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ABSTRACT 
As industries pursue more sustainable and flexible manufacturing strategies, batch processes 
continue to play a vital role across a wide range of applications. Batch operations offer the ability 
to handle diverse feedstocks and accommodate varying product specifications. These processes 
are broadly used in sectors such as pharmaceuticals, specialty chemicals, food production, and 
bioprocesses, where precise control over reaction conditions and product quality is essential. 
However, maintaining optimal conditions in a batch process can be challenging due to the minimal 
opportunities for mid-batch interference. This work focuses on a real industrial batch process that 
frequently sees batches with poor yields resulting in large financial losses. Despite utilizing a mid-
infrared spectrometer analyzing the batch medium in real-time, the reduced product accumulation 
observed in faulty batches is not evident until over a third of the batch time has passed, by which 
point the batch is not economically viable to abort. This study applies and compares various ma-
chine learning based fault detection strategies, including multiple Principal Component Analysis 
(PCA) variants and autoencoder variants, to identify faulty batches as soon as possible, since re-
setting reset the batches earlier can maximize overall productivity. The findings of this study offer 
faster and more robust fault detection than typical PCA for this industrial batch process, reducing 
time lost to faulty batches and improving overall productivity. This work supports the transition 
towards autonomous and digitalized batch manufacturing while providing an in-depth comparison 
between several online fault detection strategies on real industrial data. 
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INTRODUCTION 
Batch processes remain a cornerstone of modern 

manufacturing systems due to their versatility and ro-
bustness, particularly in applications requiring product 
customization, process flexibility, or adaptability to 
evolving feedstock supply chains. Despite these ad-
vantages, fault detection in batch processes remains 
challenging due to inherent process complexity, time-
varying dynamics, and measurement noise. As a result, 
distinguishing genuine process faults from normal oper-
ational variability requires robust monitoring frameworks 
capable of reliably identifying true anomalies in real time. 

PCA is a well-established multivariate statistical 
method that has been widely applied to fault detection 
and process monitoring in batch processes [1–4]. Owing 
to its simplicity, interpretability, and strong theoretical 

foundation, PCA serves as a natural benchmark against 
which more advanced fault detection strategies can be 
compared. However, conventional PCA treats observa-
tions as independent and does not explicitly account for 
process dynamics, which limits its effectiveness for 
batch operations. 

To address this limitation, Dynamic PCA (DPCA) ex-
tends the traditional PCA framework by incorporating 
time-lagged measurements, such that consecutive data-
points are combined into a single model input. This ena-
bles DPCA to capture temporal correlations that are in-
trinsic to batch processes. In addition, this study consid-
ers a gradient-space PCA approach, motivated by the 
observation that rates of change in process variables can 
be more informative than raw concentration measure-
ments for identifying abnormal process behavior. 

Furthermore, a moving-window Dynamic Functional 
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Principal Component Analysis (DFPCA) framework is also 
investigated. DFPCA employs functional representations, 
that can be nonlinear, to model batch trajectories, allow-
ing intricate process dynamics to be captured while sim-
ultaneously smoothing noisy measurements. These ca-
pabilities are particularly advantageous in batch environ-
ments where measurement noise and nonlinearity can 
obscure early fault signatures. 

Finally, autoencoder-based methods are explored 
due to their ability to model nonlinear relationships that 
cannot be captured by linear PCA-based techniques. Au-
toencoders are Artificial Neural Networks (ANNs) that re-
construct input data after compression through a lower-
dimensional latent space. In this study, a dynamic (or 
lagged) autoencoder variant is considered, where con-
secutive time points are treated as a single input, analo-
gous to DPCA. As with DPCA and DFPCA, the number of 
incorporated lags can be adjusted to control the extent 
to which process dynamics are embedded within the la-
tent representation. 

The primary objective of this study is to detect faulty 
batches as early as possible – ideally before deviations 
become apparent in the raw process data – while main-
taining a clear distinction between normal and faulty op-
eration to ensure confidence in fault detection outcomes. 
The proposed methodologies are therefore evaluated 
based on their ability to quickly and reliably distinguish 
faulty batches from normal operation in real time. The re-
mainder of this paper is organized as follows: the Meth-
odology section describes the data structure, the calcu-
lation of fault detection metrics, and implementation de-
tails of each faut detection strategy; the Results and dis-
cussion section compares the performance of the differ-
ent fault detection strategies; and overall Conclusions 
are provided in the final section. 

