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 A B S T R A C T

Soft sensors estimate process variables that are difficult or impossible to measure directly by using mathemat-
ical models and available sensor data, e.g., product concentrations. Machine learning-based approaches have 
become popular for soft sensing tasks. These approaches offer automatic modeling using historical process data 
but lack basic process information, such as the process topology. This can lead to (1) modeling of correlations 
instead of causation between process measurements, (2) model deterioration in deployment due to unseen 
process scenarios, and (3) large data requirements. To overcome these shortcomings, we propose a novel ML 
modeling approach incorporating the process topology into soft sensor models for improved spatio-temporal 
modeling. For this, we propose process topology-aware graph neural networks. We combine process topology 
and sensor data by representing process data in a directed graph and leverage these process graphs to train 
graph neural networks. Our method demonstrates enhanced model robustness, reduced data requirements, and 
more intuitive data representations compared to standard black-box machine learning modeling approaches. 
Overall, this work introduces a new paradigm for soft sensing by directly embedding process information into 
the data, paving the way for more efficient and reliable digital twin applications.
1. Introduction

Soft sensors play an important role in modern (bio-)chemical pro-
cess operations because they allow the real-time estimation of process 
parameters that are hard to measure inline, e.g., product yields (Yi 
et al., 2020) or substrate concentrations (Salgado et al., 2004). Soft 
sensors leverage available information, such as hard sensors in the 
plant, to estimate their targets (Luttmann et al., 2012). To provide value 
in process operations, soft sensors require accurate dynamic models of 
the underlying plant. Towards this end, machine learning (ML) based 
models have received much attention in literature (Jiang et al., 2021b) 
because ML models learn statistical correlations from historical process 
data in an end-to-end fashion.

One common approach to leverage ML models for soft sensors is to 
use flat, tabular data-based regression models (Souza et al., 2016; Jiang 
et al., 2021c; Kadlec et al., 2009; Curreri et al., 2021; Lin et al., 2007; 
Fortuna et al., 2007). In tabular data models, all input variables are 
processed as individual, independent features without any predefined 
relational structure. During training, the ML model learns statistical 
correlations among the input variables to predict the soft sensor tar-
get (Sun and Ge, 2021). Many different ML models have been explored 
towards this end. Tree-based models, such as random forest regression 
and extreme gradient boosting (XGBoost) have been utilized in several 
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works (Ching et al., 2022; Cheng et al., 2023). Besides, support vector 
regression-based approaches have also been explored (Kaneko and 
Funatsu, 2014; Yan et al., 2004). Finally, (deep) neural network-based 
regression learners have been extensively developed (Shang et al., 
2014) as well due to their versatile nature.

The pure, data-driven nature of ML models without any underlying 
process awareness can lead to challenges in developing and deploying 
soft sensors in industrial settings (Cao et al., 2022). Among them, the 
following three challenges are directly related to the inherent statistical 
learning nature of ML-based soft sensors. (1) Spurious relationships 
refer to correlations detected by the model between sensor readings 
and outcomes that do not reflect any true causal link, but rather are 
coincidental or influenced by hidden variables. These spurious relation-
ships can lead to erroneous predictions and unreliable performance in 
real-world applications (Wang et al., 2013; Klaeger et al., 2021). (2) Co-
variate shifts occur when the statistical properties of the input variables 
change over time, leading to a mismatch between the data the model 
was trained on and the data it encounters during operation (Zhao et al., 
2024; Lu et al., 2020). This can result in degraded model performance 
and inaccurate predictions as the model fails to generalize to the new 
data distribution. As denoted by Souza et al. soft sensor models are 
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therefore required to be maintained regularly in industry (Souza et al., 
2016). Covariate shifts can have many causes in process operations, 
e.g., catalyst deactivation, drifts in sensor measurements over time or 
simply setpoint scenarios not encountered in the training data. (3) Data 
quantity is yet another consideration when building ML applications, 
such as soft sensors (Grimstad et al., 2023; Zhuang et al., 2022). 
Modern ML algorithms require large amounts of high-quality data to 
perform accurately. Procuring this data however can be time intensive 
and cost intensive as denoted by Bortz et al. (2023). The pure, statistical 
learning of ML models thus has drawbacks when applied to soft sensor 
development.

Hybrid models can overcome some of the drawbacks of data-driven 
ML models but require additional mechanistic insights (Schweidtmann 
et al., 2024; Daoutidis et al., 2024; Venkatasubramanian, 2018; Bradley 
et al., 2022; von Stosch et al., 2014). Hybrid modeling frameworks, 
also referred to as grey-box models, aim to combine pure, data-driven 
ML models with mechanistic insights by directly incorporating physical 
models thereby overcoming some of these drawbacks. This helps in 
enforcing physical predictions, increase transparency, and ultimately 
trust. Hybrid models require mechanistic models describing the system, 
which increases the overall modeling effort and may not be always 
feasible. Furthermore, the ML models used in hybrid modeling are still 
black box models, unaware of the underlying process.

Towards inherently more process-aware, context-oriented ML mod-
els, recent literature has explored how chemical processes can be 
represented in appropriate information representations to be communi-
cated to ML models. Two types of representations have been commonly 
leveraged, graph-based and string-based process representations (Gao 
and Schweidtmann, 2024). In both representations, the process topol-
ogy is encoded to make the ML model learn about the context of 
the process. In graph-based representations, the process topology is 
represented as a graph with unit operations nodes and streams as 
edges. Alternative, more holistic graph-based information representa-
tions have also been proposed, such as (py-)DEXPI (Theissen et al., 
2021; Goldstein et al., 2025) or OntoCape (Marquardt et al., 2010) as 
well as different semantic representations such as hypergraphs (Mann 
et al., 2024) or knowledge graphs. Graph neural networks (GNNs) 
are used to learn from process graphs (Stops et al., 2022; Gao and 
Schweidtmann, 2024; Oeing et al., 2023; Balhorn et al., 2024). In 
sequence-based representations, the process topology is expressed in a 
string-based format by creating a sequence of the process graph (d’An-
terroches, 2006; Vogel et al., 2023; Mann et al., 2024; Li, 2024). This 
allows to leverage transformer-based models (Vaswani et al., 2017) or 
Recurrent Neural Networks (Hochreiter and Schmidhuber, 1997) for 
training. Several sequence-based representations have been proposed, 
such as SFILES (d’Anterroches, 2006) and its extensions SFLIES2.0 (Vo-
gel et al., 2023) and eSFILES (Mann et al., 2024), as well as phenomena 
based string representations as proposed by Li (2024).

GNNs have also gained attention in the context of ML-based soft sen-
sor models. Lin et al. (2024) applied a graph attention network together 
with a long short term memory network to model the spatio-temporal 
dependencies within a propylene plant. In their graph modeling ap-
proach, the graph is constructed by considering each sensor as a node 
that is connected to all other nodes. Huang et al. (2021) developed a 
graph sensing neural network-based approach for wafer production. In 
their approach, they used GNNs to consider both textual and numerical 
information. Their graph representation is learned by the network. 
Recently, Allen and Cordiner (2024) developed a forecasting model for 
a wastewater treatment plant. They developed a disentangled graph 
convolution approach to extract spatial dependencies between sensor 
measurements and modeled the sensor measurements as a fully con-
nected graph. Niresi et al. (2024) build a sensor network-based on real 
sensors as well as physics-based nodes to generate enhanced graphs for 
soft sensing tasks. Related to soft sensing, Wang et al. built causal GNNs 
to detect faults in process operation (Wang et al., 2024). This also builds 
on previous work by Hu et al. (2018), who proposed a framework 
2 
to leverage process connectivity information in alarm management 
systems. Previous works demonstrate the applicability of GNNs to soft 
sensors well, it remains open how the process topology along with 
sensor data can be leveraged.

