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ABSTRACT 
Maintaining mother liquor supersaturation at a setpoint within the metastable range is vital for 
achieving the best production yield in industrial sugar production. However, precise online meas-
urement and control is challenging. In this work, we develop a model-based soft sensor for super-
saturation monitoring, and we propose a new feedforward-feedback control structure for batch 
sugar crystallization. Supersaturation is estimated using standard process measurements, ena-
bling a soft sensor that can be readily adapted to different production units. The soft sensor con-
tinuously estimates supersaturation from standard process signals, and the control strategy en-
sures it remains within the desired operating range, enabling simple and straightforward applica-
tion to other sugar production units. 

Keywords: Mass Balance, Energy Balance, Soft Sensor, Feedback Control, Feedforward Control, 
Supersaturation 

INTRODUCTION 
Sugar crystallization is a crucial unit operation in the 

sugar manufacturing industry, directly influencing the 
yield and quality of product, and overall process effi-
ciency [1]. Supersaturation is one of the key variables de-
termining crystallization performance, as it regulates 
crystal growth, nucleation behaviour, and dissolution 
phenomena. It must be maintained within the metastable 
zone, typically in the range of 1.00 < 𝜎𝜎 < 1.35 for the best 
yield and quality of sugar [2]. Operating outside this win-
dow may result in the excessive nucleation, crystal ag-
glomeration, or dissolution, leading to reduced sugar re-
covery and off-spec crystal size distribution. 

Despite its significance, supersaturation is challeng-
ing to measure online in industrial crystallizers due to its 
reliance on several major factors, like temperature, con-
centration (Brix), purity of the mother liquor, and pressure 
[3]. As direct measurement is not viable, industrial prac-
tice largely relies on indirect indicators, operator experi-
ence, or exclusive instruments. At present, the SeedMas-
ter series transmitter [4] is the only commercially 

available instrument that provides an online estimation of 
supersaturation. Its applicability is, however, limited by 
cost, proprietary algorithms, and lack of integration with 
advanced feedback control strategies. 

Several research efforts have addressed the esti-
mation and regulation of other hard-to-measure process 
properties, such as crystal size distribution and solution 
conductivity, which are closely linked to supersaturation 
and can be viewed as different expressions of the same 
crystallization behaviour, to improve the sugar yield qual-
ity using data-driven, model-based, and hybrid soft sen-
sors. Data-driven approaches offer major advantages 
while capturing complex, non-linear process behaviour 
using historical or online plant data, thereby improving 
prediction accuracy without requiring detailed physical 
descriptions. Leveraging these benefits, Devogelaere et 
al. [5] demonstrated the use of feedforward neural net-
works as soft sensors for predicting massecuite electrical 
conductivity that serves as an indicator of supersatura-
tion, supporting real-time control setpoint adjustments. 
Likewise, Lu et al. [6] presented an online modeling tech-
nique based on multi-input multi-output partial least-
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squares support vector machines, achieving simultane-
ous estimation of massecuite brix and supersaturation. 

Model-based approaches contribute to improved 
interpretability by incorporating fundamental physical re-
lationships into the process description. Bakir et al. [7] 
proposed a continuous-discrete observer for estimating 
crystal size distribution in batch crystallization using a re-
duced population balance equation model. This formula-
tion enables real-time monitoring while supporting con-
trol of filterability and flowability. Similarly, Damour et al. 
[2] introduced a model-based soft sensor for C-stage 
crystallization, providing online estimates of crystal 
mass, sucrose concentration, and purity aimed at maxim-
izing sugar exhaustion.  