METHODOLOGY 

Data availability 
The thirteen batches recorded in this study span at 

least 3000 minutes each with concentration measure-
ments of eight components taken every 2.1 minutes using 
a mid-infrared spectrometer. Three faulty batches have 
previously been identified; the remaining ten non-faulty 
batches are partitioned into eight randomly selected 
training batches and two validation batches. Faulty 
batches visibly deviate from normal operation around the 
1000-minute mark, which this study aims to improve 
upon using the various process monitoring strategies. 
Data is passed through a short-span median filter and 
random-walk Kalman filter, which is well suited to pro-
cesses with frequent measurements and slow dynamics 
[5], to smooth data while still being suitable to online ap-
plication. 

Fault detection metrics 
Fault detection can be conducted by monitoring two 

different metrics over a moving window. If we consider 
the process data 𝐗𝐗 to be reconstructed as 𝐗𝐗� with residual 
error 𝐄𝐄 as in Equation (1): 

𝐗𝐗 = 𝐗𝐗� + 𝐄𝐄,      (1) 

then through a dimensionality reduction framework, such 
as PCA, we can calculate both latent space and recon-
struction space monitoring statistics. The latent space 
Hotelling’s 𝑇𝑇2 statistic and reconstruction space 𝑄𝑄-resid-
ual can be calculated as in Equations (2) and (3): 

𝑇𝑇2 = 𝐳𝐳⊤𝚲𝚲𝚲𝚲,      (2) 

𝑄𝑄 = ‖𝐞𝐞‖2
2,      (3) 

where 𝐳𝐳 is the latent score vector, 𝚲𝚲 contains latent vari-
ances, and 𝐞𝐞 is the residual vector. 
 In this study, we consider a 50-input moving window 
for fault detection as opposed to single points to improve 
the robustness of fault detection. This study primarily fo-
cuses on the Hotelling’s 𝑇𝑇2 metric due to its superior 
overall performance on this case study. 

Fault detection strategies 
In this section, all fault detection strategies are ap-

plied to the dataset which is standardised such that the 
training dataset has a mean of zero and a standard devi-
ation of one, with the exception of gradient-space PCA 
which is standardized after variable gradients are ap-
proximated.  

Principal Component Analysis 
Under PCA, the reconstruction of the standardised 

data matrix 𝐗𝐗 shown in Equation (1) is therefore written 
as in Equation (4): 

𝐗𝐗 = 𝐙𝐙𝐏𝐏⊤ + 𝐄𝐄,     (4) 

where 𝐙𝐙 is the matrix of scores in the latent space that 
correspond to 𝐗𝐗, and 𝐏𝐏 is the loading matrix. In this work, 
Singular Value Decomposition (SVD) is utilized to com-
pute the loading matrix due to its efficiency and compu-
tational stability [6]. 

To keep only essential linear relationships and avoid 
capturing noise, the Principal Components (PCs) explain-
ing the least variance are removed. The reconstructed 
dataset using the first 𝑘𝑘 PCs is shown in Equation (5): 

𝐗𝐗� = ∑ 𝐙𝐙�𝐏𝐏�⊤
𝒌𝒌
𝒊𝒊=𝟏𝟏 .    (5) 

Although PCA is a widely applied method for pro-
cess monitoring and fault detection, it is limited by its in-
ability to capture nonlinear and temporal relationships, 
preventing PCA from incorporating dynamic and complex 
relationships that can dominate batch processes.  
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Dynamic Principal Component Analysis 
One way in which PCA can be improved is to incor-

porate past information, not just current measurements. 
Dynamic Principal Component Analysis (DPCA) is similar 
to PCA; the only difference is that the input data for DPCA 
is not a single vector of current variable values, it is in-
stead a series of consecutive vectors of the variables up 
to the current measurement. The number of consecutive 
measurements included in each input is referred to as the 
number of ‘lags’. In this study, we use a 100-lag DPCA 
approach that allows the DPCA model to capture tem-
poral relationships that can be more informative than raw 
measurements in batch processes. The PCA dataset 𝐗𝐗 
with 𝑁𝑁 measurements of each process variable can be 
augmented into a DPCA dataset 𝐖𝐖 with 𝐿𝐿 lags as in Equa-
tions (6) and (7): 

