
 
  Original Research Article 
  Peer Reviewed Conference Proceeding 

ESCAPE 36 - European Symposium on Computer Aided Process Engineering 
Sheffield, UK. 21-24 June 2026 

https://doi.org/10.69997/sct.164988  Syst Control Trans 5:1298-1305 (2026) 1298 

Modelling of fouling dynamics in a falling-film evaporator 
Johanne L. Christensena, Lukas S. Theisenb and Kevin Feldmannb and Jakob K. Huusoma* 
a Department of Chemical and Biochemical Engineering, Technical University of Denmark, Kgs. Lyngby, Denmark 
b GEA Process Engineering A/S, Søborg, Denmark 
* Corresponding Author: jkh@kt.dtu.dk  

ABSTRACT 
Fouling is a persistent issue in industrial heat-transfer equipment, increasing energy demand and 
reducing efficiency. This is also true in the dairy industry where falling-film evaporators are central 
to powder production. Most dynamic models, however, neglect gradual fouling, limiting predictive 
accuracy during extended operation. As a result, model-based control can become unreliable 
when fouling becomes significant. The dynamic models by Bojnourd et al. [1] are widely used but 
assume clean-surface operation. While this captures short-term thermal behavior, it cannot rep-
resent the progressive decline in heat-transfer performance caused by fouling. Díaz-Ovalle et al. 
[2] introduced a fouling-layer model that explicitly describes the growth of a fouling deposit over 
time. Building on this concept, the present work incorporates a simple dynamic fouling model for 
falling-film evaporators and validates it using industrial data from a four-effect evaporator using 
thermal vapor recompression. Two fouling-modelling strategies are evaluated: a mechanistic foul-
ing layer model and an empirical model describing the observed loss in heat-transfer efficiency. 
The fouling layer model substantially reduces prediction error, demonstrating that it captures the 
dominant fouling behavior. Although the empirical model fits all observed discrepancies, it lacks 
predictive capability and therefore cannot be applied for model-based prediction or control. 
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1. INTRODUCTION 
The dairy industry uses drying to extend product 

shelf life and reduce transportation costs [3]. Dairy pow-
der production relies on two main unit operations: falling-
film evaporation and spray drying [4]. Spray drying is the 
most energy-intensive step, followed by falling-film 
evaporation. To lower overall operating expenditures, a 
falling-film evaporator is typically used beforehand to re-
move part of the water content [4]. In a falling-film evap-
orator, the liquid feed flows as a thin film through multiple 
vertical tubes, with hot steam applied on the other side. 
Water evaporates from the film, and a concentrated liquid 
exits the tubes, as illustrated in Figure 1. Optimizing the 
overall drying process requires maximizing the solids 
content at the evaporator outlet. Higher concentrations, 
however, increase the risk of fouling, a well-known chal-
lenge in evaporation systems. Fouling refers to the un-
wanted accumulation of deposits in process equipment, 
typically consisting of minerals, organic matter, and bio-
logical growth [5], as illustrated in Figure 2. Fouling re-
duces heat-transfer efficiency, which increases energy 

consumption and cleaning costs [2]. In thermal treatment 
of dairy products, fouling is caused by multiple interact-
ing reactions, making the mechanisms difficult to capture 
[7]. The main reactions are protein agglomeration and 
salt precipitation. The initial protein agglomeration forms 
a monolayer on the heating surface in a slow “induction 
period, ” during which heat transfer is not significantly af-
fected [8]. After the induction period, the fouling layer 
grows more rapidly on the protein layer surface. 

This study uses industrial data from a four-effect 
evaporator with thermal vapor recompression (TVR) to 
develop and validate a simple model of fouling behavior. 
Validation includes estimating the fouling parameters in-
corporated in the model.  

2. METHODOLOGY 

2.1 Industrial case study 
 The available data for the 4-effect TVR evapo-

rator is summarized in Table 1. Measurements are 
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recorded every 60 seconds. While the system’s power 
consumption is also monitored, it is not required for sim-
ulation because both vapor and steam temperatures are 
measured, which are sufficient to model energy bal-
ances. Table 1 lists the measured variables, their descrip-
tions, and units for both the industrial data and the simu-
lation. 