Recognizing the advances in the application of GNNs for soft sensing 
tasks in industrial processes, we aim to extent the GNN-based modeling 
approach by holistically embedding information about the process 
topology into the GNN modeling framework, such as sensor types, 
sensor locations, unit operation types and flow directionalities. In this 
way, we aim to make the GNN model more aware of the entire plant 
topology. We take a three step approach: First, we develop a soft sensor 
modeling approach using GNNs to incorporate the process topology. 
We are the first to explicitly incorporate the process topology into the 
model using a data representation that represent the entire process 
topology. Second, we introduce three case studies that are challenging 
to current state-of-the-art (tabular) ML approaches to soft sensor mod-
eling. Third, we benchmark the topology-aware GNN approach against 
common ML models including artificial neural networks, random forest 
regression, and XGBoost.

The remainder of the manuscript as follows. In Section 2, we 
explain the ML modeling tools used in this work. In Section 3, we 
introduce our developed topology-aware GNN soft sensor. In Section 4, 
we discuss the case studies that we use to demonstrate properties of the 
topology-awareness. We present and discuss our results in Section 5 
and benchmark our approach against current ML models. To further 
investigate those the modeling mechanisms of the GNN model, we carry 
out several ablations in Section 6 We conclude our work in Section 7.

2. Background

In this section, we introduce the two modeling tools for spatio-
temporal modeling, GNNs and transformer encoders.

2.1. Graph neural networks

GNNs are a class of neural networks designed to handle graph-
structured data. Unlike traditional neural networks, which operate 
on fixed-size inputs, GNNs can process data where the relationships 
between elements are best represented as a graph. Each node in the 
graph represents an entity, and the edges represent relationships or 
interactions between these entities. GNNs are used in various appli-
cations, including social network analysis, recommendation systems, 
and biological network modeling (Kipf and Welling, 2017). GNNs have 
also been a popular modeling technique in computational chemistry 
and chemical engineering in different applications, e.g., for predicting 
the products of organic reactions (Coley et al., 2019), novel crystal 
material discovery (Jiang et al., 2021a) or estimating fuel ignition 
qualities-based on molecular graphs (Schweidtmann et al., 2020).

At the core, the GNNs iteratively update the representation of each 
node by aggregating information from its neighbors, see Fig.  1. This 
process, known as message passing, allows nodes to integrate informa-
tion from their local graph structure. The updated representation of a 
node after 𝑘 iterations can capture information from nodes that are up 
to 𝑘 hops away in the graph. Mathematically, this is expressed as:
𝐡(𝑘)𝑣 = UPDATE

(

𝐡(𝑘−1)𝑣 ,AGGREGATE
(

{𝐡(𝑘−1)𝑢 ∣ 𝑢 ∈  (𝑣)}
))

where 𝐡(𝑘)𝑣  is the representation of node 𝑣 at iteration 𝑘,  (𝑣) denotes 
the neighbors of 𝑣, and UPDATE and AGGREGATE are functions that 
combine the information of the node and its neighbors (Gilmer et al., 
2017). Common aggregation functions include sum, mean, and max, 
while the update function is typically a neural network (Battaglia et al., 
2018). A common choice is a gated recurrent unit (GRU), that considers 
the current hidden state 𝐡(𝑘−1)𝑣  and the aggregated message 𝐦(𝑘)

𝑣 =
AGGREGATE

(

{𝐡(𝑘−1)𝑢 ∣ 𝑢 ∈  (𝑣)}
)

:

𝐡(𝑘) = GRU
(

𝐡(𝑘−1),𝐦(𝑘))

𝑣 𝑣 𝑣
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Fig. 1. Illustration of a GNN workflow, adapted from Schweidtmann et al. (2020). The left section shows input node features. The middle section demonstrates 
the graph convolution message passing through multiple layers, where each layer aggregates information from neighboring nodes. The right section shows the 
pooling operation that combines node representations into a single graph-level representation, which is then used for readout to predict a target of interest. This 
could be for instance for a classification or for a regression task.
Fig. 2. The message passing internals visualized for a node 𝑢 with two neighbors as described in Gilmer et al. (2017).
The edge information of the connected nodes 𝐞𝐮𝐯 ∈   can also 
be incorporated into GNNs to enhance the model’s capabilities. This 
is achieved by including edge features in the message passing process. 
The edge features 𝐞𝑢𝑣 associated with the edge between nodes 𝑢 and 𝑣
are utilized before the aggregation step. The entire message passing for 
node 𝐯 can then be described as:
𝐦(𝑘)

𝑣 = AGGREGATE
(

{𝛩(𝐡(𝑘−1)𝑢 , 𝐞𝑢𝑣) ∣ 𝑢 ∈  (𝑣)}
)

𝐡(𝑘)𝑣 = UPDATE
(

𝐡(𝑘−1)𝑣 ,𝐦(𝑘)
𝑣
)

Hereby 𝛩 is a multi-layer perceptron (MLP) that processes the 
edge information 𝐞𝑢𝑣 with the corresponding node embedding 𝐡(𝑘−1)𝑢 . In 
this formulation, the aggregation function takes into account both the 
node features and the edge features, which allows the model to learn 
more nuanced representations that reflect both node attributes and the 
relationships between nodes. The full message passing for a single node 
with two neighbors is visualized in Fig.  2. For directed graphs, the 
edge direction can be modeled as well. In the aggregation step, only 
nodes are that are directed towards 𝑣 are considered to be neighbors 
 (𝑣). This directedness allows to control the flow of information in 
the GNN. The expressive power of GNNs stems from their ability to 
capture dependencies in graph-structured data. By stacking multiple 
layers of message passing, GNNs can learn hierarchical representations 
of graphs. This is particularly useful in tasks where the graph structure 
is critical for prediction (Xu et al., 2018).
3 
2.2. Transformer encoders

Transformers have been a key enabling technology in recent natural 
language processing advances such as language translation (Stahlberg, 
2020), text summarizing (Liu and Lapata, 2019), and text classifi-
cation (Shaheen et al., 2020). Moreover, transformers have recently 
been introduced to computer vision related tasks (Dosovitskiy et al., 
2021). Transformers are a type of neural network architecture that 
operates on sequential data. They exhibit several favorable properties, 
such as their inherent ability to model long range dependencies, their 
versatility and their efficient, parallel training procedure. They have 
become the popular choice for many tasks involving sequential data, 
often substituting recurrent neural networks such as GRUs (Dey and 
Salem, 2017) or long short-term memory (LSTM) networks (Yu et al., 
2019).

The transformer encoder generates an encoded sequence from an 
input in a single pass. It breaks the input sequence into tokens, the 
smallest units. It then processes the input with repeated layers, each 
comprising two primary components (Fig.  3). The first component is 
multi-head attention, which allows the model to simultaneously focus 
on different parts of the sequence, capturing various dependencies 
and relationships between tokens. The second component is an MLP 
that applies a series of transformations to further process the data. By 
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Fig. 3. Illustration of a transformer encoder architecture.

iteratively applying these layers, the encoder transforms the original se-
quential input into a detailed and meaningful encoded representation. 
To add positional context into the encoded representation, a positional 
embedding is added to the input sequence before being fed to the 
encoder.

Within the encoder, a key component is the attention mecha-
nism (Vaswani et al., 2017). Attention allows the model to weigh the 
importance of a token towards all other tokens in a sequence. For that, 
a query 𝐪 ∈ 𝐐, key 𝐤 ∈ 𝐊, and value 𝐯 ∈ 𝐕 vector for each token are 
created. The attention is then defined as: 

Attention(𝐐,𝐊,𝐕) = softmax
(

𝐐𝐊⊤
√

𝑑𝑘

)

𝐕 (1)

where the dot-product product of the query vectors Q and the key 
vectors K is a measure of relatedness. Then, the value vector is scaled 
with this dot product and 𝑑𝑘 is the dimension of the query and key. 
There are two major advantages of attention over previous methods. 
First, compared with hidden state-based methods such as LSTMs, the 
attention mechanism can capture the relative importance of each token 
over a long distance (Le and Zuidema, 2016). Second, the training 
process can be parallelized, leveraging advances in GPU computing 
and thus making the training feasible and efficient for very large 
datasets (Liu et al., 2020).

