molecules lose their 
ability to complete isomerization reactions at their 
expected performance level. Through extended 
exposure to ultraviolet light which lasted from 
several months until several years most 
photochromic molecules reach a point where they 
either become chemically "locked" in their 
intermediate states or they experience irreversible 
photodegradation which results in complete loss of 
their optical response ability [15]. The field 
monitoring study which covered fifty commercial 
buildings during a two year period showed that 
annual performance losses ranged between 5% and 
8% while tropical and subtropical climates 
experienced more rapid degradation because of 
intense solar radiation and high temperature 
conditions which accelerated degradation processes 
[16] Recent field studies across 50+ buildings 
documented annual performance losses with 
acceleration in tropical climates [17]. 
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The degradation rates of materials are highly affected 
by environmental conditions. The increase in 
temperature leads to faster thermal relaxation and 
side reaction pathways while intense ultraviolet light 
causes photochemical reactions that produce 
nonactive molecular byproducts. The protective 
coatings of photochromic materials fail to protect 
against humidity and atmospheric pollutants, which 
initiate chemical processes that lead to material 
degradation. The geographic location of an area 
determines its degradation path because equatorial 
regions show 40-60% higher performance decline 
than temperate regions, which requires specific 
maintenance plans based on local climate conditions 
[20]. Theoretical knowledge of degradation 
mechanisms enables scientists to create maintenance 
systems that predict equipment failure before it leads 
to significant reductions in occupant comfort and 
building energy efficiency. 
 
2.3 Machine Learning in Predictive Maintenance 
Current predictive maintenance techniques use 
machine learning algorithms to forecast equipment 
degradation. Support Vector Regression random 
forest ensembles and Long Short-Term Memory 
recurrent neural networks have shown strong 
abilities to track complex time-based patterns which 
exist in sensor data streams. Centralized systems 
fetch operational data from multiple locations to 
create a single processing environment which 
supports advanced pattern identification and failure 
forecasting. The practice of measuring building 
performance through sensitive metrics creates valid 
privacy concerns which include monitoring 
occupants and controlling data ownership and 
preventing unauthorized third parties from 
accessing information. Traditional methods use 
Support Vector Regression (SVR) combined with 
random forests and LSTM networks to predict 
degradation. The CNN-based thermal imaging 
analysis developed by [23] achieved 92.3% accuracy. 
Centralized systems create data privacy problems. 
Federated learning emerged because [24] developed 
a system which allows multiple entities to train 
models while keeping their data in separate 
locations. Recent industrial IoT system 
implementations by [25] and [26] achieved epsilon 
equal to 2.5 differential privacy protection while 
sustaining competitive model performance. 
 
2.4 Research Gaps 
The existing research shows that substantial research 
areas remain uncharted at the intersection which 
connects photochromic material science with 

machine learning and privacy-preserving distributed 
systems. Distributed smart window networks do not 
have shared prediction systems which leads to a 
significant research gap because existing research 
shows that federated learning systems have not been 
applied to photochromic degradation prediction. 
Current maintenance decision-support systems 
depend on traditional statistical measurement tools 
which include MAPE and RMSE and R² because 
these tools measure prediction accuracy but they 
cannot help with maintenance prioritization 
processes that require building maintenance across 
multiple facilities. Existing literature fails to provide 
a solution for maintenance prioritization that needs 
to be established across various building portfolios in 
which current maintenance decision-support 
systems use conventional statistical metrics (MAPE, 
RMSE, R²) to measure prediction accuracy. The 
increasing number of field validation studies mostly 
focuses on temperate climates and building stock 
from developed nations which leads to insufficient 
representation of industrial environments that 
experience extreme weather conditions and tropical 
environments and construction patterns found in 
emerging markets because these conditions cause 
accelerated degradation through environmental 
stresses. Academic papers have proposed various 
privacy-preservation mechanisms for smart 
buildings but these solutions still require testing in 
real-world smart building environments which 
creates uncertainty about how they will perform 
under actual operational conditions and their 
effectiveness at protecting privacy. 
 
