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Abstract

High-dimensional data poses significant challenges in modern data science,
necessitating innovative approaches for effective processing and extracting
meaningful insights. Autoencoders, a type of neural network, offer a promising
solution by leveraging the latent space representation to extract valuable
information from complex datasets. However, optimizing autoencoders remains
challenging due to the high dimensionality, nonlinearity, and potential for
overfitting or underfitting. To address these issues, this study introduces
two novel objective functions based on the concepts of the Gain Matrix
(G) and Relative Gain Array (RGA), along with pruning techniques, to
enhance autoencoder training and performance. A case study of a simulated
propene production plant is used to demonstrate the effectiveness of the
proposed approach. The results reveal that autoencoders with novel objective
functions outperform traditional methods, such as PCA and conventional
autoencoders with mean square error (MSE) objective functions, leading to
gains of up to 40% in the explained variance when compared to a PCA and
up to 20% when compared to usual autoencoders. The findings underscore
the potential of autoencoders as powerful tools for high-dimensional data
analysis. By incorporating multivariable control concepts and refining objective
functions, autoencoders offer new opportunities to address complex data
challenges and advance data science in diverse real-world scenarios.

Keywords: Unsupervised Learning, Multivariable Control, Data
Compression, Soft-Sensors

1. Introduction1

High-dimensional data is a pervasive challenge across various domains of2

modern data science. The curse of dimensionality looms over the analysis3

of such data, requiring innovative approaches for effective processing and4

extraction of meaningful insights [1]. In this context, autoencoders emerge as5

a promising solution, offering a powerful framework to tackle the complexities6

of high-dimensional data. By leveraging the latent space representation7

generated by autoencoders, valuable information can be extracted, enabling8

improved predictions, classifications, and data-driven decision-making [2].9
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Autoencoders are a type of neural network that learns in an unsupervised10

way, and they were first introduced as a model that is trained to reconstruct11

its input instead of relying on labeled data. It relies on the relationship12

between the input variables [3, 4]. They have many applications, including13

assisting in classifications, regressions, and performing unsupervised tasks in14

high-dimensional spaces, such as data compression, denoising, dimensionality15

reduction, and feature extraction [5, 6]. As shown in [3, 7], there are numerous16

applications of AEs and their variants, focused on sound [8, 9] to image and17

video data [10, 11].18

In the realm of data-driven decision-making, soft-sensors have emerged19

as valuable tools for capturing real-time information from complex systems.20

These virtual sensors, derived from machine learning techniques, provide a21

means to extract meaningful and actionable insights from raw data streams22

[12, 13]. Previous studies have explored soft-sensors based on neural networks23

[14] using a PCA followed by a supervised adaptive network-based fuzzy24

inference system (ANFIS) for the prediction of carbon and nitrogen removal25

in wastewater treatment, [15] a supervised feed-forward artificial neural network26

to provide estimates of the polyethylene terephthalate (PET) viscosity in27

production and [16] used self-organizing map (SOM) and supervised feed-28

forward backpropagation neural networks to estimate parameters of fermentation29

processes with recombinant E coli. However, what sets autoencoders (AEs)30

apart is their potential to integrate predictions with the specific structural31

characteristics of a neural network, offering unique advantages.32

Autoencoders offer many advantages, making them an ideal choice for33

implementing soft-sensors in various applications. Firstly, their ability to34

perform unsupervised learning allows soft sensors to extract valuable insights35

from unlabeled data streams, eliminating the need for costly and time-consuming36

data annotation [17]. Secondly, autoencoders excel at dimensionality reduction,37

enabling soft sensors to handle high-dimensional data efficiently and effectively.38

This reduction enhances computational efficiency and simplifies data visualization39

and interpretation [18, 19]. Thirdly, by learning compressed and robust40

representations of the input data, autoencoders facilitate extracting relevant41

features, making soft sensors more accurate and resilient to noise and variations42