Table 1: Available data for a 4-effect TVR evaporator with 
data collected every 60 sec. 

Symbol Description Unit  
𝐹𝐹��  Feed flow kg/h 
𝑥𝑥��  Feed mass fraction w/w% 
𝑇𝑇�����  Steam temperature °C  
𝑇𝑇�����  Vapor temperature °C  
𝐹𝐹���  Outlet flow kg/h 
𝑥𝑥���  Outlet mass fraction w/w% 

To ensure mass balance consistency, the industrial 
data are reconciled by accounting for a systematic bias 
in the feed concentration, 𝑥𝑥��, and reducing measurement 
noise using a weighted least-squares method: 

min
�̂
∑ ∑ ��̂�,�−��,�

��
�
2�

�=0
�
�=1    (1) 

 Subject to the mass balance constraint: 

𝐹𝐹�̂� ⋅ 𝑥𝑥�̂� − 𝐹𝐹�̂�� ⋅ 𝑥𝑥�̂�� = 0   (2) 

 where 𝑧𝑧 = [𝐹𝐹��, 𝑥𝑥��,𝐹𝐹���, 𝑥𝑥���] are measured values, 
𝑧𝑧̂ = [𝐹𝐹�̂�,𝑥𝑥�̂�,𝐹𝐹�̂��, 𝑥𝑥�̂��] are reconciled values and 𝜎𝜎� is the 
standard deviation for each variable in a steady state re-
gion. 𝑁𝑁 and 𝐾𝐾 are the number of variables and measure-
ments, respectively. This reconciliation ensures a con-
sistent mass balance even with sensor calibration errors 
or other systematic biases. 

 
Figure 1. Basic principles of a falling-film evaporator. 

 

 
Figure 2. Illustration of fouling deposits in evaporator tubes. 
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2.2 MATHEMATICAL MODELS 

The evaporator dynamics are modeled using 
lumped models in both radial and axial directions, follow-
ing Bojnourd et al. [1]. These models fit industrial data 
reasonably well when fouling is negligible. The mathe-
matical description is divided into a base model, assum-
ing no fouling, and a fouling layer model, incorporating 
fouling effects based on literature [2]. 

Base Model 
The base model is governed by the following ODEs: 
�����
��

= 1

�(1−�)
(𝐹𝐹�� − 𝐹𝐹��� − 𝐹𝐹�) −

�

1−�

����
��

  (3) 

�����
��

= ���(���−���)−����(����−���)+�����
�(1−�)���

− �

1−�

����
��

 (4) 

Here, 𝐹𝐹���,𝐹𝐹�� and 𝐹𝐹� are the outlet, feed and evapo-
rated mass flows respectively. 𝑥𝑥�� and 𝑥𝑥��� are inlet and 
outlet solid mass fraction. 𝑡𝑡 is time, 𝜏𝜏 is residence time 
and 𝛼𝛼 is an averaging parameter used to define 𝑥𝑥�� and 
𝐹𝐹�� in Equations (5) and (6). 

𝐹𝐹�� = 𝛼𝛼𝐹𝐹�� + (1− 𝛼𝛼)𝐹𝐹���   (5) 

𝑥𝑥�� = 𝛼𝛼𝑥𝑥�� + (1 − 𝛼𝛼)𝑥𝑥���   (6) 

The evaporated flow, 𝐹𝐹�, is defined through the heat 
transfer from the steam to the liquid as shown by equa-
tion (7). 

𝐹𝐹� = �⋅�⋅(������−������)

����(������)
    (7) 

Where 𝑈𝑈 is the overall heat transfer coefficient 
across the tube, 𝐴𝐴 is the surface area of the tubes, 𝑇𝑇����� 
and 𝑇𝑇����� are the temperatures on the steam side of the 
tube and inside the tubes respectively. The heat of va-
porization, 𝐻𝐻���(𝑇𝑇), is based on pure water and described 
using a fourth order polynomial based on experimental 
data.  