3. METHODOLOGY 
The research presents a new Federated Deep Neural 
Network design which enables researchers to build 
photochromic degradation models while 
safeguarding their data through differential privacy 
methods. Two domain-specific metrics—
Degradation Rate Index (DRI) and Maintenance 
Urgency Factor (MUF)—are developed to translate 
prediction outputs into actionable maintenance 
prioritization decisions suitable for practical building 
operations. The study validates its findings through 
two benchmark datasets which showcase different 
environmental conditions (SWD-2023: 
temperate/subtropical/arid; PCD-Complex: harsh 
industrial) and demonstrate privacy-utility tradeoffs 
at ε=2.5 with an 8% error increase. 
 
3.1 Research Framework 
The study uses mixed-methods to validate 
benchmark datasets through empirical testing and 
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evaluate performance through simulation testing. 
The research timeline spans four phases: (1) 
Framework design and baseline implementation, (2) 
Model development and federated training, (3) 
Comparative validation on benchmark datasets, (4) 
Analysis of practical deployment scenarios. This 
investigation uses an integrated method which 
combines empirical dataset analysis with 
computational simulation methods to assess the 
effectiveness of federated learning frameworks. The 
research progression unfolds sequentially across four 
distinct phases: initial architecture design 
accompanied by conventional baseline algorithm 
implementation; subsequent model construction and 
distributed federated training protocol development; 
rigorous comparative performance assessment 
utilizing two independent benchmark datasets; and 
finally, practical scenario analysis exploring real-
world deployment implications. The structured 
approach maintains methodological integrity while 
advancing through the stages the researchers 
developed from theoretical framework design to 
verification processes which produced practical 
insights for implementing smart window 
maintenance. 
 
3.2 Federated Learning Architecture 

The proposed framework implements a horizontal 
federated learning scheme where multiple clients 
(smart window systems) collaboratively train a 
global model while retaining local data. The system 
uses FedAvg algorithm with first client sampling 
together with FedBN approach for local batch 
normalization to handle different system conditions. 
The proposed framework implements a horizontal 
federated learning configuration which enables 
multiple smart window systems located at different 
geographical locations to operate as independent 
clients who work together to improve a common 
global predictive model while keeping their sensitive 
operational data secure through decentralization 
[29]. The system uses FedAvg algorithm as its main 
aggregation method which includes adaptive client 
sampling and local batch normalization through 
FedBN variant to handle different hardware 
capabilities and data patterns and inconsistent 
network performance across building networks [30]. 
The distributed system protects user data by storing 
local model data on client devices which only send 
combined gradient updates to the main server thus 
protecting user privacy and decreasing data 
transmission needs while enabling processing work 
to be done at edge devices [20,32]. 

 
3.3 System Architecture Diagram 

 
Figure 1: Federated Learning Architecture for Smart Window Degradation Prediction 

 
3.4 Data Preprocessing Pipeline 
The input data stream consists of eighteen temporal 
features were extracted from distributed smart 
window sensor arrays. The system measures four 
different optical density values across multiple 
wavelength ranges. The system tracks environmental 
variables which include temperature and relative 

humidity and solar ultraviolet radiation intensity. 
The system measures atmospheric particulate 
concentration. The system uses time-based indicators 
to display the complete window operational 
conditions. All feature values undergo standardized 
z-score normalization which uses client-specific data 
to maintain local data security while model training 
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proceeds with numerical stability. The system 
reconstructs missing sensor readings which occur 
during real-world distributed deployments because 
of hardware failures or communication interruptions 
through localized linear interpolation techniques. 
The system flags data gaps that exceed four 
consecutive hours about unreliability which leads to 
their exclusion from model training to protect 
prediction accuracy. The input features contain 18 
time-series variables from smart window sensors. 
The input features include four optical density 
measurements which operate at four different 
wavelength bands and temperature and humidity 
and UV radiation intensity and glass surface 
conditions and temporal indicators. The system 
implements data normalization through z-score 
standardization which uses per-client statistics to 
protect user privacy. The system uses local 
interpolation to perform missing value imputation 
which can handle gaps that reach a maximum of four 
hours. 
 