[17].43

Moreover, the flexibility of autoencoders in handling different types of44

data, such as images, time series, and text, extends soft-sensors applicability45

to diverse industries, including manufacturing, healthcare, and finance [20].46

In the context of industrial processes, the autoencoders capacity to handle47
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vast amounts of data is particularly appealing. In complex manufacturing48

settings, autoencoders process a plethora of sensor data efficiently, enabling49

real-time monitoring and control of various processes [21].50

While autoencoders are helpful tools, optimizing neural network training51

for autoencoder-based unsupervised learning can be challenging due to the52

high dimensionality and complexity of the input data, the nonlinear and53

nonconvex nature of the optimization problem, and the potential for overfitting54

or underfitting [4]. A significant challenge of unsupervised models like autoencoders55

is the absence of a clear, straightforward objective function to cluster data56

points based on their semanticity [22]. Additionally, certain objective functions57

can be overly simplistic, and when associated with the network training with58

a high number of parameters, it can lead to issues like the optimization of59

abnormal points and the generation of chaotic latent spaces [23]60

To overcome these limitations, we need a way to gain more control over61

the training and evolution of this unsupervised method aiming to limit the62

chaos in latent spaces. The latent space can be input for constructing models63

that predict data characteristics. In this paper, we propose novel objective64

functions using concepts explored by Bristol [24] over multi-input, multi-65

output problems in industrial control of gain matrix (G) and relative gain66

array (RGA) and pruning functions using these matrices for each layer to67

improve the training of neural networks for autoencoder-based unsupervised68

learning. The AE’s compressed latent space will be used as input for the69

calibration of linear predictive models as soft sensors for a case study of a70

simulation of a propene production plant [25] consisting of three distillation71

columns and aims to distillate a load of liquefied petroleum gas.72

2. Methodology73

2.1. Autoencoder74

Neural networks draw inspiration from the human brains neural structure75

[26]. It consists of interconnected nodes, called neurons, organized into layers.76

Each neuron is an essential processing unit that receives input data and77

performs a simple computation. It multiplies each input by a corresponding78

weight, sums them up with a bias term, and then applies an activation79

function to determine its output. This output is then passed on to other80

neurons in the network. Through a process called training, neural networks81

adjust their weights and biases to learn patterns and relationships within82

the data, enabling them to perform tasks such as image recognition, natural83
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language processing, and decision-making with remarkable accuracy. During84

training, neural networks utilize objective functions, also known as loss functions,85

to measure the difference between predicted outputs and the actual targets.86

The neural network fine-tunes its parameters by minimizing the value of the87

objective function through optimization algorithms like gradient descent. It88

improves its ability to make accurate predictions on unseen data [27].89

As a class of artificial neural networks, autoencoders play a crucial role in90

unsupervised learning and dimensionality reduction tasks [28]. The architecture91

of an autoencoder comprises an input layer and one or more hidden layers92

constituting the encoder and decoder segments, as illustrated in Figure 1.93

These hidden layers generate an encoded representation of the input data,94

subsequently reconstructed back to its original form in the output layer.95

96

Figure 1: Autoencoder Structure

Autoencoders, a type of neural network, possess a captivating structure97

where neurons interact to minimize reconstruction errors between input and98

output during training [20]. This enables them to recreate input data from99

encoded representations, facilitating efficient data compression and representation100

of critical features [29]. Autoencoders find extensive applications in data101

compression, anomaly detection, image denoising, and computer vision tasks102

[30]. In industrial processes, they efficiently handle large datasets for real-103

time monitoring and control [21].104

Despite their advantages, autoencoders face challenges in generating organized105

structures in the latent space due to non-specific objective functions and a106

lack of good regularizations [23]107
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Nevertheless, despite these challenges, autoencoders remain powerful tools108

with vast potential across various applications in advancing machine learning109

and artificial intelligence. Ongoing research continues to address and improve110

upon these limitations. As this kind of model continues to be explored in111

various fields, there is a growing interest in developing methods of optimizing112

the training of these neural networks.113

2.2. Gain Matrix (G) and Relative Gain Array(RGA)114

To improve the training of AE models, multivariable gain matrix (G) and115

relative gain matrix (RGA) concepts were proposed here to formulate two116

modified goal functions for AE training. The first concept here introduced117

is the Gain matrix (G) given by:118

G =


∂x̂1

∂x1

· · · ∂x̂1

∂xn... . . . ...
∂x̂m

∂x1

· · · ∂x̂m

∂xn

 (1)

where x̂m is the output m and xn is the input n.119

In industrial control, the gain matrix refers to a mathematical representation120

of the relationship between the inputs and outputs of a control system. It121

is commonly used in multivariable control systems with multiple inputs and122

outputs. Each element of the gain matrix represents the gain or sensitivity123

of the corresponding output to a unit change in a particular input [31].124

The second concept is the relative gain array (RGA) proposed by Bristol125

(1966), which corresponds to a matrix used in multivariable control to analyze126

and understand the interactions between different inputs and outputs. It127

provides insights into the relative importance of each input to each output128

regarding the systems overall performance. It quantifies the impact of a129

change in input m on output n while holding all others. It can be calculated130

using (2) for a square matrix or be generalized to a l x m non-square matrix131

using (3).132

RGA = G⊙ (G−1)T (2)