Despite the advantages of data-driven and model-
based approaches, their performance is often limited in 
crystallization processes involving high impurity levels 
and complex kinetic behaviour. Model-based approaches 
often suffer from parameter uncertainty, whereas data-
driven models typically lack robustness, physical inter-
pretability, and extrapolation capability beyond their 
training domain. Hybrid modeling frameworks address 
these limitations by merging mechanistic equations with 
data-driven components, enabling accurate representa-
tion of complex phenomena with limited data require-
ments. Georgieva et al. [8] proposed a knowledge-based 
hybrid model for fed-batch crystallization, integrating 
mass, energy, and population balance equations with ar-
tificial neural networks to accurately describe growth, 
nucleation, and agglomeration processes. Similarly, 
Meng et al. [9] demonstrated the applicability of data-
driven and hybrid models for online estimation of super-
saturation, mother liquor purity, crystal content, and 
crystal size distribution. 

Despite the significant progress in data-driven, 
model-based, and hybrid soft-sensing techniques, their 
utilization in closed-loop control structures remains lim-
ited in industrial environments. The complexity of crys-
tallization kinetics, coupled with uncertainty in process 
parameters and industrial implementation constraints, 
has limited the transition from monitoring to active con-
trol. Consequently, industrial sugar crystallization pro-
cesses continue to rely mainly on conventional PI control-
lers for regulation of level and temperature, while the true 
control objective−maintaining supersaturation within the 
metastable zone- is only indirectly addressed through 
these variables. To the best of the authors’ knowledge, 
no recorded studies have implemented a feedback con-
trol framework that explicitly manages supersaturation 
within the metastable range using model-based estima-
tion. This represents a significant gap, particularly given 
the increasing demand for improved energy efficiency, 
higher extraction rates, and consistent product quality in 
sugar factories [10]. 

In this work, a model-based soft sensor is utilized to 

explicitly estimate supersaturation using mass and en-
ergy balance equations, incorporating key process varia-
bles such as purity, crystal mass, temperature, and con-
centration. Furthermore, supersaturation is directly regu-
lated through a combined feedback-feedforward control 
strategy based on a standard PID controller, with the 
feed flow rate and heating steam supply rate considered 
as the manipulated inputs. The strength of this study lies 
in the practical use of simple, well-established control 
techniques to explicitly estimate and control supersatu-
ration, thereby bridging the gap between theoretical ap-
proaches and industrial implementation. Overall, the pro-
posed framework enables online supersaturation estima-
tion and regulation without reliance on specialized meas-
urement systems, offering a practical and industry-ready 
solution.  

THEORY 
This section is focused on the development of a 

model-based soft sensor of supersaturation using mass 
and energy balance equations.  

Mass and Energy Balance Equations 
The C-stage crystallization process is modelled us-

ing the set of five ordinary differential equations, with 
only the operating conditions and parameter values ad-
justed to reflect the C-stage operation [2], [12]. 

 
Figure 1. Temperature-dependent solubility curve of 
sucrose [13] 
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Table 1. summarizes the typical operating conditions 
of an industrial sugar crystallization. Throughout the 
work, the subscript ‘feed’ refers to properties associated 
with the inlet feed stream. Here 𝑚𝑚�,𝑚𝑚�,𝑚𝑚� and 𝑚𝑚� denote 
the masses of water, impurities, crystal and dissolved su-
crose, respectively. The feed density is depicted by ρfeed, 
while 𝐹𝐹feed represents the feed flow rate. The stirring 
power W is fixed at 15 kW. In addition, ℎ denotes the spe-
cific enthalpy, 𝐿𝐿 the specific latent heat, and 𝐶𝐶𝑝𝑝��� the 
specific heat capacity of magma. 𝑚̇𝑚��� represents mass 
flow rate of emitted vapour which is defined as 𝑚̇𝑚��� =
ρ��𝐹𝐹���, where 𝜌𝜌�� is the density of condensed water and 
𝐹𝐹��� the emitted vapour mass flow rate, 𝑚𝑚����� the total 
mass in the magma and is defined as 𝑚𝑚����� = 𝑚𝑚� +𝑚𝑚� +
𝑚𝑚� +𝑚𝑚�, and 𝑄𝑄ℎ� the heating power which is brought by 
the condensation of heating steam and defined as 𝑄𝑄ℎ� =
ρ��𝐹𝐹��𝐿𝐿��. All the thermal and physical correlations are 
mentioned below in the appendix. The RHS of eq (3) is 
the crystallization rate, which is calculated using the mo-
ment equations computed from the population balance 
equations, where 𝑐𝑐𝑐𝑐 is the crystal content which can be 
defined as 𝑐𝑐𝑐𝑐 = 𝑚𝑚�/𝑚𝑚����� and α� is an adjusted parameter 
according to crystal growth kinetic [14]. All the typical op-
erating conditions are mentioned in Table 1. 