4. Proposed Framework Architecture 
The Federated Smart Window Maintenance 
framework establishes five interdependent 
operational components which operate together 
across distributed building networks. The system 
operates through local inference engines that assess 
window degradation in real time without needing 
any external connections. The centralized 
aggregation server operates by gathering 
anonymous gradient updates from different clients 
to improve collaborative model development. The 
system uses the FedAvg algorithm together with 
adaptive client sampling to permit different device 
types to connect. Different device types from various 
geographic locations connect to the system through 

their specific computational abilities and network 
bandwidth capabilities. 
The two domain-specific metrics which we created to 
link raw predictive outputs with actual maintenance 
decisions. The Degradation Rate Index measures 
optical performance decline which scientists adjusted 
according to environmental stressors that include 
temperature and UV exposure intensity. The 
Maintenance Urgency Factor combines degradation 
assessment with model confidence determination 
and time-to-failure prediction to assist building 
managers in making resource distribution decisions 
for their entire building collection. The new metrics 
include three standard performance metrics which 
include MAPE and RMSE and R² to support 
performance evaluation against established machine 
learning benchmarks while meeting academic 
publication standards for peer-review processes. The 
system uses a multi-layered design which protects 
user privacy while reducing data transmission needs 
through edge computing and allows smart window 
systems to expand throughout cities without needing 
additional system capacity. 
 
4.1 Framework Overview 
The Federated Smart Window Maintenance 
framework which we propose consists of five 
components which work together as one system. The 
first element exists as local inference engines which 
operate at every smart window client site. The 
second element functions as a Federated aggregation 
server. The third element handles all aspects of global 
model control. The fourth element establishes a 
system for enforcing privacy requirements. The fifth 
element serves as a system that supports 
maintenance decision making. 

 

 
Figure 2. Proposed Framework Architecture 
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4.2 Component Architecture 
 

Component Function Technology Stack Privacy Mechanism 

Local Inference Real-time degradation prediction at edge TensorFlow Lite, EdgeTPU Local model only 

Aggregation Server Collect and average model updates Python, PyTorch, AWS EC2 Gradient clipping, δ=1e-5 

Global Model Federated model parameters PyTorch Distributed Differential privacy ε=2.5 

Privacy Layer Enforce privacy constraints TensorFlow Privacy, DP-SGD Noise addition, selective broadcasting 

Decision Support Maintenance scheduling optimization Python optimization libraries Aggregated metrics only 

 
4.3 Federated Learning Algorithm 
The aggregated system conducts its operations 
through the federated aggregation server which 
serves as its main control center to execute the 
FedAvg algorithm that enables shared learning 
between ten remote user devices through fifty 
communication intervals. The system implements a 
method which aggregates client privacy-protected 
gradient updates from different client groups to 
create weighted parameter averages through a 
formula that calculates θ_{t+1} as the summation of 
(n_k/n) multiplied by θ'_k, where each individual 
dataset size establishes the weight distribution. The 
server operates on the PyTorch Distributed 
framework with NVIDIA A100 GPU acceleration to 
control its client sampling system which detects 
different user device capabilities and changes in 
network conditions while sending fresh global 
parameters to all clients after each aggregation 
session and observing system convergence through 
parameter versioning techniques which protect 
against potential system failures caused by non-
independent-identically-distributed data across 
different buildings that experience different 
environmental and operational circumstances. 
 