Transformers have been recently leveraged to model time-series 
data, outside and within chemical engineering. Outside of chemical 
engineering, time-series transformers have shown promising results for 
different tasks, such as time series forecasting, anomaly detection and 
time-series classification (Wen et al., 2022). Within chemical engineer-
ing, transformers have been investigated in different applications for 
modeling and control of dynamic systems. Sitapure et al. developed 
soft sensors and MPC-based control utilizing time-series transformers 
for modeling on crystallization systems (Sitapure and Kwon, 2023b,a; 
Sitapure and Sang-Il Kwon, 2023; Sitapure and Kwon, 2024). Arce 
Munoz et al. leveraged the transformer architecture for transfer learn-
ing across dynamical systems (Arce Munoz et al., 2024) and applied it 
in a thickener control case study (Arce Munoz and Hedengren, 2025). 
In statistical process control, transformers have also been utilized for 
anomaly detection (Zhu et al., 2024) and for early fault prognosis 
through time series forecasting (Bai and Zhao, 2023a,b). Further, Las-
trucci et al. utilized time series transformer for solving reactor design 
4 
ordinary differential equations (Lastrucci et al., 2024). These works 
demonstrate the applicability and utility of time-series transformers for 
various chemical engineering tasks.

3. Topology-aware soft sensors

The system dynamics of chemical processes depends on many fac-
tors including the process topology, thermodynamic states, flow rates, 
concentrations, design and operating variables, components, and time 
dependencies. Representing this information is crucial for effective 
learning and generalization of the ML model. Similar to previous 
works (Lin et al., 2024), we divide the modeling task into a spatial and 
a temporal modeling component.

3.1. Modeling spatial relationships

To account for the spatial relationships, we represent the underlying 
process as a structured graph, following the topology of the underlying 
process. We model three components of the process topology, (1) the 
unit operations, (2) how they are connected to each other, and (3) the 
affiliated sensor data. Unit operations, such as mixing, separation or 
reaction, are modeled as nodes of the graph. To account for the type of 
unit operation, we one hot encode the type as an attribute in the node 
vector. The streams are the corresponding edges in the graph. Streams 
connect unit operations and controllers, and we represent them as edges 
in the graph. The direction of flow for streams is represented as the 
direction of edges in the graph. Recycle streams are also represented 
with directed edges, introducing cyclical structures into the topology 
graph. Sensor data is embedded directly into the attribute vectors of 
the corresponding graph elements, encoding both the measurement 
type and sensor location within the plant. Specifically, data from unit 
operations is integrated into node attributes, while data from streams 
is incorporated into edge attributes. The sensor data is embedded in 
the attribute vector of the corresponding graph element. We chose this 
way of representing the flowsheet as a graph for three reasons. First, 
the representation is compact because the node and edge embeddings 
are densely packed representations. This keeps the number of nodes 
per graph low, potentially reducing issues with over-smoothing dur-
ing message passing (Rusch et al., 2023; Hamilton, 2020a). Second, 
this information representation allows the application of homogeneous 
GNNs, which are oftentimes favorable for simplicity, scalability and 
efficiency (Wang et al., 2023). Third, the representation is similar 
to successfully utilized flowsheet representations, e.g., for steady-state 
flowsheet representations (Stops et al., 2022).

To illustrate our information representation approach, we consider 
the flowsheet as shown in Fig.  4. The process consists of a feed which 
is split and heated. The two streams are then mixed again and sent to 
a flash vessel, with a top and a bottom outlet. Further, many sensor 
measurements are taken both in the unit operations and the streams. 
In a first step, we model the unit operations as nodes. In their node em-
beddings, the type of the unit operation is added as a one hot encoding 
as well. In the second step, we model the streams as directed edges of 
the graph. In the third step, we add the sensor measurements as further 
attributes to the corresponding nodes and edges. The resulting node 
embedding in this example is of size nine, since we have five unit types 
(inlet, splitter, heater, flash, outlet) and four measurement types (flow, 
level, temperature, pressure). The resulting edge embedding is of size 
four, since we only need to include the measurement types.

For the aggregation phase in the GNN, we consider and compare 
two modeling approaches. In the first mode, we aggregate by extracting 
the node embedding of the unit operation where the soft sensor target 
variable is located. This approach follows spatial modeling by only 
considering the local information aggregated at the target node or edge. 
From a graph representation learning perspective, this corresponds to a 
node-level regression task (Hamilton, 2020b). In the second mode, we 
aggregate by pooling all node embeddings of the graph. We consider 
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Fig. 4. Combined view of example tabular data and process representation as a graph.
Fig. 5. Time-series modeling illustrated to predict target 𝑦𝑡 with a look back window of size 𝑇 . First, for each time step 𝑡𝑖 an embedding is created with a GNN. 
This embedding is then fed to the transformer encoder for the final prediction of 𝑦𝑡.
the type of pooling as a hyperparameter. We thus aggregate information 
from unit operation far away from the soft sensor target unit oper-
ation as well. From a graph representation learning perspective, this 
corresponds to a graph-level regression task (Hamilton, 2020b).

3.2. Temporal modeling with transformer

For modeling the temporal component in process operations, we 
deploy a transformer architecture to process node embeddings across 
a look back horizon 𝑇  as a sequence over the GNN embeddings. This 
5 
approach is illustrated in Fig.  5. Hereby, 𝑇  is a hyperparameter that 
determines the size of the look back horizon and is problem dependent. 
For very quick processes (𝑇 = 1), we observed that skipping the en-
coder block improves model performance by eliminating the redundant 
temporal modeling stage.

The model operates as follows to predict the soft sensor target(s) 𝑦𝑡
at time 𝑡:

1. Node embedding generation: At each time step 𝑡𝑖 in the look 
back horizon, a GNN is used to generate node embeddings ℎ𝑣 ∈
𝑖
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Table 1
Sensor data available for pump network process, used as the 
input to the soft sensor models.
 Sensor type Location Sensor type Location  
 Pressure Feed Temperature Feed  
 Pressure Stream S2 Temperature Stream S2  
 Pressure Stream S4 Temperature Stream S4  
 Flow Pump P-101 Flow Pump P-102 

R𝑉 ×𝐻  (with V and H being the number of nodes and their hidden 
dimension, respectively) for each node 𝑣 in the graph of that 
time step 𝐺𝑡𝑖 : 

ℎ𝑣𝑖 = GNN(𝐺𝑡𝑖 ) (2)

2. Sequence formation: The embeddings from each time step are 
arranged in a temporal sequence 𝑆𝑇 = {ℎ𝑣𝑡 , ℎ

𝑣
𝑡−1,… , ℎ𝑣𝑡−𝑇 } ∈

R𝐻×𝑇 .
3. Mode-dependent embedding selection: The choice of embed-
dings depends on the prediction mode 𝑚 as previously outlined:

• For node-level prediction, the embeddings of the target 
unit operation’s node 𝑣target are used: 

𝑆𝑡 = {ℎ
𝑣target
𝑡 , ℎ

𝑣target
𝑡−1 ,… , ℎ

𝑣target
𝑡−𝑇 } (3)

𝑆𝑡 = {POOL(ℎ𝑡),POOL(ℎ𝑡−1),… ,POOL(ℎ𝑡−𝑇 )} (4)

where POOL is an aggregation function (e.g., mean, max, 
or sum) applied to all node embeddings ℎ𝑖 at each time 
step.