Table 1: Typical operation conditions of a sugar plant [12] 

Parameter Description Values 
𝑝𝑝� Vacuum Pressure 0.12 − 0.15 bar 

Bxfeed Feed Brix 72 − 76° Bx 
Bxmag Magma Brix 88 − 95° Bx 
Purfeed Feed Purity 70− 75% 
Pur��� Magma Purity 60− 65% 
Pur�� Mother Liquor Pu-

rity 
0 − 65% 

𝑇𝑇��� Magma Tempera-
ture 

60 − 75℃ 

𝑇𝑇� Water Temperature 60 − 65℃ 
𝑇𝑇feed Feed Temperature 60 − 65℃ 

Direct measurement of gas flow rates in industrial 
equipment is typically infeasible. Consequently, both the 
heating steam and emitted vapour flow rates are com-
monly computed through indirect measurements using 
simplifying assumptions. The authors [2] suggest simpli-
fying involved heat and mass transfer phenomena by in-
troducing simplifications in a form of correlation factors α 

1. First, the dynamics between heating steam sup-
ply flow rate 𝐹𝐹ℎ� and condensed steam 𝐹𝐹�� is con-
sidered negligible with respect to the kinetics of 
the process. Thus: 

𝐹𝐹ℎ� = α�𝐹𝐹��     (6) 

2. Second, the emitted vapor flow rates 𝐹𝐹��� is 

proportional to the condensed steam flow rate 
𝐹𝐹�� via: 

𝐹𝐹��� = α���𝐹𝐹��    (7) 

The model framework is strictly governed by mass 
and energy conservation laws, utilizing standardized cor-
relations (in Appendix) for the enthalpy and density of 
technical sugar solutions.  

Supersaturation in crystallization processes 
Supersaturation is described as the ratio between 

the mass of sucrose to the mass of water contained in a 
supersaturated solution (𝑠𝑠 = 𝑚𝑚�/𝑚𝑚�) and the mass of the 
sucrose to the mass of the water which would be present 
in a saturated solution (𝑠𝑠���) at the same temperature and 
purity [9], [15].  

𝑆𝑆𝑆𝑆 = �

��������
     (8) 

For a pure saturated solution, it is known that 𝑠𝑠��� de-
pends on temperature via the brix at saturation 𝐵𝐵𝑥𝑥���: [13] 

𝑠𝑠��� = �����
100−�����

      (9) 

However, considering the presence of impurities in 
industrial sucrose solutions, the 𝑠𝑠��� is adjusted through 
the introduction of a solubility coefficient 𝐶𝐶���. The solu-
bility coefficient is a parameter representing the impact 
of impurities on sucrose solubility. Several researchers 
have proposed correlations to calculate it [10], [12]. In 
this work, 𝐶𝐶��� is determined by the well-known empirical 
correlation,  

𝐶𝐶��� = 𝑎𝑎 ��

��
+ 𝑏𝑏 + (1− 𝑏𝑏)𝑒𝑒−�

��
��   (10) 

where a, b and c are quality parameters of the mother 
liquor that depend on the amount and composition of lo-
cal impurities. 