RGA = G⊙ (G†)T (3)

where ⊙ is the elementwise Hadamard product of the matrices of gain133

(G), and † is the Moore–Penrose inverse.134
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2.3. Objective functions and Pruning techniques135

2.3.1. Objective functions136

Generative models, such as autoencoders, often require an objective function137

to govern the relationship between the input data and its reconstructed138

counterpart. The commonly employed objective function is MSE (mean139

squared error). However, these constraints can be overly simplistic. Although140

MSE is straightforward to solve, it tends to prioritize outliers when they exist141

in the data. This phenomenon occurs because MSE assigns greater weight142

to outliers, diverting the models optimization efforts towards these atypical143

points [23]144

The mean square error (equation 4) was used as a base equation for the145

new objective functions.146

MSE =
1

n

n∑
i=1

(xi + x̂i)
2 (4)

where xi is the input value of the variables and x̂i is the reconstructed147

output n is the number of features or variables of the model.148

The methodology of using the gain matrix and RGA as part of the149

objective function can potentially improve the quality of unsupervised models.150

The first objective function created uses the gain matrix (G) to incorporate151

the interaction between each input-output into the cost function as a second152

term, together with mean square error (equation 5).153

fgain =
1

m

m∑
i=1

(
1

n

n∑
i=1

(xi + x̂i)
2 + λ(∥ G− I ∥2)2

)
(5)

where I is an identity matrix with the same dimensions as G, which is154

obtained by the autograd function in PyTorch, and m is the batch size or155

number of observations processed at a time.156

Based on widely studied regularization functions such as Lasso (L1) and157

Ridge (L2) described in [32], the function was developed using a lambda (λ)158

to define the relative importance of the gain matrix, with the regularization159

value being the norm of the matrix subtracting an identity matrix of equivalent160

size, which has the function of correcting the value to an ideal system (no161

interaction between the channels), plus the widely used error function MSE.162

Likewise, for the RGA, equation 6 was developed:163
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fRGA =
1

m

m∑
i=1

(
1

n

n∑
i=1

(xi + x̂i)
2 + λ(∥ RGA− I ∥2)2

)
(6)

The RGA was used in the objective function, resembling equation 5 using164

a lambda value (λ) and the squared Euclidean norm of the difference between165

RGA and an identity matrix. where I is an identity matrix with the same166

dimensions as RGA, and m is the batch size or number of observations167

processed at a time.168

The selection of the Euclidean norm to penalize differences between matrices169

in an autoencoder is rooted in the objective of highlighting and amplifying170

noteworthy individual errors. This decision is motivated by the intention171

to assign greater significance to substantial deviations between the real and172

ideal coupling values, thereby possibly promoting a selective approach to173

penalization. By choosing the Euclidean norm, the attention is redirected to174

a more localized evaluation of errors, potentially facilitating a more precise175

strategy for addressing specific coupling patterns within the autoencoder176

architecture.177

2.4. Pruning functions178

For the pruning functions, gain matrices and RGAs were calculated layer179

by layer according to Figure 2:180

181

Figure 2: Diagram of Gain Pruning

The calculated matrices were used in a pruning function that iterates182

over the list of weights of the layers and creates a mask that sets values lower183
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than a pre-established threshold of 0.01 to 0 throughout the training, based184

on this and to avoid very sudden cuts, we applied these masks on the layers185

every 25 epochs in networks that are trained for a total of 1000 epochs.186

2.5. Soft-Sensor methodology187

The soft-sensor development methodology employed in this study embraces188

a comprehensive data-driven approach, integrating advanced process control189

and machine learning techniques. Data preparation and analysis are conducted190

using Python v.3.9.16, with specific libraries tailored for diverse tasks to191

initiate the process. Pandas v.2.0.1 and NumPy v.1.21.5 are harnessed for192

data manipulation and feature engineering. PyTorch v.2.0.0 and Scikit-learn193

v.1.2.2 are employed to create and train predictive models. These libraries194

leverage their capabilities for modeling and optimizing predictions based on195

autoencoders.196

2.6. Data processing197

Given the temporal nature of the data organized in time series format, the198

dataset was partitioned in a 60:20:20 ratio using a methodology of modified199

systematic sampling that was guaranteed to select the samples with minimum200

and maximum values of the output variable for the training subset, using the201

k-rank method [33]. This was crucial as all samples must be within the range202

for the black-box models so that no extrapolation would be needed [34].203

With the split data, a normalization was applied using a Standard Scaler204

method. This method rescaled the distribution of values, ensuring that the205

mean of observed values was centered at 0, and the standard deviation was206

set to 1.207

2.7. Soft-sensor Structure208

The autoencoder hyperparameters were defined through a Grid Search of209

hyperparameters (Table 1) to obtain the best model and capture the behavior210

of data for each soft-sensor.211

We aim to optimize the hyperparameters of our model effectively using212

grid search, with a batch size fixed in 512. Our focus lies in achieving the best213