𝐰𝐰(𝑛𝑛) = �𝐱𝐱(𝑛𝑛)⊤,𝐱𝐱(𝑛𝑛 − 1)⊤, … , 𝐱𝐱(𝑛𝑛 − 𝐿𝐿 + 1)⊤�
⊤

,  (6) 

𝐖𝐖 =

⎣
⎢
⎢
⎢
⎡𝐰𝐰(𝐿𝐿 − 1)⊤

𝐰𝐰(𝐿𝐿)⊤

⋮
𝐰𝐰(𝑁𝑁 − 1)⊤⎦

⎥
⎥
⎥
⎤

.    (7) 

Gradient-Space Principal Component Analysis 
Another way in which temporal information can be 

incorporated is using gradient-space PCA, which is con-
ducted on the derivatives of process variables, as op-
posed to their actual values. Since batch processes often 
show first order dynamics, for example in chemical, fer-
mentation, and some crystallization systems, the gradi-
ent-space can be more informative than the absolute 
value of process variables. 

The main challenge with gradient-space PCA is the 
fact that insufficiently smoothed data will see noise am-
plification in the gradient-space [7]. Therefore, a Locally 
Weighted Scatterplot Smoothing (LOWESS) filter is used 
so that smoothness can be tuned by altering the filter 
span [8]. However, the LOWESS filter span causes a de-
lay between when a measurement is taken and when the 
corresponding smoothed value is returned. Therefore, 
gradient-space PCA can only be implemented if the delay 
is sufficiently small. In this study, measurements are 
taken frequently, relative to the batch time horizon, and 
a relatively small span is required, thus facilitating the ap-
plication of gradient-space PCA. 

After data smoothing, the gradient of each process 
variable 𝑥𝑥�̇

(�)(𝑡𝑡) is approximated as in Equation (8): 

𝑥𝑥�̇
(�)(𝑡𝑡) =

��
(�)(�)−��

(�)(�−Δ�)

Δ�
,    (8) 

where 𝑥𝑥�
(�)(𝑡𝑡) is the measurement of variable 𝑣𝑣 in batch 𝑗𝑗 

at time 𝑡𝑡, and Δ𝑡𝑡 is the time between measurements. 
Thereafter, the gradient-space data is standardised to 
allow PCA to be conducted. 

Functional Principal Component Analysis 
Functional Principal Component Analysis (FPCA) 

considers each process trajectory as a continuous func-
tion over time, rather than a vector of measurements. By 
modeling the smoothed temporal evolution of the profile, 
FPCA can better capture nonlinear dynamic patterns. For 
the multivariate instance where each batch trajectory 
consists of 𝑉𝑉  functional variables 𝑥𝑥�

(�)(𝑡𝑡), 𝑣𝑣 =  1, . . . ,𝑉𝑉 , the 
variation profile of each process variable is described by 
the weighted summation of 𝐵𝐵� basis functions 𝜙𝜙�

(�)(𝑡𝑡) as in 
Equation (9): 

𝑥𝑥�̃
(�)(𝑡𝑡) = 𝜇𝜇(�)(𝑡𝑡) +∑ 𝑐𝑐��

(�)𝜙𝜙�
(�)(𝑡𝑡)��

�=1 .  (9) 

Each observation 𝑗𝑗 collects the vector of coeffi-
cients as 𝐜𝐜� = �𝑐𝑐�1

(1), … , 𝑐𝑐��1
(1) , 𝑐𝑐�1

(2), … 𝑐𝑐��2
(2) , … , 𝑐𝑐�1

(� ), … , 𝑐𝑐���
(� ) � which 

are collected in the matrix 𝐂𝐂. PCA is applied to the coef-
ficient matrix to yield the loading matrix 𝐏𝐏 and the matrix 
of shared multivariate FPCA scores, as in Equation (10):  