Since supersaturation cannot be measured directly 
and is driven by the strongly interacting dynamics of con-
centration and temperature [11], the adopted formulation 
offers a practical and transparent estimation strategy 
suitable for industrial crystallization processes. 

METHODOLOGY 
The proposed model is validated through numerical 

simulations using synthetic datasets embedded with 
Gaussian noise to mimic industrial conditions. The flow 
rate of feed 𝐹𝐹feed and heating steam supply 𝐹𝐹ℎ� are imple-
mented as time-varying, piecewise-constant inputs. This 
strategy ensures controlled supersaturation while main-
taining temperature and level % for model validation. 

Given the complexity of the multivariable system, 
we determined the kinetic parameters using well-estab-
lished thermodynamic definitions and empirical 
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correlations reported in the literature (Appendix)[2], [10]. 
To evaluate the sensitivity of the estimated α parameters 
to experimental noise, a Monte Carlo Simulation was per-
formed [16]. For each iteration, the parameter set was re-
estimated using a Levenberg-Marquardt least-squares 
minimization (8). This process allows the uncertainty and 
correlation between parameters to be analyzed.  

Here for Bx��,���, Bx���,���, and 𝑇𝑇���,���, we used sim-
ulated measurements with added gaussian noise to 
mimic experimental variability. The parameters are deter-
mined by minimizing the difference between these noisy 
“experimental” values and the corresponding model pre-
dictions. 
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��,����,��
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2
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� − 𝑇𝑇���,���
� �

2�
�=1 �     

(11)           

To determine the optimal vector of coefficients, pre-
sent in supersaturation equation θ = [𝑎𝑎,𝑏𝑏, 𝑐𝑐], a minimiza-
tion problem is solved using Nelder-Mead optimization 
algorithm, based on values reported in previous litera-
ture. The goal is to align the model’s calculated supersat-
uration at the final batch state with a target supersatura-
tion value (𝑆𝑆������ = 1.10). The targeted supersaturation 
value is taken from industrial perspective. The objective 
function, 𝐽𝐽(θ), is defined as the sum of the squared error 
between the calculated and target supersaturation, plus 
a regularization term, which is added so to keep the esti-
mated value closer to the values available in previous lit-
erature [12]: 

𝐽𝐽(θ) = �𝑆𝑆����(θ)− 𝑆𝑆�������
2 + λ∑ �θ� − θ������

2
�∈�,�,�   (12) 

Where 𝑆𝑆����(θ) is the supersaturation computed us-
ing the trial parameters, λ is a penalty weight and θ����� 
represents the original estimates for the coefficients 
which are taken from the previous literature [10]. 

Note that these parameters vary from plant to plant, 
depending on plant design and operating conditions. 

Table 3: Model parameters and their values 

Parameter Values 
𝛼𝛼���  
𝛼𝛼�  
𝛼𝛼�  
𝑎𝑎 - 
𝑏𝑏  
𝑐𝑐  

Control strategy 
Soft sensor will act as a feedforward part of the con-

troller adjusting the supersaturation measurement with 

respect to the disturbances such as impurities, variations 
in temperature, etc. For feedback control procedure, a 
PID controller is implemented to regulate the supersatu-
ration level inside the batch crystallizer. The control ob-
jective is to track a target supersaturation setpoint while 
compensating for disturbances induced by evaporation 
and non-linear solubility dynamics.  

Here 𝑆𝑆𝑆𝑆 is the controlled variable, whereas 𝐹𝐹feed is 
the manipulated variable. The supersaturation tracking 
error is defined as: 

𝑒𝑒(𝑡𝑡) = 𝑆𝑆𝑆𝑆������ − 𝑆𝑆𝑆𝑆(𝑡𝑡)           (13) 

Where 𝑆𝑆𝑆𝑆������ is the desired supersaturation setpoint.  
The feed flow rate 𝐹𝐹feed(𝑡𝑡) is calculated using a 

standard PID algorithm. The control effort relies entirely 
on the error dynamics and the integral accumulation to 
sustain the flow. 