possible settings for the autoencoder + linear model (Figure 3) by evaluating214

its explained variance. To accomplish this, the autoencoder must first learn to215

reconstruct the data accurately and, subsequently, utilize the encoded space216

to make precise estimations. Through this process, we can determine the217

optimal hyperparameters that enhance our models performance and robustness.218
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Table 1: Hyperparameter search space

Parameter Search Space
Number of layers 3 or 5 layers
Activation function Sigmoid and ReLU
Size of hidden layers 5, 6, 7 and 8 neurons
Size of latent space 4, 5, 6, 7 and 8 neurons
Learning rate 1x10−4, 1x10−3 and 1x10−2

Lambda (λ) 1, 0.1 and 1x10−2

219

Figure 3: Structure of Soft-sensor

The grid search not only allowed us to find the best hyperparameters for220

our soft-sensor model but also provided valuable insights into the behavior of221

the autoencoder under different configurations. By systematically evaluating222

the models performance with various hyperparameter combinations, we better223

understood how each parameter impacts the models ability to reconstruct224

data and make accurate predictions. This knowledge proved invaluable in225

fine-tuning the soft sensor, ultimately leading to a highly efficient and reliable226

system for detecting the characteristics of our case study.227

subsectionCase study228

This study utilizes a simulated dataset from a propene production plant229

[25]. The process consists of a series of three distillation columns that will be230

respectively called T-01, T-02, and T-03 and is designed to separate liquefied231

petroleum gas into a stream containing 99.6% propene as the final product.232

In the first column, it is important to pass on as little impurities as233

possible to the second column, which consists of removing the heavies (longer234

chain hydrocarbons). Therefore, the soft-sensor target of T-01 corresponds to235

the amount of impurities in the top stream. The inference of this variable is236

of great importance for the control of the process, since this impurity must be237
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kept to a minimum, considering the thermodynamic and economic conditions238

of the plant. For column T-02, the variable of most significant interest to infer239

is the propylene output at the top of the column, representing its waste. In T-240

03, it is important to control the specification of the propylene concentration241

at the top of the column. For this, it is necessary to infer the concentration of242

propane, a component that makes the propylene stream impure. An Aspen243

Plus® representation of the unit can be seen in Figure 4.244

245

Figure 4: Aspen Plus® model of the unit adapted from [25]

Data is segregated by column, where column T-01 has 871 process operation246

data points with available measurements of 10 different instruments, column247

T-02 has 407038 entries with 11 instruments, and column T-03 has 1764 data248

points with 19 instruments.249

3. Results250

A technique called Grid Search was used to find the ideal hyperparameters251

for the neural networks used in this study. Grid Search is a thorough search252

method that allows exploring various possible combinations of hyperparameters253

to determine the optimal configuration of the model. In Table 2, presented254

below, the best hyperparameters for each column are presented as obtained255

in the optimization.256

257

After adjusting the autoencoders using the optimized hyperparameters,258

they were used in soft-sensors with linear regression to detect the characteristics259

addressed in the case study. The adjusted autoencoders made it possible to260
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Table 2: Selected hyperparameters

Hyperparameter
Columns

T-01 T-02 T-03
Layers 5 5 5
Hidden Neurons 5 7 10
Encoded size 4 3 4
Activation Sigmoid Sigmoid Sigmoid
Learning rate 1x10−2 1x10−2 0.1
Lambda 0.1 0.1 1x10−2

compress the original data information into lower-dimensional representations,261

preserving the most relevant characteristics. To evaluate the performance262

of the adjusted autoencoders, Tables 3 was generated, which present the263

explained variances by the different models in comparison. The results of264

the models developed in this study were compared with a PCA (Principal265

Component Analysis) and a conventional autoencoder that uses the same266

configuration with an MSE objective function.267

After analyzing the results presented in Table 3, we further validated268

the significance of the differences between the soft-sensor models using the269

Fisher Least Significant Difference (LSD) method. The Fisher LSD method270

is a statistical test commonly employed in multiple comparisons to determine271

if there are significant differences between the means of different groups. Our272

study applied it to verify the differences in explained variances obtained by273

the various soft-sensor models across columns T-01, T-02, and T-03.274

The Fisher LSD test revealed statistically significant differences (p < 0.05)275

between several pairs of soft-sensor models, providing additional evidence276

that the proposed novel objective functions, which integrate the gain matrix277

and relative gain array, substantially impact the models performance.278

Comparing the results, it is observed that the autoencoders with novel279

functions obtained a higher explained variance concerning the reference methods.280