4. Transformer processing: The time sequence 𝑆𝑡 is processed by 
a transformer encoder model 𝑓transformer: 

𝑆reduced𝑡 = 𝑓transformer(𝑆𝑡) (5)

5. Target Prediction: The transformer’s output 𝑆reduced𝑡 ∈ R𝐻  is 
used to predict the final target quantities 𝑦𝑡 at time step t specific 
to the soft sensor application with an MLP regressor. 

𝑦𝑡 = 𝑓MLP(𝑆reduced𝑡 ) (6)

This approach combines the spatial relationship modeling capabili-
ties of GNNs with the sequential modeling strengths of transformers. 
The flexibility in choosing between node-level and graph-level pre-
dictions, as well as the ability to adjust the aggregation method for 
graph-wide embeddings, allows this model to be adapted to various 
process characteristics and prediction tasks. Using a look back horizon, 
the proposed approach allows to model dynamics by using large 𝑇 . This 
way, the proposed model can capture dependencies between inputs 
with time lag and the soft sensor target at the current time step.

4. Case studies

We demonstrate our approach on three illustrative case studies: (1) 
A pump network, (2) a blending network, and (3) an ammonia synthesis 
loop. The three case studies are chosen to illustrate distinct challenges 
of soft sensor modeling. In the first two case studies, the operating 
regime changes at test time. In the first case in Section 4.1, this causes 
a covariate shift. The second case study Section 4.2 is designed so that 
spurious relationships between predictors and target may arise due to 
common hidden variables. The third case study Section 4.3 is a large 
scale dynamic simulation of an ammonia synthesis loop.
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Table 2
Sensor data of the blend network process, used as the input to the soft sensor 
models.
 Sensor type Location Sensor type Location  
 Pressure Stream S1 Temperature Stream S1  
 Flow Stream S1 Pressure Stream S2  
 Temperature Stream S2 Flow Stream S2  
 Pressure Blend 1 outlet Temperature Blend 1 outlet 
 Flow Blend 1 outlet Pressure Stream S4  
 Temperature Stream S4 Flow Stream S4  
 Pressure Stream S5 Temperature Stream S5  
 Flow Stream S5 Pressure Stream S6  
 Temperature Stream S6 Flow Stream S6  
 Pressure Stream S7 Temperature Stream S7  
 Flow Stream S7 Pressure Stream S8  
 Temperature Stream S8 Flow Stream S8  
 Pressure Stream S9 Temperature Stream S9  
 Flow Stream S9 Pressure Blend 2 outlet 
 Temperature Blend 2 outlet Flow Blend 2 outlet 
 Concentration Water in Blend 2 Flow Pump P-101  
 Flow Pump P-102 Flow Pump P-103  

4.1. Covariate shift: Predicting flows in a water-pump network

The first case study investigates the influence of the covariate shift 
through setpoint changes. We investigate this covariance shift in an 
illustrative pump network (shown in Fig.  6), where a feed stream is split 
into two parallel streams in unit S-101. For both streams, a pump, P-101 
and P-102 respectively, increase the pressure. Afterward, the parallel 
streams are mixed again in mixer M-101. The speed of both pumps are 
controlled with FC-1 and FC-2 to set the total flow. The target of the soft 
sensor model is the product flow. To model the product flow, the sensor 
measurements shown in Table  1 are available. Accordingly, there are 
three pressures, three temperatures and two flows as shown in Table  1 
as inputs to the model, each for the past 𝑇  time steps. The output of 
the model is the estimated total flowrate at the current time step.

The flow through both parallel streams is shown in Fig.  7. During 
normal operation (train and validation data set), the setpoint of FC-2 
is kept constant, while the setpoint of FC-1 is altered, causing the flow 
through stream S1 to change and S3 to be constant. For testing, we 
differentiate two modes, Mode I and Mode II. In Mode I (Fig.  7(a)) the 
flow rate through P-102 is constant, while the flow rate through P-101 
is altered, similar to the preceding operation. In Mode II (Fig.  7(b)) the 
setpoint of FC-2 is altered as well, leading to a variation of flow through 
P-102.

Mode II poses a challenge for ML models because, under normal 
operation, P-102’s flow rate is constant, but it changes during testing. 
ML models rely on variation in training data to learn input–output 
relationships. Since there is no variation in the training data with 
respect to how P-102 is operated, there is little to learn for ML models 
about how P-102 behaves. At test time, P-102 is operated differently, 
creating a out of training data distribution event.

4.2. Spurious relationships: Predicting product concentration in a blending 
network

The second case study investigates the influence of spurious rela-
tionships for soft sensor models by modeling a blending process, see 
Fig.  8. There are three tanks T-101, T-102, and T-103 containing water 
and ethanol. The process aims to mix those to create two blends with 
different ethanol concentrations. For this, the ethanol stream coming 
from T-102 is split and mixed with the respective water streams from 
T-101 and T-103. To adapt the water/ethanol ratio in both blends, each 
feed pump is controlled with flow controllers FC-1, FC-2, and FC-3. 
The soft sensor target is to predict the concentration of water in Blend 
1. For this, the sensor measurements shown in Table  2 are available. 
In particular, the measurements also include the water concentration 
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Fig. 6. Flowsheet of the pump network case study.

Fig. 7. The flow through the two parallel streams over time, for both test Mode I and test Mode II.
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Fig. 8. Flowsheet of the blending network case study.
in Blend 2. The concentration of water in the two outlet streams is 
shown in Fig.  9. During normal operation (train and validation data 
set), the setpoints of FC-1 and FC-3 are kept constant, while the setpoint 
of FC-2 is altered, causing the concentration of water in the blends to 
change simultaneously. The inputs to the model are thus nine flows, 
nine temperatures, twelve flows and one concentration, each for the 
past 𝑇  time steps. The output of the soft sensor model is the estimated 
concentration of water in Blend 1 at the current time step.

We again differentiate between two modes at test time. Mode I 
follows the same operation as the training set, keeping the correlation 
between the two blends intact. In Mode II, during abnormal operation 
(test data set), the setpoint of FC-1 is altered. This causes the compo-
sition of Blend 1 to change, while Blend 2 remains mostly unchanged. 
Mode II is challenging for ML models because the concentrations of 
water in Blend 1 and 2 are highly correlated during normal operation 
but not at test time. ML models cannot differentiate between correlation 
and causality. Thus, these models identify a correlation between the 
concentration of water in Blend 1 and Blend 2. However, this corre-
lation is caused by the ethanol stream feeding both blends. When this 
relationship is broken at test time, the ML models will likely not realize 
this and predict wrong concentrations instead.

4.3. Predicting the product concentration in an ammonia synthesis loop

As a case study with a larger process topology, we investigate the 
soft sensor development for the prediction of ammonia in an ammonia 
synthesis loop. The process has been previously developed and inves-
tigated by Araújo and Skogestad (Araújo and Skogestad, 2008) and 
is visualized in Fig.  10. In the process, a feed consisting of nitrogen 
(N2) and hydrogen (H2) as well as impurities of methane and argon 
is compressed in Compressor K-101. It is then mixed with the reactor 
outlet and flashed in Vessel V-101 to separate the ammonia from the 
stream. The liquid phase leaves V-101 as the product stream. The 
gaseous phase is purged to remove inert ammonia and methane. It is 
then further compressed in Compressor K-102, heated and fed to the 
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reactor R-101 with two quench stages. After leaving R-101, the stream 
is cooled and again mixed with the fresh feed. The control structure 
for the dynamic operation follows the structure outlined in the original 
work: The process is controlled using 4 PID controllers. The fresh feed 
is controlled using flow controller FC-1, as is the purge stream with 
flow controller FC-2. The reactor inlet temperature is controlled with 
temperature controller TC-1. Finally, the level of the flash vessel is 
controlled with level controller LC-1.