𝐂𝐂 = 𝐙𝐙𝐏𝐏⊤ + 𝐄𝐄.    (10) 

The eigenfunctions ψ�
(�)(𝑡𝑡) of variable 𝑣𝑣 are obtained 

by expressing the appropriate loading block in its basis 
as in Equation (11): 

ψ�
(�)(𝑡𝑡) = ∑ 𝑃𝑃��

(�)𝜙𝜙�
(�)(𝑡𝑡)��

�=1 ,    (11) 

where 𝑃𝑃��
(�) represents the loading rows of 𝐏𝐏 associated 

with variable 𝑣𝑣. Multivariate FPCA scores 𝑍𝑍�� therefore 
satisfy Equation (12): 

𝑍𝑍�� = ∑ ∑ 𝑐𝑐��
(�)𝑃𝑃��

(�)��
�=1

�
�=1 ,    (12) 

which demonstrates that a single set of scores summa-
rizes the joint variation across all variables. Similarly to 
PCA, the coefficients that explain the least variance are 
removed, meaning only 𝑘𝑘 scores remain, as in 𝐳𝐳� =
�𝑍𝑍�1,𝑍𝑍�2, … ,𝑍𝑍���, giving the approximate reconstruction of 
the coefficients 𝐜̃𝐜� as in Equation (13): 

𝐜̃𝐜� = ∑ 𝑍𝑍��𝑃𝑃∙�
�
�=1 .    (13) 

Ultimately, variable profiles are reconstructed using 
the multivariate scores and eigenfunctions as in Equation 
(14): 

𝑥𝑥�̃
(�)(𝑡𝑡) = 𝜇𝜇(�)(𝑡𝑡) +∑ 𝑍𝑍��𝜓𝜓�

(�)(𝑡𝑡)�
�=1 ,   (14) 

where the scores 𝑍𝑍�� are shared across all variables, un-
like the coefficients 𝑐𝑐��

(�) in Equation (11). 
 Within the FPCA framework described in Equations 
(9-14) there exist several options, namely different basis 
function types as well as the period over which the basis 
functions are fit. This study considers B-spline basis 
functions due to their flexibility potentially being able to 
capture complex batch dynamics. However, the 
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additional flexibility can capture noise, and so this study 
also considers an orthonormal polynomial approach as 
such functions can provide a smoother fit. Since this 
study focuses on thirteen batches, fitting the basis func-
tions to the entire profile would yield just thirteen obser-
vations per variable, which is impractical for trying to 
identify statistically significant faults. Therefore, this 
study considers a dynamic (moving-window) FPCA 
(DFPCA) approach where basis functions are fit to the 
100-lag segments from the DPCA data 𝐖𝐖 in Equation (7).  

Autoencoders 
Autoencoders are a type of ANN that learn compact 

representations of higher-dimensional data through data 
reconstruction. Autoencoders can capture nonlinear re-
lationships, meaning they can potentially uncover the 
more complex relationships in batch processes that 
standard PCA cannot. As illustrated in Figure 1, an auto-
encoder is composed of an encoder that compresses the 
original data 𝐱𝐱 onto the lower-dimensional latent space 𝐳𝐳, 
which is passed into the decoder that then reconstructs 
the original input data 𝐱̃𝐱. 

 
Figure 1. Example of an autoencoder architecture with 4-
dimensional input, a 3-dimensional hidden layer in the 
encoder, and a 2-dimensional latent space. The decoder 
architecture always reflects that of the encoder, but the 
decder has its own unique weights and biases. 

The autoencoder can be described by Equations 
(15a) and (15b): 

𝐳𝐳 = 𝑓𝑓enc(𝐱𝐱),      (15a) 

𝐱̃𝐱 = 𝑓𝑓dec(𝐳𝐳),      (15b) 

where 𝑓𝑓enc(⋅) is the function representing the encoder and 
𝑓𝑓dec(⋅) is the function representing the decoder. Autoen-
coders can also be trained on the 100-lag segments from 
the DPCA data 𝐖𝐖 in Equation (7), so this study also con-
siders a 100-lag autoencoder to capture temporal rela-
tionships, not just an autoencoder for modelling 𝐗𝐗. 