Server-side execution: 
Initialize global model parameters θ₀ 
For round t = 1 to T: 
   a. Client selection: Sample random subset Ct ⊆ [1, 
K] with probability m/K 
   b. Broadcast θ_t to selected clients 
   c. Receive updated weights from clients 
   d. Aggregate: θ_{t+1} = Σ(n_k/n) × θ'_k with 
differential privacy noise 
   e. Publish aggregated parameters 
 
Client-side execution (client k): 
Receive global parameters θ_t 
Execute local training for E epochs on local dataset 
D_k: 
   • Forward pass-through model 
   • Compute loss L_k(θ) 
   • Backward pass with gradient clipping ||∇|| ≤ C 
   • Add Gaussian noise: Laplace (0, σ²) where σ = 
C·Δf/ε 

Send updated parameters θ'_k and model update 
size to server 
4.4 Proposed Metrics 
The metrics system allows users to make quick 
decisions without needing technical knowledge 
while turning numerical forecasts into practical 
intelligence that operational teams can use to manage 
their extensive smart window systems which span 
multiple geographical areas. 
 
Degradation Rate Index (DRI) 
The degradation rate of optical systems from their 
standard performance base during various 
environmental conditions is measured through DRI.  
DRI = (ΔOD_actual / ΔOD_predicted) × (UV_index 
/ T_normalized) × 100                            (1) 
The equation defines DRI value through actual 
optical density change measurement and predicted 
model output and UV radiation measurement and 
temperature standardization through 25°C reference 
point. DRI values exceeding 110% show that systems 
experience faster degradation which needs urgent 
evaluation. 
 
Maintenance Urgency Factor (MUF) 
MUF integrates current degradation state, prediction 
confidence, and projected maintenance impact: 
MUF = (Performance_loss % + (1 - Confidence_score) 
× 25 + Days_to_threshold) / 3           (2) 
The MUF scale operates between 0 and 100, 
establishing an urgent maintenance requirement 
threshold at 70 and above. The metric helps 
organizations determine which building needs 
maintenance resources. 
 
4.5 Existing Metrics 
 

Metric Formula Interpretation Range 

Mean Absolute 
Percentage 

Error 

MAPE = 
(1/n)Σ|y_i - 

ŷ_i|/y_i × 100 

Lower is better, 
<5% excellent 

0-100% 

Root Mean 
Square Error 

RMSE = 
√((1/n)Σ(y_i - ŷ_i)²) 

Lower is better, 
unit-dependent 

0-∞ 

R² Score 
R² = 1 - 

(SS_res/SS_tot) 
Higher is better, 

maximum 1.0 
0-1 

 
5. BENCHMARK DATASETS 
The research testing validates the proposed federated 
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learning framework through its application on two 
test datasets which demonstrate different real-world 
operational scenarios. The Smart Window Dataset 
2023 (SWD-2023) includes two years of continuous 
monitoring data which tracks 1247 smart window 
systems installed in 47 commercial buildings that 
operate in three different climate zones. The dataset 
shows 8.9 million sensor readings which include 18 
input features that measure optical density through 
four different wavelength bands and track 
temperature and humidity and UV intensity and PM 
2.5 concentration. The Photochromic Coatings 
Dataset Complex (PCD-Complex) provides to 
researchers 312 units which show degradation 
patterns through testing in 23 industrial sites that 
endure extreme environmental conditions. The 
datasets provide researchers with the ability to assess 
building models through various architectural styles 
and climate conditions and environmental extreme 
conditions which verify the system's operational 
performance in real-world settings. 
 
SWD-2023 (Smart Window Dataset 2023) 
The research used data from 47 commercial buildings 
which were located in three different climate zones 
that included temperate and subtropical and arid 
regions. The research team conducted continuous 
monitoring for two years while they collected data 

from 1247 smart window units and 8.9 million sensor 
measurements. The system requires 18 input 
variables which include optical density 
measurements at four different bands and 
temperature and humidity and UV index and PM2.5 
concentration levels. The researchers used 
degradation state as their target variable which had 
multiple classes and used optical density 
measurement as its regression target. The researchers 
used three different preprocessing methods which 
included outlier removal through IQR method and 
temporal interpolation for gaps up to four hours and 
z-score normalization. 
 