The process exhibits three complexities that make it challenging 
for soft sensor development. First, the process topology is complex 
with many unit operations and controllers. Second, the recycle and 
heat exchangers add complex interactions. Notably, the case study 
also introduces a cyclical graph topology in the graph representation. 
Finally, the reaction kinetics together with the flash vessel introduce 
a time dependency, making this a dynamic problem. Thus, estimating 
the target of the ammonia concentration in the product flow poses a 
significant modeling challenge for ML models.

The process was simulated in Aspen Dynamics-based on the steady 
state flowsheet provided by Araújo and Skogestad with a Python in-
terface. We generate dynamic data by introducing setpoint changes of 
up to 10% for all controllers in irregular intervals. We introduce one 
setpoint change at a time. The dynamic process data is recorded with 
a frequency of 36 s. We create the dataset by considering all measure-
ments of flow, temperature and pressure of all streams. We further take 
temperature measurements of the reactor, level measurements of the 
flash and rotational speed measurements of the compressors. As the tar-
get, we measure the product concentration of ammonia in the product 
stream. The stream data as well as the data from unit operations serves 
as the input to the model, while the product concentration of ammonia 
at the current time step is the output of the model. Hereby, the past 𝑇
time steps are considered for the input of the model. We simulate for 
120 h, resulting in over 12,000 data points.
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Fig. 9. Concentration of water in kg/kg in Blend 1 and Blend 2 over time, for both test Mode I and test Mode II.
5. Results and discussions

In this section, we present and compare the results of the topology-
aware GNN to established ML soft sensor modeling methods. We com-
pare our model in all case studies to five ML algorithms commonly used 
in literature and industry: (1) Random Forest Regression (Breiman, 
2001), (2) XGBoost (Friedman et al., 2000), (3) Support Vector Regres-
sion (SVR) (Boser et al., 1992), (4) Artificial Neural Network (ANN), 
(5) Transformer (Sitapure and Kwon, 2023a). All models were im-
plemented in python. Random Forest and SVR were developed using 
scikit-learn (Pedregosa et al., 2011), while XGBoost was developed 
using the XGBoost library (Chen and Guestrin, 2016). The ANN model 
as well as the Transformer model were developed with PyTorch (Paszke 
et al., 2019), while the topology-aware GNN also utilized PyTorch 
Geometric (Fey and Lenssen, 2019).

For fairness, we tuned the hyperparameter of each model for each 
case study on the corresponding validation set. We split the datasets 
for training, validation, and testing using a chronological split (Botache 
et al., 2023). For the first two case studies, we split the data of normal 
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operation into the training and validation datasets, while the test set 
consisted of the test mode data. For the ammonia case study, we 
split the dataset into 70% for training, 15% for validation and 15% 
for testing. For training and tuning deep learning models (Topology-
aware GNN, ANN, Transformer) we utilized a NVIDIA A100 80 GB 
PCIe GPU, while for the other ML models (XGBoost, Random Forest, 
SVR) we utilized a 13th Gen Intel Core i7-1365U CPU as well as Intel 
Xeon E5-6248R 24C 3.0 GHz CPUs provided by DelftBlue (Delft High 
Performance Computing Centre (DHPC), 2024). The search space of 
each model as well as the best found hyperparameter can be found 
in Appendix  A.1. The hyperparameter were found using grid search. 
The results shown in the following three case studies are always on 
the independent test set of each respective case study. We calculated 
each models’ performance using the coefficient of determination R2, the 
root mean squared error (RMSE), and the Mean Average Error (MAE) 
for complementary insights. We further benchmarked each model’s 
inference speed for a single prediction using a 13th Gen Intel Core 
i7-1365U CPU.
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Fig. 10. Ammonia synthesis loop as introduced by Araújo and Skogestad (2008).
Table 3
Comparing our model with various ML models on the pump network case study.
 Model Inference time [ms] Mode I Mode II
 MAE R2 RMSE MAE R2 RMSE 
 ANN 0.17 97.0 0.981 136 3080 −9.46 3240  
 Random Forest 29.96 823 0.289 842 3330 −11.1 3470  
 SVR 0.06 965 −0.808 1340 2970 −8.79 3130  
 XGBoost 0.23 552 0.667 576 3270 −10.7 3420  
 Transformer 7.80 45.23 0.996 63.0 3094 −9.57 3251  
 Topology-aware GNN 1.50 7.32 0.999 10.0 81.5 0.991 97.2  
5.1. Results on pump network case study

The experimental results for both in-distribution (Mode I) and out-
of-distribution (Mode II) scenarios of the pump network case study 
are presented in Table  3, each shown on the independent test set. 
Each model was trained with a look back horizon of one time step 
(36 s). In this case study, all the models were therefore static soft 
sensors. In Mode I the models show varying degrees of performance. 
The topology-aware GNN model demonstrates high accuracy across all 
metrics, achieving an R2 score of 0.999 and the lowest MAE and RMSE 
values. Other models, such as ANN, XGBoost, or the Transformer, also 
perform well in this scenario. Mode II represents a more challenging 
out-of-distribution scenario, where the flow through P-102 is changed. 
In this context, the performance of most models degrades significantly, 
as evidenced by negative R2 scores and increased error metrics. The 
topology-aware GNN maintains robust performance even in this out-
of-distribution scenario, with an R2 score of 0.991 and substantially 
lower MAE and RMSE compared to other models. The inference time 
between models differs strongly. Most model take one millisecond or 
less for one prediction, while the Random Forest model takes longest 
with 29.96 ms.

We hypothesize that the robust performance of the topology-aware 
GNN in Mode II stems from the flowsheet representation as a graph. 
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With the graph representation, the GNN is made aware that both P-
101 and P-102 are pumps through their similar node embeddings. 
Thus, the GNN model does not differentiate between P-101 and P-102 
and transfers the learned behavior from P-101 to P-102, effectively 
addressing the conditions in Mode II. The transfer is possible because 
P-102 is operated in Mode II similar to P-101 before. This allows the 
GNN model to directly transfer the learned behavior between these, 
making Mode II not an out-of-distribution event.

To further investigate the transfer between the two pumps, we 
visualize node importance in the topology-aware GNN in Fig.  11. For 
this, we employ the Graph Neural Network Explainer (GNNExplainer) 
algorithm to determine the importance of each unit operation (Ying 
et al., 2019). GNNExplainer identifies the most important subset of 
graph nodes by optimizing for maximal mutual information with the 
GNN’s output and returns a relative importance score ranging from 0 
(node is not important for prediction) to 1 (node is very important for 
prediction). We apply the GNNExplainer to extract the importance of 
each node predicting the Mode II validation dataset (normal operation, 
P-101 varies in operation) and test dataset (out-of-distribution opera-
tion, P-102 varies in operation). During normal operation (Fig.  11(a)), 
the most important nodes are P-101 and M-101 with scores close to 1, 
indicating these are most critical for estimating the soft sensor target. 
This aligns with expectations, as P-101 is essential for estimating the 
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Fig. 11. Visualization of the importance of each unit operation in predicting soft sensor targets, visualized with GNNExplainer (Ying et al., 2019).
Fig. 12. Visualization of model predictions on pump network case study for both test modes.
soft sensor target during normal operation while the flow through P-
102 is held constant. Other nodes, such as the splitting unit or P-101 are 
unimportant, with their respective node importance’s below 0.3. During 
non-normal operation (Fig.  11(b)), the most important nodes are P-102 
and M-101, with node importance values close to 1. Other nodes, such 
as P-101 and S-101 are not important for predicting the soft sensor 
target in Mode II at test time, with node importance scores below 0.1. 
This demonstrates that the GNN model detects the operational shift and 
leverages P-102 instead of P-101 for predicting the soft sensor target 
in non-normal operation, indicating that transfer learning between the 
two nodes takes place. Furthermore, one can observe that the output 
node and the splitter node are not important for the GNN’s prediction 
during either normal or non-normal operation.