𝐹𝐹feed(𝑡𝑡) = 𝐾𝐾�𝑒𝑒(𝑡𝑡) + 𝐾𝐾� ∫ 𝑒𝑒(𝜏𝜏)�
0 𝑑𝑑𝑑𝑑 + 𝐾𝐾�

��(�)

��
      (14) 

Where 𝐾𝐾�,𝐾𝐾�, and 𝐾𝐾� are the proportional, integral, and 
derivative gains, respectively, and are tuned based on 
simulation studies [17], [18]. 

In practice, the controller is implemented in discrete 
time, with the integral and derivative terms in equation 
(15) approximated numerically at each sampling instant. 
The heating steam supply rate 𝐹𝐹ℎ�,���� is applied as a 
feedforward control signal, based on typical operating 
settings. To ensure the physical realism, the actual flow 
rate of feed 𝐹𝐹feed(𝑡𝑡) applied to the crystallizer is subject to 
three specific constraints implemented in the simulation: 

1. Integral Anti-Windup: To prevent excessive accumu-
lation of error during saturation, the integral term is 
clamped to a fixed range chosen based on simulation 
studies and 𝐾𝐾� value [19]: 

−20 ≤ ∫ 𝑒𝑒(𝜏𝜏)�
0 𝑑𝑑𝑑𝑑 ≤  20         (15) 

2. Actuator Rate Limiting: The model limits how quickly 
the feed valve can open or close. The change in out-
put (∆𝑢𝑢) per time step is constrained by a maximum 
rate (𝑅𝑅��� = 0.0001) for smooth control of the manipu-
lated input. [20] 

|𝐹𝐹feed(𝑡𝑡)− 𝐹𝐹feed(𝑡𝑡 − ∆𝑡𝑡)| ≤ 𝑅𝑅���      (16) 

3. Output Saturation: The final flow rate is bounded by 
the physical limitations of the valve (minimum and 
maximum flow): 

𝐹𝐹feed,��� ≤ 𝐹𝐹feed(𝑡𝑡) ≤ 𝐹𝐹feed,���      (17) 

4. Shutdown logic: To be in safety thermal limit and 
level%, the system calculates a dimensionless Shut-
down factor, denoted as α(𝐿𝐿), which is the function of 
the crystallizer level percentage 𝐿𝐿(𝑡𝑡). This factor is 
used to ramp down the steam injection and trigger a 
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hard stop for the feed. 

α(𝐿𝐿) =

⎩
⎨

⎧
1.0    𝑖𝑖𝑖𝑖 𝐿𝐿(𝑡𝑡) < 98.0%

99.5−�(�)

99.5−98.0
 𝑖𝑖𝑖𝑖 98.0% ≤ 𝐿𝐿(𝑡𝑡) < 99.5%

0.0    𝑖𝑖𝑖𝑖 𝐿𝐿(𝑡𝑡) ≥ 99.5%

    (18) 

The steam flow rate, which normally follows a step-
change Feed forward control 𝐹𝐹ℎ�,����, is directly multiplied 
by this factor. This gradually reduces evaporation energy 
as the tank fills, preventing overheating at the end of the 
batch: 

𝐹𝐹ℎ�(𝑡𝑡) = 𝐹𝐹ℎ�,����(𝑡𝑡) × α(𝐿𝐿)     (19) 

The feed flow is controlled by the PID loop described 
above, but it is subject to a separate “Hard Safety Cutoff” 
strictly when the tank reaches maximum capacity: 

𝐹𝐹����(𝑡𝑡) = �
0.0   𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡) ≥ 100
𝑢𝑢���(𝑡𝑡)   𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

   (20) 

Without such constraints, the controller becomes 
aggressive, producing control actions that violate physi-
cal realism. This can lead to excessive dilution or over-
heating, ultimately degrading crystak quality. Variations 
in 𝐹𝐹feed affect the water content and dissolved sucrose 
concentration, which in turn alter the supersaturation 
level.  