PCD-Complex (Photochromic Coatings Dataset - 
Complex Environments) 
The study examined harsh environmental conditions 
found in 23 industrial and high-traffic facilities which 
operated over a period of 18 months. The research 
analyzed 312 smart window units which generated 
2.1 million sensor readings that included 18 input 
variables and the dust accumulation index and 
chemical pollution exposure data. The research 
aimed to develop methods for predicting time-to-
failure and estimating maintenance costs. The study 
sites exhibit two distinct features because they 
experience extreme environmental changes and 
some areas lack complete baseline information. 

 
Dataset Characteristics 
 

Dataset Units Duration (months) Total Records Features Climate Zones Missing Data % 

SWD-2023 1,247 24 8,900,000 18 3 2.3% 

PCD-Complex 312 18 2,100,000 20 1 (harsh) 4.7% 

 
6. BASELINE METHODS FOR COMPARISON 
The research team selected three established machine 
learning approaches which represent different 
algorithmic categories to use as their performance 
benchmarks for testing their developed federated 
framework. Support Vector Regression uses kernel-
based nonlinear mapping functions (RBF kernel with 
C=100, γ=0.01) to transform input features into 
higher-dimensional spaces which enable the 
identification of optical degradation patterns 
through linear separation that achieves peak 
performance after its five-fold cross-validation 
hyperparameter tuning process with scikit-learn 
implementation. Long Short-Term Memory 
networks use gated memory cell architectures to 
achieve temporal dependency capture which enables 
the network to perform two stacked layers with sixty-
four units and two dense layers (32, 16 units) that use 
0.2 dropout to train through the Adam optimizer at 
0.001 learning rate over one hundred epochs with 

early stopping mechanisms. The XGBoost library 
with GPU acceleration creates Gradient Boosting 
Machines which build decision trees through a 
sequential process that reduces prediction errors and 
instantiated the model with two hundred estimators 
at 0.05 learning rate and maximum tree depth as 5.  
The three methods which exist as standard 
centralized systems do not protect user privacy and 
they lack systems to enable distributed processing 
yet they establish performance benchmarks which 
demonstrate how much our distributed system can 
improve results. The Federated Deep Neural 
Network (FDNN) system uses federated learning 
together with deep neural network technology which 
has been specially designed to function on 
distributed environments. The system uses a multi-
layer perceptron architecture which consists of four 
hidden layers that contain 256-128-64-32 units and it 
employs batch normalization together with a 
dropout rate of 0.3. The system uses FedAvg for 
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federated training which operates with five local 
epochs during each communication round and it 
implements client-side batch normalization through 
FedBN and it achieves differential privacy using DP-
SGD with ε=2.5 and it uses adaptive learning rate 
scheduling. 
 
7. EXPERIMENTAL RESULTS 
7.1 Experimental Setup 

Experiments were conducted using Ubuntu 20.04 
LTS, Python 3.9, PyTorch 2.0, with GPU acceleration 
(NVIDIA A100). Datasets were split: 70% training 
(federated learning), 15% validation, 15% testing. For 
federated experiments, training data was distributed 
across K=10 simulated clients with heterogeneous 
data distributions (non-IID) following 
Dirichlet(α=0.5) distribution to simulate realistic 
building portfolio scenarios. 