The other models (ANN, SVR, XGBoost, Transformer, Random For-
est) struggle with the previously unseen situation in Mode II. These 
standard models are tabular and rely on a fixed input structure. During 
training, they primarily learn correlations between input sensor data 
and the soft sensor target. Since the operation of P-102 remains con-
stant in the training set, there is no additional information available 
about the operation of P-102. These models are not aware that P-101 
and P-102 are both pumps and thus behave similarly because their 
tabular, fixed input treats each input independently. Therefore, when 
P-102’s operation changes at test time, these models fail to accurately 
predict the soft sensor target as they failed to assign importance to 
the sensor data around P-102. This reinforces the initial statement 
from the introduction: flat models have issues adapting to previously 
unseen operational conditions due to their dependency on fixed input 
correlations and limited generalization capability.

We visualize predictions of all models compared to the ground truth 
in Fig.  12, showing the differences between Mode I and Mode II. In 
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Mode I, visualized in Fig.  12(a), the seven models’ prediction and the 
ground truth are shown over time. As it can be seen, all models perform 
well, following the shift in operation at hour 5. In Mode II as visualized 
in Fig.  12(b) this is not anymore the case. Except for the topology-
aware GNN, all models overestimate the total flowrate. This is because 
the flowrate in P-102 is lowered, lowering the total flowrate. Since 
these ML models do not take P-102 into account, they overestimate the 
total flowrate. The topology-aware GNN follows the operation regime 
well, with a small offset. Further, as the total flowrate changes at hour 
5, none of these ML models predict any shift in total flowrate. This 
is because their predictions rely on P-101, which is not changed in 
operation at the hour 5. Instead, the flowrate in P-102 is lowered, 
lowering the total flowrate. The model further correctly recognizes the 
shift in operation at hour 5.

5.2. Results on blending case study

Table  4 presents the performance metrics for various models on the 
blend network dataset under two scenarios, Mode I and Mode II, each 
shown on the independent test set. Each model was trained with a look 
back horizon of one time step (36 s). In this case study, all the models 
were therefore static soft sensors. In Mode I, where the data maintain 
its correlation structure, most models demonstrate good performance. 
The XGBoost model achieves the best results in this scenario, with 
the highest R2 score of 0.904 and the lowest MAE and RMSE values. 
Other models, such as Random Forest and the topology-aware GNN, 
also perform well, with R2 scores above 0.88. Mode II represents a 
more challenging scenario as the correlation structure is disrupted. 
This change significantly impacts the performance of most models, as 
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Table 4
Comparing our model with various ML models on the blend network case study.
 Model Inference time [ms] Mode I Mode II
 MAE R2 RMSE MAE R2 RMSE  
 ANN 0.18 0.0299 0.997 0.0436 300 −2.17e+06 368  
 Random Forest 17.60 0.200 0.941 0.207 0.315 −1.30 0.379  
 SVR 0.23 0.0811 0.937 0.214 1.23 −24.3 1.26  
 XGBoost 0.17 0.616 0.465 0.620 0.348 −1.00 0.354  
 Topology-aware GNN 1.79 0.134 0.963 0.163 0.0518 0.956 0.0525 
 Transformer 2.08 0.0364 0.989 0.0893 0.566 −5.08 0.617  
Fig. 13. Visualization of model predictions on blend network case study for both test modes.
evidenced by negative R2 scores and increased error metrics. Only the 
topology-aware GNN maintains robust performance even in this altered 
scenario, achieving an R2 score of 0.956 and substantially lower MAE 
and RMSE compared to other models.

We hypothesize the GNN recognizes the lack of causation between 
the concentration of water in Blend 2 due to its topology-awareness 
during its training phase and therefore also does not consider it at test 
time. The GNN model’s performance in Mode II further benefits from 
the consistent ethanol concentration in Blend 1, which is similar to 
previous levels. This consistency ensures that Mode II is treated as an 
in-distribution event, allowing the model to perform effectively. The in-
formation flow in the GNN is bound by the process topology, enforcing 
a correlation structure-based on the underlying process. The flowsheet 
topology is communicated through the directed graph. Since the di-
rection of the graph also determines the direction of the information 
flow in the GNN in the message passing phase, the topology effectively 
restricts the GNN to consider only sensor information upstream of Blend 
1 and thus ignore Blend 2. We further investigate the importance of 
the flow of information in Ablation 6.2. Other ML models do not have 
this access to the flowsheet information. During training time, they 
therefore learn that the concentration in Blend 2 is a good predictor 
for the concentration in Blend 1 because they are highly correlated. 
Since this relationship is broken in Mode II, the ML models’ accuracy 
is also low as this correlation no longer holds true. Similar to the blend 
case study, most models require around one millisecond for inference. 
A notable outlier is here again the random forest model with 17.60 ms.

To further support this explanation, we extracted the feature impor-
tance from the second-best performing model, XGBoost. The five most 
important features (accounting for 97.55%) were the pressure in Blend 
2 (27.56%), the temperature of the ethanol stream (21.51%), the tem-
perature of Blend 2 (17.69%), the concentration of ethanol in Blend 2 
(17.00%) and the temperature of Blend 1. Notably, among the five most 
important features only one is related to Blend 1, and three are related 
to Blend 2. This confirms that XGBoost learns correlations between 
features in Blend 1 and Blend 2 rather than the causal relationship for 
Blend 1.
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We further plot the predictions on the test set for the two modes 
with all models in Fig.  13. In Mode I shown in Fig.  13(a), all models 
follow the concentration profile well. In Mode II as shown in Fig.  13(b) 
this is no longer the case. All models except for the topology-aware 
GNN are overestimating the concentration in Blend 1. This is because 
the concentration in Blend 2 is held constant at test time, while the 
concentration in Blend 1 is lowered. As the ML models rely on Blend 
2 to predict Blend 1, they are overestimating the concentration. The 
topology aware GNN predicts the concentration correctly, with a small 
offset. Further, at hour 5, the operation is shifted and the concentration 
in Blend 1 increased. As the concentration in Blend 2 is held almost 
constant, the other ML do not detect this shift and accordingly do not 
change their predicted concentration.

Case study 1 and 2 can also be modeled without using the topology-
aware approach. For example, utilizing the parallel structure of the 
two pumps, a hybrid ML model (Schweidtmann et al., 2024; Bradley 
et al., 2022) could be developed that builds on mass balances. Similarly, 
excluding the concentration of Blend 2 would be a possible solution 
to avoid the spurious relationship between the concentration measure-
ments in Blend 1 and Blend 2. In real plants however, such situations 
may not be as obvious due to a large number of unit operations, 
complex piping networks and an overwhelming number of sensors. The 
topology-aware approach learns to utilize the plant topology without 
the need to previously identify such pitfalls and without any further 
manual modeling effort required.

5.3. Results on ammonia synthesis simulation

We tested the topology-aware approach on the ammonia synthesis 
process for both overall performance as well as performance in a low 
data regime on the independent test set. The results on the test set can 
be found in Table  5. Each model shown was trained with a look back 
horizon of 20 time steps (12 min). In this case study, all the models 
were therefore dynamic soft sensors, not only taking the last time 
step into consideration but also previous measurements. As it can be 
seen, our topology-aware GNN outperforms other models significantly 
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Fig. 14. Prediction of ML models on ammonia case study test set over time.
Table 5
Performance comparison of topology-aware GNN (ours) to other common 
regression models. Best performing models per metric highlighted in bold.
 Model Inference time [ms] MAE R2 RMSE 
 ANN 0.31 0.186 0.855 0.317 
 RandomForest 23.17 0.185 0.836 0.322 
 SVR 1.01 0.856 −0.492 0.972 
 XGBoost 1.12 0.162 0.856 0.302 
 Topology-aware GNN 26.72 0.121 0.944 0.187 
 Transformer 4.61 0.217 0.677 0.451 

with an R2 of 0.944 compared to an R2 of 0.856 for the second best 
model, XGBoost. The results demonstrate that including the topology 
into the prediction process helps in modeling the process. In Fig.  14 
we visualize all ML models’ prediction of the ammonia concentration 
over time on the test set of the ammonia case study. Most ML models 
predict the ammonia concentration precisely, in accordance with the 
performance metrics. One exception is the SVR model, which does not 
perform well. The inference speed indicates that all models take longer 
to make a prediction than in previous case studies, due to the large 
number of features in the predictions, with most models now requiring 
more than one millisecond. Especially the topology-aware GNN now 
requires 26.72 ms for this much bigger case study.