The control strategy was implemented during the 
batch crystallization, and its performance was evaluated 
by tracking the evolution of supersaturation, magma tem-
perature, and mass components. 

RESULTS 
The simulation was conducted over a batch duration 

of 8 hours (28800 seconds) with a sampling integration 
step (∆t) of 10 seconds.  

For 𝛼𝛼 parameter sensitivity and robustness, a Monte 
Carlo simulation with 200 iterations was performed, in-
troducing 2% gaussian noise to the nominal simulation 
data. The results (Figure 2) present the pairwise correla-
tion plots, which illustrate the robustness of the esti-
mated α parameters. Most of the 200 parameters esti-
mates are tightly clustered around the true value, indi-
cated by the red marker, showing that not only the Le-
venberg-Marquardt algorithm reliably avoids conver-
gence to local minima but also that the parameters are 
well-identifiable. 

A correlation analysis was conducted to examine 
the relationship among α�,α���, and α�. The results indi-
cate a moderate negative correlation between α� and 
α��� (𝑟𝑟 = −0.65), and a strong negative correlation be-
tween α� and α� (𝑟𝑟 = −0.93). In contrast, α��� and α� exhibit 
a strong positive correlation (𝑟𝑟 = 0.88). The correlation re-
sults can be justified by looking at Eq. (3). The parame-
ters mutually align to accurately track crystal mass 

accumulation. Table 2. suggests that the estimation pro-
cedure is numerically stable and that the identified pa-
rameters are robust with respect to uncertainty and noise 
in the data. 

 
Figure 2. Pairwise parameter correlations (𝑁𝑁 = 200 and 
noise= 2%)  

Table 2. Parameter estimation statistics 

Parameter Mean  Standard devi-
ation 

𝛼𝛼�   
𝛼𝛼���   
𝛼𝛼�   

The impurity-dependent coefficients 𝑎𝑎,𝑏𝑏, and 𝑐𝑐 in 
the supersaturation were estimated via Nelder-Mead op-
timization algorithm (12). Estimated values are mentioned 
in Table 3. The resulting coefficients were subsequently 
validated by confirming that the simulated supersatura-
tion dynamics and temperature-dependent solubility 
profiles aligned with consistent physical behaviour. 

The controller performance was analyzed in terms 
of its ability to regulate supersaturation close to the de-
sired operating region despite varying thermal conditions 
and changing liquor composition. Since the feedforward 
heating steam supply flow rate is not violating safety lim-
its, hence the 𝛼𝛼(𝐿𝐿) = 1, which concludes that 𝐹𝐹ℎ� = 𝐹𝐹ℎ�,���� 
here (Figure 3.) 

The results (figure 3.) indicate that the control strat-
egy provides smooth and stable trajectories, avoiding 
abrupt oscillations in supersaturation and temperature 
that could otherwise compromise crystal growth with the 
supersaturation profile remaining predominantly within 
the metastable region, indicating that the interaction 
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between feed addition and evaporation is well balanced. 
Brief disturbances are observed primarily during adjust-
ment of steam flows; however, these deviations are 
short-lived and do not lead to uncontrolled nucleation or 
crystal dissolution. The results are further validated in the 
solubility curve Figure 3. 

 
Figure 3. Control performance: supersaturation over time 
(top), manipulated variables (bottom). In addition, the 
controlled feed policy results in a gradual and consistent 
increase in crystal mass, reflecting favorable growth-
dominated conditions. The absence of sharp oscillations 
in supersaturation and temperature suggests that the 
controller effectively mitigates process non-linearities 
and time-varying behavior inherent to batch 
crystallization.  