Autoencoder training focuses on minimizing the re-
construction loss described by the Mean Squared Error 
(MSE) loss function over 𝐽𝐽 observations in Equation (16): 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1

�
∑ ‖

‖𝐱𝐱� − 𝐱̃𝐱�‖
‖�

�=1 2

2
.   (16) 

 The number of epochs (times passed through the 
training dataset during training) can be increased to im-
prove fitting to the training dataset. However, using a 
higher number of epochs is both more computationally 
expensive and can lead to overfitting of the training data 
and poor fitting of the validation dataset. Another way in 
which the validation performance of the autoencoder can 
be improved is to introduce a penalization term into the 
loss function that penalizes the size of the autoencoder 
weights and biases during training, thus shrinking redun-
dant parameters. In this study, 250 epochs are used 
alongside L2 regularization (sum of squared weights and 
biases). Finally, different autoencoder architectures are 
tested to identify the best performer on validation data.  

It is also worth noting that since the autoencoder la-
tent variables are not guaranteed to be orthonormal or 
centred like PCA scores, the Hotelling-type 𝑇𝑇2 fault de-
tection metric is approximated using a slightly different 
formula shown in Equation (17): 

𝑇𝑇��2 = (𝐳𝐳 − 𝒛𝒛̅)⊤𝚺𝚺𝒛𝒛−𝟏𝟏(𝐳𝐳 − 𝒛𝒛̅),    (17) 

where 𝚺𝚺� is the latent covariance matrix, and 𝒛𝒛̅ is the la-
tent mean vector.  

RESULTS AND DISCUSSION 

Principal Component Analysis performance 
As mentioned in the Fault detection metrics section, 

we consider a 50-input moving window for fault detec-
tion. In this window we monitor the percent of datapoints 
that exceed the 99% confidence limit of the 𝑇𝑇2 statistic 
for both normal (training and validation) and faulty 
batches. The earliest window that demonstrates the 
clearest distinction between normal and faulty batches is 
chosen as the best fault detection window, the results of 
which are illustrated in Figures 2-4. 

 
Figure 2. Bar chart showing percent of datapoints in each 
(normal operation) training batch where 𝑇𝑇2 threshold is 
violated. 
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Looking at Figures 2 and 3, it is evident that the PCA 
does not flag any of the datapoints within this 50-data-
point window as exceeding the 99% confidence limit of 
the 𝑇𝑇2 statistic, meaning PCA can correctly classify both 
the training and validation batches as normal operation.  

 
Figure 3. Bar chart showing percent of datapoints in each 
(normal operation) validation batch where 𝑇𝑇2 threshold is 
violated. 

 Moreover, Figure 4 shows that PCA uncovers sev-
eral instances where data within the fault detection win-
dow exceeds the 99% confidence limit of the 𝑇𝑇2 statistic, 
therefore providing clear distinction between the normal 
and faulty batches. 

 
Figure 4. Bar chart showing percent of datapoints in each 
faulty test batch where 𝑇𝑇2 threshold is violated. 

The optimal fault detection window for the bench-
mark PCA requires data up to the 638th minute, a signifi-
cant improvement upon observing faulty batches 
through raw data at around 1000th minute. If %𝐹𝐹𝐹𝐹 is the 
highest percent of faults detected in any single normal 
batch and %𝑇𝑇𝑇𝑇 is the lowest percent of faults detected in 
any single faulty batch, the fault detection margin %𝐹𝐹𝐹𝐹𝐹𝐹 
is calculated as in Equation (18): 

%𝐹𝐹𝐹𝐹𝐹𝐹 = %𝑇𝑇𝑇𝑇 − %𝐹𝐹𝐹𝐹.   (18) 

The fault detection margin for the PCA benchmark 
is therefore 16% (since %𝐹𝐹𝐹𝐹 = 0%, and %𝑇𝑇𝑇𝑇 = 16% for the 
benchmark PCA). The higher the fault detection margin, 

the more robustly the faulty batches can be distinguished 
from normal operation. Despite PCA reducing the time for 
faulty batch detection, there is still room for improvement 
in terms of both fault detection time and fault detection 
margin. This motivates the need to investigate more 
state-of-the-art process monitoring strategies.  