We further test how data efficient our modeling approach is on 
the ammonia dataset. Towards this end, we train the GNN model 
on fractions of the original training dataset. We remove a portion of 
the training data from the time series by excluding a block of the 
training and validation observations, ensuring a true reduction in the 
training dataset. We then test the trained model on the test dataset. 
For comparison, we consider our second best model, XGBoost. We train 
each model five times to account for training noise. The results can be 
found in Fig.  15, where we compare the two models with their MAE. 
As expected, the performance of both models deteriorates when being 
trained on less data, with the MAE rising to 3.17 for the topology-aware 
GNN and 3.22 for XGBoost on 10% of the original data. Another notable 
trend is that in a low data regime, the GNN model seems to predict 
significantly more accurate, with a 14.8% and 15.7% reduction in MAE 
at 30% and 20% of the whole dataset. At 10% of the original dataset, 
this effect fades. Overall, the GNN model is more accurate under all 
considered data fractions. We attribute this to the topology-awareness, 
making the GNN require less data.
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6. Ablation studies

In this section, we further investigate the internal modeling mecha-
nisms of the topology-aware GNN approach through ablation studies. In 
the first part, we alter the node representation defined by the topology 
and retrain on the pump network case study to investigate if the model 
is still able to transfer behavior between the two pumps. In the second 
part, we study the influence of the directionality of the graphs onto the 
blend case study. In the third, we further alter the pump case study to 
break its inherent symmetry.

6.1. Influence of node representation in the process topology

We previously hypothesized that node representations aid the GNN 
model to transfer learned dynamics from P-101 to P-102 due to the 
node information given in the process topology. We argue that this 
is due to the representation chosen. To test this, we consider three 
ablations to the original representation.

In the original case, the node attributes 𝑥𝑃−101 for P-101 and 𝑥𝑃−102
for P-102 are similar with 𝐱𝑃 -101 =

[

0 0 1 0 0 0 𝑆𝑃−101(𝑡)
]T

 and 𝐱𝑃 -102 =
[

0 0 1 0 0 0 𝑆𝑃−102(𝑡)
]T, whereby 𝑆𝑃−101(𝑡)

and 𝑆𝑃−102(𝑡) denote the sensor measurements at P-101 and P-102 
respectively, and the type of unit operation is one hot encoded. Each 
node attribute 𝑥 is of size seven due to four types of nodes (Inlet/Out-
let, Mixer, Splitter, Pump) and three types of measurements (Flow, 
Pressure, Temperature).

In the first ablation, we remove node type information. In this 
ablation, the topology graph thus only contains information about the 
interconnectivity between nodes and the node attributes only contain 
sensor measurements. The encoded node attributes 𝑥𝑃−101 for P-101 
and 𝑥𝑃−102 for P-102 then become 𝐱𝑃 -101 =

[

0 0 𝑆𝑃 − 101(𝑡)
]T  and 

𝐱𝑃 -102 =
[

0 0 𝑆𝑃 − 102(𝑡)
]T. The overall embedding vector size is 

reduced, as the one-hot encoding is not applied. However, both P-101 
and P-102 can still have identical embeddings.

In the second ablation. we heterogenize the measurement type, 
meaning that each measurement gets a unique field. In this ablation, 
each sensor measurement from any equipment gets its own field, 
meaning that temperatures or flows of different units/streams no longer 
share channels. The encoded node attributes 𝑥𝑃−101 for P-101 and 
𝑥  for P-102 then become 
𝑃−102
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Fig. 15. Comparison of topology-aware GNN and XGBoost when trained on a fraction of the dataset. A lower mean average error is better.
Table 6
Comparison of original GNN and ablation variants on the pump network case study (rounded to three 
significant digits).
 # Ablation Mode I Mode II
 MAE R2 RMSE MAE R2 RMSE 
 Original Original Topology-aware GNN 7.32 0.999 10.0 81.5 0.991 97.2  
 1 No unit type information 2.07 0.999 2.14 413 0.830 413  
 2 Heterogenized measurement type 3.43 1.00 3.61 3070 −9.43 3230  
 3 No unit type + heterogenized measurement 16.1 1.00 17.1 5090 −27.1 5300  
𝐱𝑃 -101 =
[

0 0 1 0 0 0 0 0 0 0 𝑆𝑃−101(𝑡) 0
]T

 and 𝐱𝑃 -102 =
[

0 0 1 0 0 0 0 0 0 0 0 𝑆𝑃−102(𝑡)
]T. 

In this representation, the encoded node attribute vector becomes 
larger, as each sensor in the process has a unique channel in the 
embedding. Here, 𝑆𝑃−101(𝑡) and 𝑆𝑃−102(𝑡) do not share the same channel 
any longer. However, in this representation, P-101 and P-102 still share 
the one-hot encoded unit type information.

In the third ablation, we remove both unit type information and 
heterogenize the measurement type. In this ablation, each sensor 
measurement has a unique field and there are no unit type infor-
mation. Accordingly, the encoded node attributes for P-101 and P-
102 are 𝐱𝑃 -101 =

[

0 0 0 0 0 0 𝑆𝑃−102(𝑡) 0
]T  and 𝐱𝑃 -102 =

[

0 0 0 0 0 0 0 𝑆𝑃−102(𝑡)
]T. In this way, each pump has a 

completely unique encoding.
In Table  6, we show the results of these three ablations compared to 

the original GNN. For Mode I, the GNN model still performs similarly 
well under the applied ablations with R2 values larger than 0.999. Thus, 
neither unit type information nor the encoding of the measurement 
type are relevant to predict the soft sensor target here. This is also in 
accordance with the very good performance of the other ML models 
that do not leverage any topology information on the pump network 
case study in Mode I. In Mode II, the GNN model does not perform 
as well anymore with the ablated data representations. When remov-
ing the unit type information in Ablation 1, the model performance 
deteriorates, with a substantial increase in error metrics and a drop 
in R2 to 0.83. Removing the encoding of the measurement type in 
Ablation 2 leads to an even stronger degradation, resulting in large 
prediction errors and a negative R2 value. The combination of both 
ablations, Ablation 3, produces the worst performance, with extreme 
error magnitudes and R2 far below zero, indicating that the model fails 
to capture the underlying relationships in this setting, similar to other 
14 
ML models. We hypothesize that in Ablation 1 the model still performs 
well because the underlying encoding of the two pumps is still identical, 
thus allowing transfer learning, albeit less due to the missing unit type 
information. When heterogenizing the sensor measurements in the last 
two cases, the two pumps no longer share any common embedding. 
Thus, transfer learning is not possible any longer.

6.2. Influence of process topology graph on information flow

In order to test the importance of controlled information flow in the 
GNN, we investigate the influence of the directionality and location 
in the process topology graph in the blend case study. For this, we 
introduce two ablations to the GNN model in the blend case study. 
First, we introduce undirected message passing. Here, the flow of infor-
mation during the message passing is no longer unidirectional but can 
also proceed against the stream’s direction. Second, we utilize graph-
based aggregation instead of node-based aggregation after the message 
passing step. This way, information that is far away from the target 
node is still incorporated in the flowsheet fingerprint and afterwards 
in the prediction step. This may enable information exchanged across 
nodes that are uncorrelated and spatially distant.