Overall, the dynamic profiles indicate a stable oper-
ating regime that supports uniform crystal growth and 
improved product quality. The magma temperature var-
ies within safe thermal limits across a wide operating 
range, indicating that the proposed soft sensor and con-
trol strategy operate effectively under different thermal 
conditions and maintain proper regulation of the energy 
balance through coordinated feed-flow control. 

CONCLUSION AND FUTURE WORK 
This study shows that supersaturation in batch 

sugar crystallization can be effectively regulated using 
constrained feedback control of the feed flow rate com-
bined with feedforward steam supply. The proposed dy-
namic model captures the coupled mass and energy bal-
ances and maintains supersaturation within the metasta-
ble range under stable operation. Thermodynamic incon-
sistencies in commonly used parameter correlations 
were resolved, resulting in a physically consistent and 

numerically robust framework. Simulation results repro-
duce key industrial trends, indicating strong potential for 
practical application. Future work will focus on parameter 
estimation using real plant data to further improve pre-
dictive accuracy and assess robustness under realistic 
operating conditions. 

 
Figure 4. Feedback control effect on the solubility curve 

APPENDIX  
Brix and Purity for mother liquor and magma 
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Density (in 𝐤𝐤𝐤𝐤/𝐦𝐦𝟑𝟑) 

ρfeed = �1000 +
(100𝐵𝐵𝑥𝑥feed)�200 + (100𝐵𝐵𝑥𝑥feed)�

54 � �1

− 0.036 𝑇𝑇feed − 20
160 − 𝑇𝑇feed

� − 

�1 − 𝑒𝑒(1−���feed)�1.164×10−4(100��feed)+6.927×10−6(100��feed)2�� 

ρ�� = 1016.7 − 0.57𝑇𝑇� 

Specific heat capacity (in 𝑱𝑱/(𝒌𝒌𝒌𝒌𝒌𝒌)) 

𝐶𝐶𝑝𝑝��� = 4187 − 29.309𝐵𝐵𝑥𝑥��� 

𝐶𝐶𝑝𝑝� = 1163.2 − 3.488𝑇𝑇��� 

𝐶𝐶𝑝𝑝�� = 4186.8 − 29.7𝐵𝐵𝑥𝑥�� + 4.61𝐵𝐵𝑥𝑥��𝑃𝑃𝑃𝑃𝑟𝑟�� + 0.075𝐵𝐵𝑥𝑥��𝑇𝑇��� 



 

Lohani et al. / LAPSE:2026.0515 Syst Control Trans 5:2497-2504 (2026) 2503  

𝐶𝐶𝑝𝑝feed = 4186.8 − 29.7𝐵𝐵𝑥𝑥feed + 4.61𝐵𝐵𝑥𝑥feed𝑃𝑃𝑃𝑃𝑟𝑟feed
+ 0.075𝐵𝐵𝑥𝑥feed𝑇𝑇feed 

Specific enthalpy (in 𝑱𝑱/𝒌𝒌𝒌𝒌) 

ℎfeed = 𝐶𝐶𝑝𝑝feed𝑇𝑇feed 

ℎ�� = 𝐶𝐶𝑝𝑝��𝑇𝑇��� 

ℎ� = 𝐶𝐶𝑝𝑝�𝑇𝑇��� 

ℎ� = 2323.3 + 4106.7𝑇𝑇� 

ℎ��� = 2499980 − 24186𝑝𝑝� + (1891.1 + 106.1𝑝𝑝�)𝑇𝑇� 

Specific latent heat (in 𝑱𝑱/𝒌𝒌𝒌𝒌) 

𝐿𝐿� = ℎ�� − ℎ� 

𝐿𝐿��� = ℎ��� − ℎ� 

Brix at Saturation 

𝐵𝐵𝑥𝑥��� = 64.447 + 0.08222𝑇𝑇��� + 1.6169 × 10−3𝑇𝑇���2 −
1.558 × 10−6𝑇𝑇���3 − 4.63 × 10−8𝑇𝑇���4     
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