This indicates that the soft sensors developed in this study could capture the281

relevant information in the input data more accurately. Works by authors282

such as [35, 36, 37] show that autoencoders, in many applications, tend283

to outperform linear methods such as PCA, being able to detect subtle284

anomalies in data. This more remarkable ability to explain variances indicates285

11

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4734889

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Table 3: Explained variance for each soft sensor in columns T-01, T-02 and T-03.

Model
Columns

T-01 T-02 T-03
PCA 0.66± 0.0a 0.03± 0.0ab 0.46± 0.0a

AE 0.82± 0.0bc 0.34± 0.21cd 0.65± 0.02bc

GAE 0.89± 0.08bc 0.55± 0.04de 0.64± 0.09bc

RGAE 0.79± 0.02ab 0.33± 0.18cd 0.57± 0.08ab

AE PG 0.79± 0.07ab 0.59± 0.02e 0.79± 0.07cd

AE PRGA 0.90± 0.06bc 0.02± 0.0a 0.59± 0.04ab

GAE PG 0.81± 0.03bc 0.46± 0.14cde 0.67± 0.08bc

GAE PRGA 0.81± 0.12bc 0.26± 0.04bc 0.63± 0.14b

RGAE PG 0.86± 0.07bc 0.46± 0.14cde 0.88± 0.04d

RGAE PRGA 0.93± 0.04c 0.32± 0.01c 0.63± 0.08b

a first group; b second group; c third group; d fourth group; e fifth group in
Fisher’s Test.

that the adjusted autoencoders perform better in the data compression and286

reconstruction task than the PCA and the conventional autoencoder.287

Moreover, by observing the behavior of the network weights during training288

and at the end of it (Figure 5) we can verify simpler relationships between289

neurons, showing a potential to reduce the interaction between channels and290

consequently reduce the number of variables adjusted to each training epoch.291

292

Figure 5: Visual comparison of T-01 column weights for a normal autoencoder
(AE) and an autoencoder that uses the functions developed in the article (RGAE
PG) after training
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These results reinforce the importance of the specific functions developed293

in this work to adjust the autoencoders more appropriately to the problem in294

question, thus improving the quality of the latent representations obtained295

and, consequently, the ability to explain data variances.296

4. Conclusions297

In conclusion, this study demonstrates the effectiveness of autoencoders298

in addressing the challenges of high-dimensional data analysis. By leveraging299

the latent space representation generated by autoencoders, valuable insights300

can be extracted from complex datasets, leading to improved predictions and301

data-driven decision-making. Incorporating novel objective functions based302

on Gain Matrix (G) and Relative Gain Array (RGA) concepts, along with303

pruning techniques, enhances the training and performance of autoencoder304

models.305

The case study results, focused on a simulated propene production plant,306

highlight the superiority of autoencoders with novel objective functions compared307

to traditional methods such as PCA and conventional autoencoders with308

the aim of MSE functions. These autoencoders achieve higher explained309

variance and accurately capture the relevant information in the input data,310

surpassing linear methods and enabling the detection of subtle anomalies.311

The observed behavior of network weights during training further indicates a312

potential reduction in channel interactions, enhancing the models efficiency313

and simplifying relationships between neurons.314

Overall, this research underscores the potential of autoencoders as powerful315

tools for high-dimensional data analysis and soft-sensors. By refining the316

objective functions and incorporating multivariable control concepts, autoencoders317

can provide better control over the training process and improve the quality of318

latent representations. Future work may explore diverse datasets and extend319

the application of autoencoders to various real-world scenarios, offering new320

opportunities for addressing complex data challenges and advancing the field321

of data science.322

5. Declaration of Generative AI and AI-assisted technologies in the323

writing process324

During the preparation of this work the author(s) used ChatGPT in order325

to improve readability. After using this tool/service, the author(s) reviewed326
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and edited the content as needed and take(s) full responsibility for the content327

of the publication.328
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