The unknowns in the base model are 𝑈𝑈 ,𝐴𝐴, 𝜏𝜏. The 
value 𝑈𝑈 ⋅ 𝐴𝐴 can be estimated using a pseudo steady-state 
approximation over the first 20 minutes of operation: 

𝑈𝑈𝐴𝐴���� = mean ������������[1:20]�⋅(���[1:20]−����[1:20]) 

������[1:20]−������[1:20]
�(8) 

When no fouling is present this value is expected to 
fit the whole dataset. The final unknown parameter, the 
residence time 𝜏𝜏, is theoretically expected to vary with 
changes in the flow within the system; however, it was 
observed through fitting 𝜏𝜏 that a value of 60 s was rea-
sonable for all mass flows in the data. This constant value 
is used in all simulations. 

Empirical Fouling Model 
When fouling occurs, the heat transfer decreases 

because the fouling layer has lower thermal conductivity 
than the tube material. A pseudo steady-state approxi-
mation is used over 5-minute intervals to estimate the ef-
fective heat transfer coefficient. This is done to reduce 
noise. 

𝑈𝑈𝑈𝑈 = ������������⋅(���−����)

������−������
   (9) 

This approach helps to quantify the reduction in 
heat transfer due to fouling. 

Fouling Layer Model 
A detailed fouling mechanism involves multiple re-

actions. The fouling layer model is based on the work by 
Díaz-Ovalle et al. [2], however the model is simplified 
heavily due to the many unknown parameters. The model 
is based on the fouling layer thickness, 𝛿𝛿, growing over 
time, resulting in a decreased heat transfer coefficient.  

��

��
= ����

����
exp �− �

�
⋅ ��+���
��������+��������

� − 𝑘𝑘�𝛿𝛿 (10) 

Here the first term describes a deposition rate, de-
pendent on the fouling parameters, flow regime and the 
temperatures in the system. The second term describes 
a removal rate, only dependent on the current fouling 
thickness and the parameter 𝑘𝑘�, which is the rate of foul-
ing layer removal. 𝑘𝑘� describes the deposition rate, with 
𝑘𝑘� being the thermal conductivity of the fouling layer, 𝑅𝑅𝑅𝑅 
is the Reynold number of the system, 𝐸𝐸 is the activation 
energy of the overall fouling reaction and 𝑅𝑅 is the univer-
sal gas constant. The corrected heat transfer coefficient, 
𝑈𝑈�, is defined in Equation (11). 

𝑈𝑈� = �𝑈𝑈0−1 + �

��
�
−1

     (11) 

Where 𝑈𝑈0 = 𝑈𝑈𝐴𝐴���� 𝐴𝐴⁄  is the initial heat transfer coef-
ficient where fouling is not present. Only the ratio 𝛿𝛿/𝑘𝑘� 
appears in 𝑈𝑈�, resulting in 𝛿𝛿 and 𝑘𝑘� are not being uniquely 
identifiable and they may scale together unless one of 
their magnitudes is known. For solid proteins the thermal 
conductivity is between 0.1-0.3 W/(m K) [9, 10] which is 
assumed for the fouling layer. The ODEs for the flow and 
solid mass fractions are identical to Equations (3) and (4) 
with the evaporated mass flow now being described with 
𝑈𝑈� as shown by Equation (13). 

𝐹𝐹� = ��⋅�⋅(������−������)

����(������)
    (13) 

Initial simulations indicated that, within the fouling 
layer model, both the temperatures and the corrected 
heat transfer coefficient 𝑈𝑈� could be treated as constant, 
since their variation had a negligible effect on the results. 
The fouling layer model is simplified and defined through 
three constant parameters 𝐾𝐾pre,𝐾𝐾exp, and 𝑘𝑘�. 