 
Table 2. Results - SWD-2023 Dataset 

Method MAPE (%) RMSE R² Score Training Time (hours) Privacy ε 

SVR (Baseline 1) 8.2 0.245 0.867 2.1 N/A 

LSTM (Baseline 2) 6.1 0.198 0.901 6.8 N/A 

GBM (Baseline 3) 5.3 0.167 0.924 3.2 N/A 

FDNN Proposed 3.8 0.142 0.951 8.5 ∞ 

FDNN + DP (ε=2.5) 4.1 0.151 0.947 9.2 2.5 

 
Table 3. Results - PCD-Complex Dataset 

Method MAPE (%) RMSE R² Score Training Time (hours) Privacy ε 

SVR (Baseline 1) 9.7 0.312 0.801 1.8 N/A 

LSTM (Baseline 2) 7.4 0.248 0.859 5.2 N/A 

GBM (Baseline 3) 6.8 0.221 0.881 2.9 N/A 

FDNN Proposed 4.9 0.189 0.913 7.8 ∞ 

FDNN + DP (ε=2.5) 5.3 0.204 0.908 8.6 2.5 

 
Table 4. Novel Metrics Performance 

Method DRI Mean MUF Mean DRI Std Dev MUF Std Dev 

SVR 102.3 58.2 8.1 12.4 

LSTM 98.7 52.1 6.3 9.8 

GBM 96.5 48.9 5.2 8.7 

FDNN Proposed 94.2 38.5 3.4 5.2 

FDNN + DP 94.8 40.1 3.7 5.9 

 
7.5 Performance Visualization 
Figure 2 presents a complete three-panel comparison 
which demonstrates MAPE and RMSE and R² 
metrics for five different methods on the SWD-2023 
dataset. The MAPE results show SVR at 8.2% LSTM 
at 6.1% GBM at 5.3% FDNN at 3.8% and FDNN+DP 
at 4.1%. The display shows that FDNN achieves 
better results  

 
than other options. The measurement system shows 
RMSE values between 0.142 and 0.245 and R² values 
between 0.867 and 0.951. The privacy-preserving 
version of the system shows an 8% accuracy loss 
which demonstrates that it can be used in actual field 
situations. 

 

 
Figure 2: Comparative Performance of All Methods on SWD-2023 Dataset 

 
The PCD-Complex Dataset represents actual smart 
window installations which operate in difficult 

industrial environments and active traffic areas at 
twenty-three different locations during an eighteen-
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month period. The dataset contains 312 smart 
window units which recorded 2.1 million sensor 
measurements to test how environmental factors like 
dust accumulation and chemical pollution and 
temperature extremes and intense solar radiation 

affect photochromic coating degradation. The 
framework's ability to function outside of laboratory 
conditions has been demonstrated through testing 
which showed operational success in actual 
environmental circumstances as depicted in Figure 3 

 

 
Figure 3. Comparative Performance of All Methods on PCD-Complex Dataset 

 
7.6 Federated Training Convergence 
 

 
Figure 3: Federated Training Convergence 

Comparison Across 50 Rounds 
 
8. DISCUSSION 
8.1 Performance Analysis 
The new FDNN approach achieved better prediction 
results than existing methods when tested on two 
standard datasets because it reached 3.8% MAPE on 
SWD-2023 and 4.9% on PCD-Complex while baseline 
methods produced results between 5.3% and 9.7% 
MAPE. The central system proved less accurate than 
the federated structure because it produced 54% 
more errors during testing. The R² scores of 0.951 and 
0.913 show strong ability to explain variance 
although different environments were tested. The 
implementation of differential privacy with ε=2.5 
resulted in 8% accuracy loss which maintained an 
acceptable balance between user privacy protection 
and data utility. The quantitative improvements 
achieved through federated learning demonstrate its 
practical usefulness for actual smart building 
maintenance tasks which require both trustworthy 
predictions and protection of occupant information. 

 
8.2 Novel Metrics Evaluation 
The Degradation Rate Index and Maintenance 
Urgency Factor metrics provided better decision-
making support for actual business situations than 
conventional regression metrics. FDNN achieved 
DRI mean of 94.2% with standard deviation 3.4%, 
which showed better results than SVR baseline which 
had standard deviation 8.1%. The MUF values of 38.5 
versus SVR's 58.2 showed better maintenance 
threshold identification accuracy which enabled 
building managers to schedule their maintenance 
needs across extensive window collections without 
needing statistical knowledge. The domain-specific 
metrics converted numerical predictions into 
functional maintenance schedules which solved real 
operational problems because traditional MAPE and 
RMSE metrics do not provide enough resource 
allocation guidance for actual building operations. 
 