In Table  7 are the results of both ablations individually as well as the 
original GNN. For Mode I, the original model as well as the ablations 
perform well, with each R2 over 0.96. Out of the three, the original 
model does not perform best. This may indicate that the control of the 
information flow adversely affects modeling since spurious correlations 
between predictors and target cannot be leveraged. These spurious cor-
relations provide predictive power in Mode I, where Blend 1 and Blend 
2 are highly correlated. In Mode II, the original model then outperforms 
both ablations with an R2 of 0.956 compared to an R2 of 0.900 for the 
undirected message passing in Ablation 1 and an R2 of −647 for the 
graph-level aggregation in Ablation 2. Not including the directionality 
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Table 7
Comparison of the original GNN and its ablation variants on the blend case study.
 # Ablation Mode I Mode II
 MAE R2 RMSE MAE R2 RMSE  
 Original Original GNN 0.134 0.963 0.163 0.0518 0.956 0.0525 
 1 Undirected message passing 0.157 0.950 0.190 0.0552 0.901 0.0789 
 2 Graph-aggregation 0.0452 0.997 0.0492 6.17 −647 6.37  
Fig. 16. Asymmetric pump flowsheet with P-103 added.

Table 8
Performance comparison of GNN and XGBoost on asymmetric pump case study.
 Model Mode I Mode II
 MAE R2 RMSE MAE R2 RMSE 
 Topology-aware GNN 45.2 0.997 58.1 81.3 0.987 113  
 XGBoost 427 0.782 466 1000 −0.134 1060  

as in Ablation 1 does negatively affect modeling performance, but 
nevertheless the model still captures the break in correlations between 
the two concentrations well. One possible explanation may be that the 
information exchange between the two blends is limited due to their 
distance in the graph. In the blend process topology, the shortest path 
between the two outlet nodes consists of four edges. GNNs can struggle 
to exchange information over such long ranges (Jain et al., 2021). In 
contrast, when all node information is aggregated as it is carried out 
in the Ablation 2, the model can fully leverage the correlation between 
two concentrations, leading to complete failure in Mode II. Thus, this 
ablation study highlights that the topology aware approach can help 
avoid spurious relationships compared to other ML methods through a 
controlled flow of information.

6.3. Influence of symmetry in pump network case study

To investigate the influence of symmetry on the predictive capa-
bilities of the GNN model in the pump case study, we alter the pump 
network. As shown in Fig.  16, in this ablation study a third pump P-
103 in row with P-102 is added. P-102 and P-103 increase the pressure 
equally. The operating profile is kept identical to before with two 
distinct modes. In Mode I the flow is varied through P-101 at training 
and test time, while P-102 and P-103 are kept constant. In Mode II, 
P-102 is varied in operation at test time, which alters the flow through 
P-102 and P-103, while P-101 is kept constant. We train the GNN model 
on this ablated case study, as well as XGBoost as a comparison.

The results of the ablation can be found in Table  8, indicating 
that breaking the symmetry does not adversely affect the predictive 
performance of the GNN model. In Mode I, the GNN model outperforms 
the XGBoost model at test time, wit h an R2 of 0.996 vs 0.782 for 
XGBoost. In the more challenging Mode II with asymmetric pumps, 
the GNN model still performs robustly, with an R2 of 0.987. Although 
its performance slightly deteriorates, as seen by a 94.1% increase in 
15 
RMSE from 58.1 to 113, it is a stark contrast to the XGBoost model, 
whose performance collapses entirely, yielding a negative R2 of −0.134. 
Overall, the asymmetric ablations demonstrates that GNN model learns 
symmetry independent to predict the pump behavior. Even with P-102 
and P-103 in a row, the model still correctly predicts the total flow 
through the network.

7. Conclusion

We present a novel approach for ML-based modeling of soft sensors. 
We encode the process topology and sensor data into a unified context 
via graph representations, which we then process with a GNN. We 
have shown that our approach has inherent advantages for process 
modeling over pure ML models in certain situations and demonstrated 
those advantages with a few case studies. Its graph structure can enable 
transfer learning between units, the topology can aid in enforcing 
causality and the process context reduces data requirements and en-
hances performance. All of these properties are of great use when 
developing ML-based process models. We further argue that the process 
topology is available and known for almost any industrial process. 
Thus, the added modeling effort compared to pure ML methods is 
marginal.

We foresee several promising directions of future work towards 
digital twins. The presented method could be applied to real process 
data from industrial plants with complex processing where the plant 
topology will aid in modeling. Another promising avenue would be 
to incorporate the developed GNNs into a model predictive control 
formulation. In this context, control information could be incorpo-
rated into the graph-based process topology representation, e.g., with 
controllers as nodes and control signals as edges. We aim to train 
GNNs beyond a single process by building different graphs for different 
process topologies. This would enable transferring ML models to similar 
processes or train ML models on data from multiple, topologically 
different plants.
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Table 9
Hyperparameter tuning for topology-aware GNN.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 Batch Size [10, 50, 100, 400] 10 50 100  
 Learning Rate [5e−4, 1e−4, 5e−3, 1e−3, 5e-2] 0.001 0.0005 0.0005  
 Hidden Dimension Size [8, 32, 128] 8 32 32  
 Number of Layers [1, 4, 6, 8] 1 6 4  
 Pooling Type [max, mean, sum] max max max  
 Dropout Probability [0.1, 0.3, 0.5] 0.1 0.1 0.1  
 Node or graph embedding [graph, node] graph node graph  
Table 10
Hyperparameter tuning for support vector regression.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 C (Penalty Parameter) [0.1, 1, 10] 10 0.1 10  
 Epsilon (Loss Function) [0.01, 0.1, 1] 0.01 0.01 0.01  
 Gamma (Kernel Coefficient) [0.1, 1, 10, scale, auto] auto auto auto  
 Kernel Type [poly, rbf, sigmoid] rbf rbf rbf  
Table 11
Hyperparameter tuning for random forest regression.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 Number of Estimators [500, 750, 1000] 1000 500 750  
 Maximum Depth [null, 3, 9, 15] 15 9 9  
 Maximum Features [1.0, log2, sqrt] sqrt log2 log2  
 Minimum Samples Split [2, 4, 6] 6 2 4  
Table 12
Hyperparameter tuning for artificial neural network.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 Batch Size [10, 50, 100, 400] 10 50 100  
 Learning Rate [5e−4, 1e−4, 5e−3, 1e−3, 5e-2] 0.05 0.0005 0.0005  
 Weight Decay [0, 1e−6, 1e−5, 1e-4] 1e−4 1e−4 0  
 Hidden Size [8, 32, 128, 256] 8 128 32  
Table 13
Hyperparameter tuning for XGBoost.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 Learning Rate [0.01, 0.05, 0.1, 0.2] 0.01 0.01 0.2  
 Maximum Depth [3, 7, 12] 3 3 7  
 Subsample [0.5, 0.75, 1.0] 1.0 0.5 0.5  
 Number of Estimators [50, 100, 200, 300, 500] 500 100 500  
 Column Sample by Tree [0.5, 0.7, 0.9] 0.9 0.7 0.5  
 Gamma [0.0, 0.1, 0.3] 0.1 0.0 0.3  
Table 14
Hyperparameter tuning for transformer.
 Hyperparameter Values Pump network Blend network Ammonia synthesis 
 Batch Size [32, 64, 128] 32 32 32  
 Learning Rate [10−5, 5 × 10−5, 10−4, 5 × 10−4] 10−4 10−5 5 × 10−4  
 Hidden Size [64, 128, 256] 128 256 64  
 Number of Heads [4, 8, 16] 4 4 8  
 Number of Layers [3, 6, 9] 6 3 3  
Appendix. Supplementary information

A.1. Hyperparameter tuning results

See Tables  9–14.
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