��

��
= 𝐾𝐾��� ⋅ exp�−𝐾𝐾��� ⋅ 𝛿𝛿� − 𝑘𝑘�𝛿𝛿  (14) 
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𝐾𝐾��� = ����
���� 

⋅ exp �− ���
����������+���������

�  (15) 

𝐾𝐾��� = �⋅��
����������+���������

   (16) 

The output data are used to determine these fouling 
parameters, along with the surface area, which is also un-
known for the specific evaporator configuration. The 
fouling model is applied only when fouling is actively re-
ducing heat transfer. Therefore, the simulation is divided 
into two segments: an induction period, during which the 
base model is used, and the post-induction period, where 
the fouling model is applied. 

The induction period is determined by calculating 
the needed 𝑈𝑈𝑈𝑈 from Equation (9) and determining when 
the heat transfer decreases by 1% from the baseline in 
Equation (8). To ensure robustness, this decrease must 
persist for at least five consecutive measurements be-
fore the induction time is assigned. 

3. SIMULATION RESULTS AND 
DISCUSSION 

The initial conditions for the outlet flow and solid 
mass fraction are defined based on the first measure-
ment. In all simulations, a value of 𝛼𝛼 = 0.5 is used, how-
ever, the exact value was found to have little influence on 
the simulation results [1]. Other constant parameters in-
clude a residence time of 𝜏𝜏 = 60 s, and a thermal 

conductivity of the fouling layer of 𝑘𝑘� = 0.2 W

m K
. All results 

are presented as normalized values, normalized to the 
maximum value of measured data in each subplot.  

 
Figure 3. Simulation using base model. 

 
       Figure 4. Simulation using empirical model, correcting the heat transfer coefficient 𝑈𝑈𝑈𝑈. 
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The initial simulations using the base model, shown 
in Figure 3, illustrate the model’s limited predictive capa-
bility. During the induction period, 𝑡𝑡 = [0, 13] h, the base 
model provides a reasonable fit. After approximately 12 
hours, the model predictions increasingly deviate from 
the measured data. The empirical approach presented in 
Figure 4 shows a relatively constant overall heat transfer 
coefficient (𝑈𝑈𝑈𝑈) up to 12 hours, after which a noticeable 
decrease in heat transfer occurs. This decline correlates 
with the discrepancies observed in the base model pre-
dictions.  

Table 2: 95% CI of the fouling parameters estimated for 
hour 13-25. 

Parameter Estimated value % CI  Unit 
𝐴𝐴  1000 ± 294  m 
𝐾𝐾���  [1.90 ± 0.56] ⋅ 10−9  m/s 
𝐾𝐾���  [5.14 ± 2.02] ⋅ 10−2  /m 
𝑘𝑘�  [3.16 ± 0.27] ⋅ 10−5  /s 

  

 

Table 3: Fouling parameters estimated for 8 runs, with 
the surface area fixed at 500 m2. 

Parameter Estimated value % CI  Unit 
𝐾𝐾���  9.55 (+0.46/−0.44) ⋅ 10−10  m/s 
𝐾𝐾���  4.12 (+1.0/−0.81) ⋅ 104  /m 
𝑘𝑘�  1.02 (+17/−0.96) ⋅ 10−6  /s 

 
The data from hours 13 to 25 are simulated in Figure 

5 using the fouling model. The unknown parameter vec-
tor 𝑝𝑝 = �𝐴𝐴,𝐾𝐾���,𝐾𝐾���, 𝑘𝑘�� is fitted to the output data using a 
minimizing function. The 95% confidence intervals (CI) of 
the optimal parameters are presented in Table 2.The sim-
ulation results shown in Figure 5 indicate that the simpli-
fied fouling layer model, employing constant parameters, 
fits the experimental data well. The parameter estimation 
was performed using a statistical approach, yielding a 
cross-correlation matrix shown in Figure 6. This analysis 
reveals a strong correlation between the surface area 𝐴𝐴 
and the parameters 𝐾𝐾���.  