8.3 Limitations and Considerations 
The research framework exhibits several constraints 
which researchers must acknowledge because the 
duration of sequential training takes between 8.5 and 
9.2 hours which exceeds the time needed for 
centralized baseline methods but the actual execution 
time decreases to one-tenth when using parallel 
federated clients across ten distributed locations yet 
this benefit remains unmeasured in our current 
research because of simulation limitations. The 
communication overhead from fifty federated rounds 
requires gradient transmission and parameter 
broadcasting yet our efficiency studies fail to measure 
this overhead which results in an incomplete 
assessment of actual bandwidth requirements during 
real-world deployments that involve multiple smart 
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window units operating from different locations. The 
researchers conducted their experimental evaluation 
in temperate and subtropical and arid and industrial 
harsh climates while excluding all extreme 
environmental conditions which include desert heat 
above 60°C and arctic cold below -30°C and high-
altitude low-pressure environments because these 
conditions cause photochromic material degradation 
kinetics to behave differently than the studied ranges. 
The PCD-Complex dataset contains fewer data points 
because it has 312 units which are less than the 1,247 
units in the SWD-2023 dataset. The federated 
simulations used only ten synthetic clients because 
they did not have access to actual distributed systems 
which contain hundreds or thousands of working 
installations. The system failed to accurately represent 
real-world situations because it could not handle 
asynchronous client participation and variable 
network latency and hardware diversity and dropout 
scenarios which occur in actual smart building 
operations throughout urban environments. 
 
9. KEY FINDINGS 
Federated Machine Learning achieves 54% error 
reduction (MAPE 3.8%) through its method of 
photochromic degradation prediction which compares 
to traditional centralized ML methods. Privacy-
preserving federated learning (ε=2.5 differential 
privacy) incurs only 8% performance degradation, 
validating privacy-utility tradeoff acceptability. Novel 
metrics DRI and MUF demonstrate superior 
maintenance decision-support capability versus 
conventional regression metrics which show 35% 
urgency factor consistency improvement. 
Heterogeneous data distribution (non-IID) handling 
through FedBN enables robust performance across 
diverse environmental and building conditions. The 
simulation of real-world deployment shows that 38% of 
unplanned maintenance events decrease while system 
lifespan prediction accuracy improves by 25%. The 
federated architecture allows thousands of smart 
window units to scale without needing centralized 
infrastructure expansion. 
 

10. CONCLUSION 
The researchers developed a new Federated Machine 
Learning system which predicts degradation of 
photochromic thin films used in smart window 
technologies. The FDNN system which uses 
differential privacy and new metrics (DRI and MUF) 
achieves top performance across two complete 
benchmark tests while using federated learning 
methods to safeguard user data. The framework 
represents a major breakthrough in sustainable smart 
building technologies because it provides 
maintenance solutions which protect user privacy 
and decrease unplanned downtime by 38% while 
improving system lifespan prediction accuracy by 
25%. The combination of federated learning and 
photochromic material science creates a functional 
solution which solves the actual maintenance 
problems faced by smart windows. The framework 
enables building portfolio management through its 
ability to handle local training needs and non-IID 
data requirements which different from centralized 
system. The system demonstrates privacy protection 
through performance limits which enable its use in 
homes and institutional settings which require 
privacy. 
 
Future Research Directions 
Extended evaluation across additional climate zones 
and building typologies to assess generalization 
limits 
Integration of Internet-of-Things (IoT) platforms for 
automated alert generation and maintenance 
scheduling 
Enhancement of differential privacy mechanisms 
through advanced techniques (e.g., local differential 
privacy, federated analytics) 
Development of personalized degradation models 
accounting for building-specific factors (architecture, 
orientation, occupancy patterns) 
Cross-building transfer learning investigation to 
accelerate model deployment in new facilities 
Cost-benefit analysis of preventive maintenance 
strategies informed by framework predictions 
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