Comparison of fault detection strategies 
performances with benchmark PCA 

For the remaining fault detection strategies, perfor-
mance is compared to the benchmark PCA in Table 1. 

Table 1: Overall comparison between fault detection 
methods, showing online fault detection time and fault 
detection margin. The DFPCA abbreviations Spln. And 
Poly. stand for B-spline and orthonormal polynomials, re-
spectively. 

Model Online fault 
detection 
time / min 

Fault  de-
tection 

margin / % 
PCA (benchmark)   
-lag DPCA   
Gradient-space PCA   
-lag DFPCA (Spln)   
-lag DFPCA (Poly)   
Autoencoder   
-lag Autoencoder   

 
Looking at Table 1, all dynamic methods (those in-

volving lagged data or operating in the gradient-space) 
outperform the benchmark PCA in terms of online fault 
detection time and margin. In fact, the only method that 
does not improve upon the benchmark PCA is the regular 
autoencoder. The stronger performance of gradient-
space and lag-based strategies is likely because they 
better incorporate temporal relationships which can be 
more informative of the true state of a batch process.  

It can also be seen that the two best performing ap-
proaches, in terms of fault detection margin, are 100-lag 
DPCA and 100-lag orthonormal polynomial DFPCA. Alt-
hough the lag-based models use a substantially larger in-
put space, due to the inclusion of time-lagged variables, 
it can achieve stronger dimensionality reduction than 
standard PCA, yielding a latent space that more effec-
tively captures the system dynamics. For example, to ex-
plain 95% of the data variance, the benchmark PCA has 
an input dimension of 8 and latent space dimension of 6 
(25% reduction), whereas the 100-lag DPCA has an input 
dimension of 800, and a latent dimension of just 18 
(97.75% reduction). The inability for the latent space to 
capture system dynamics for lower-dimension inputs 
could be the reason that the standard autoencoder fails 
to distinguish faulty batches from normal operation, 
meanwhile the higher-dimensional 100-lag autoencoder 
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performed strongly with a 250 minute reduction in the 
fault detection time and 36-point reduction to the fault 
detection margin with respect to benchmark PCA. 

The 100-lag DFPCA performs stronger when using 
orthonormal polynomials than B-splines, with a fault de-
tection time reduction of over 30 minutes and a 48-point 
improvement in fault detection margin. Evidently, the use 
of smoother functions better describes the system which 
implies that the more flexible B-splines are capturing ex-
cessive noise instead of additional process information. 

Although the fastest fault detection strategy is gra-
dient-space PCA, it performs weaker than all the lag-
based fault detection strategies in terms of fault detec-
tion margin, which is likely due to the aforementioned 
noise amplification in the gradient-space. This indicates 
that more smoothing is required to reduce the noise in 
the original data, however increased smoothing will both 
require a larger LOWESS filter span, thus raising the fault 
detection time, while also inadvertently removing some 
useful process dynamics. 

Overall, the best performing fault detection strategy 
for this industrial batch process is found to be that using 
the 100-lag orthonormal polynomial DFPCA approach 
due to its excellent fault detection margin of 100% and a 
competitively low fault detection time of 407 minutes. 

CONCLUSIONS 
As batch processing continues to play a vital role in 

modern manufacturing and sustainable production, en-
suring consistent and normal operation is becoming in-
creasingly important. Through the use and comparison of 
these machine learning techniques, faulty batch detec-
tion can be achieved within the first 400 minutes; a sig-
nificant improvement upon the 1000 minutes taken when 
observing the raw data and 638 minutes when utilizing 
standard PCA. In addition, a more statistically significant 
distinction can be found between faulty and non-faulty 
batches, meaning that fault detection robustness has 
been notably improved in comparison with the bench-
mark PCA. This study also demonstrates the benefits of 
utilizing fault detection strategies that exploit lag-based 
and gradient-space foundations for fault detection in 
batch processes. This study therefore paves the way for 
fault detection in industry-scale batch processes. 
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