Furthermore, the simulations demonstrated that dif-
ferent initial conditions could lead to different parameter 
sets while producing the same total error. To mitigate the 

 
Figure 5. Simulation using fouling layer model on fouling data after the induction period.                                                                                
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issue of multiple parameter solutions, the surface area is 
fixed at 𝐴𝐴 = 500 m2 for an extended parameter estimation.  
 A more global parameter estimation is performed 
using data from eight runs with the same feed type, each 
consisting of approximately 600 operational measure-
ments. For all runs, the error between the model predic-
tions and the measured data is included in a global opti-
mization procedure. The data from the eight runs are dis-
tributed seasonally throughout the year and correspond 
to different durations of initial cleaning. This approach is 
adopted to evaluate the robustness of the estimated 

fouling parameters. The resulting parameter values are 
presented in Table 3, where the confidence intervals are 
asymmetric because the parameters were estimated on 
a logarithmic scale. 

These parameters are applied in the simulation 
shown in Figure 7, where the fouling model becomes ac-
tive after the induction period. The maximum relative er-
ror and the average relative error are calculated for all 
eight runs and are presented in Figure 8. The results 
clearly demonstrate that the use of the fouling model sig-
nificantly reduces the prediction errors compared to the 

 
Figure 6. Parameter cross correlation matrix. 

 

 
Figure 7. Simulation of run 1-4 using the optimal parameters in Table 3. 
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base model, with the exception of run 5, for which both 
models perform equally well. using the fouling model 
compared with the base model. Runs 6-8 show behavior 
very similar to runs 1-4 and are therefore omitted. 

 
Figure 8. The maximum and average relative errors 
obtained using the fouling model compared with the base 
model. 

The parameters estimated from individual runs gen-
erally exhibit substantial variability, particularly for the 
parameter 𝐾𝐾��� which can span several orders of magni-
tude. In contrast, the value of 𝐾𝐾��� and 𝑘𝑘� show less vari-
ation. This variability in the fouling parameters may be at-
tributed to changes in feed composition due to seasonal 
variations and/or differences in the operating conditions 
of the evaporator resulting from variations in cleaning 
procedures. The induction time was not observed to de-
pend on the duration of the cleaning process. 

FUTURE APPLICATION 
The primary motivation for employing a simple 

model is to facilitate its use in process control of evapo-
rator systems, where fouling significantly influences sys-
tem behavior. Model predictive control (MPC) requires 
models that can reliably predict future system dynamics. 
A more accurate fouling model could improve control 
performance by enabling faster and more appropriate 
system responses.  

The model is sensitive to parameter variations, par-
ticularly when only limited measurements are available, 
which can lead to uncertainty and non-unique solutions 
during early fouling, reducing control robustness. To ad-
dress this, model parameters for different milk types 
could be systematically mapped and analyzed under var-
ying feed compositions. This approach may provide a 
deeper physical understanding of fouling behavior and 
allow control sequences to anticipate fouling layer 
growth without estimating parameters for each individual 

run. 

CONCLUSION 
It has been shown that incorporating a simple foul-

ing model in the dynamic operation of a four-effect fall-
ing-film evaporator leads to a substantial improvement in 
overall model performance. 

The fouling layer model was shown to significantly 
improve predictive accuracy, reducing model errors by a 
factor of two or more in most cases. Using data from 
eight operational runs with the surface area fixed at 500 
m², the fouling parameters were estimated as 𝐾𝐾��� = 9.55 ⋅
10−10 m/s, 𝐾𝐾��� = 4.12 ⋅ 104 1/m and 𝑘𝑘� = 1.02 ⋅ 10−6 1/s, with 
𝑘𝑘� having a rather large confidence interval. 

Although the model is sensitive to parameter varia-
tions, and the estimated parameter values can vary by 
several orders of magnitude due to seasonal changes in 
feed composition and differences in cleaning conditions, 
the inclusion of fouling dynamics consistently results in a 
substantially better fit than a model that neglects fouling 
altogether. These results demonstrate that even a sim-
plified, physically motivated fouling model can provide 
robust improvements in predictive performance, sup-
porting its applicability for both simulation and control-
oriented applications in evaporator systems. 
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