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ABSTRACT 
For the long-cycle process industry, operational cycles can be severely affected by equipment 
aging, catalyst deactivation, and safety limitations. As illustrated by the residue hydrotreating pro-
cess, metal impurities gradually deposit on the catalyst during residue purification, leading to cat-
alyst poisoning and eventual process shutdown. Such long-cycle processes require dynamic ad-
justments of operating conditions to balance immediate economics with long-term sustainability. 
While current practice relies on empirical tuning based on historical data, this work focuses on 
studying how to obtain an optimal operating trajectory to guide the monthly adjustments of oper-
ating variables. The long-cycle simulation of the residue hydrotreating process can be performed 
using the commercial software, PetroSIM. After adjusting the feed conditions, its embedded 
mechanistic model can calculate the deviation of average bed temperature from the set point and 
output the remaining operating time. Since Bayesian optimization (BO) is well-suited to address 
complex processes with unknown mechanisms and high computational costs, and can effectively 
seek optimal solutions, a BO framework incorporating constraints evaluated by PetroSIM is pro-
posed in this work to optimize the monthly feed composition and maximize the total profit over 
the entire operational cycle. The results indicate that the total profit achieved through BO-opti-
mized operation is 17.8% higher than that from empirical operation. The optimized strategy demon-
strates practical rationality: in the early stage of high catalyst activity, more residue can be pro-
cessed; in the later stage, increasing the light oil ratio helps extend the processing cycle. This 
strategy provides theoretical support for advancing the research toward industrial applications. 
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INTRODUCTION 
Residue hydrotreating (RHDT) is a process that re-

moves sulfur and metal impurities from heavy oil via cat-
alytic reactions [1]. As the process proceeds, the catalyst 
gradually deactivates until its activity drops below a 
specified threshold, requiring a unit shutdown and cata-
lyst replacement [2]. RHDT therefore operates over finite 
operational cycles. Given the high cost of the catalyst 
and the time-consuming replacement procedure, it is 
economically imperative to purify as much residuum as 
possible within each cycle. The key operational variable 
is the residuum content in the feedstock. Increasing this 
fraction lowers feed costs, thereby raising short-term 
processing profits. However, feeding a higher-impurity 
feedstock accelerates catalyst deactivation, which 

shortens the operable duration in the future. Conversely, 
decreasing the fraction yields the opposite effect: it ex-
tends catalyst life and increases process sustainability at 
the expense of short-term operating profit. This poses a 
significant trade-off problem: determining how to opti-
mize the operations each month to maximize the total 
profit across the entire RHDT running cycle. 

In this optimization, a critical constraint is the rela-
tionship between feed composition and the remaining 
useful life (RUL) of the catalyst. PetroSIM, a professional 
software in this field, contains an RHDS module capable 
of simulating the long-cycle operation of residue hy-
drotreating [3]. This module incorporates state-space 
correlations to model catalyst deactivation: it predicts 
catalyst activity for the subsequent month based on the 
current state (e.g., catalyst activity) and process inputs 
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(e.g., feed properties). Using this framework, PetroSIM 
calculates the minimum temperature rise required to sat-
isfy the product composition constraint, from which the 
weighted average bed temperature (WABT) is deter-
mined. The distance between this value and the prede-
fined threshold, combined with the catalyst deactivation 
rate, is then used to estimate the current RUL. Hence, 
distinct operating strategies yield different RUL trajecto-
ries. These RUL estimates are generated by the deter-
ministic model embedded within PetroSIM. However, due 
to the closed architecture of this commercial software, 
neither the model nor its underlying database is accessi-
ble. As a result, analytical derivatives cannot be obtained. 
This study does not seek to construct a surrogate model 
for this internal relationship. Instead, we focus on solving 
the long‑cycle operational optimization problem using 
this black-box simulator, and it is a scenario commonly 
encountered in industrial practice. 

Bayesian optimization (BO) is a widely used black-
box optimization algorithm grounded in Bayesian theory 
[4]. As an iterative framework, it integrating modeling and 
optimization. Specifically, the algorithm first fits a surro-
gate model (e.g., Gaussian process regression) for the 
objective function using an initial set of observed points. 
Based on this model, the subsequent point is selected by 
maximizing an acquisition function (e.g., expected im-
provement) that balances exploration and exploitation. 
Each newly evaluated sample is incorporated to update 
the surrogate, thereby progressively reducing uncer-
tainty over the objective function. By repeatedly execut-
ing this ‘decision-modeling’ iteration, Bayesian optimiza-
tion converges to the optimum with as few function eval-
uations as possible. Consequently, it is particularly suita-
ble for black-box issues where evaluations are computa-
tionally expensive.  

For the RHDT process, the operational optimization 
is conducted via the PetroSIM simulator, which is char-
acterized by its opaque mechanisms and significant com-
putational cost (a full-cycle simulation takes over one mi-
nute). If an evolutionary strategy (e.g., genetic algorithm) 
requiring numerous iterations is adopted, the optimiza-
tion process becomes time-consuming—at least 16.7 
hours for 1000 iterations. Thus, to minimize the number 
of calls to PetroSIM, this study utilizes BO method to ad-
dress this operating scenario. 

This section outlines the theoretical foundation and 
overall framework of this study. The remainder of the pa-
per is organized as follows: Section 2 details the meth-
odology for simulating the long-cycle RHDT process us-
ing PetroSIM; Section 3 formulates the objective of this 
study by defining the optimization problem, along with its 
associated constraints and boundary conditions; Section 
4 presents the results and discusses the operational ben-
efits achieved; Section 5 concludes this study and sug-
gests potential directions for future research. 

RHDT PROCESS SIMULATION 
Process simulation of residue hydrotreating can be 

accomplished using the RHDS module in PetroSIM. Figure 
1 shows the RHDT process flowsheet developed on this 
platform. Residuum and hydrogen are fed into the reactor 
for hydrotreating. The effluent then passes through an 
ideal separator (modeled as a component splitter) to sim-
ulate a high-pressure high-temperature flash drum, as-
suming complete separation of non-condensable gases 
(H₂S, NH₃) from the liquid hydrocarbons based on a de-
fined split fraction. The Peng-Robinson (PR) equation of 
state with built-in binary interaction parameters is ap-
plied throughout the process, as it is widely accepted for 
hydrocarbon systems containing sour components (H₂S, 
NH₃). The liquid stream is subsequently fractionated into 
products of varying boiling points (gas, naphtha, diesel, 
and bottoms). In addition, H₂O serves as a wash water 
stream to rinse metal deposits from the catalyst. HPS 
functions as a high-pressure vent line to withdraw excess 
hydrogen feedstock. 

Table 1: Properties of the feed oil. 

Property Value 
Sulfur content  ~  wt% 
Conradson carbon content  wt% 
Nickel content  ppmwt% 
Vanadium content  ppmwt% 
Nitrogen content  wt% 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Distillation % (TBP)  ℃ 
Specific gravity (Std Cond)  - 
Temperature  ℃ 
Pressure  kPa 
Volume flow  m/h 

 
Figure 1. Flowsheet of the RHDT process in PetroSIM. 

Table 1 presents the properties of the feedstock. 
The sulfur content is identified as the key factor respon-
sible for catalyst deactivation. Hence, adjusting the 
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proportion of heavy oil in the feed can be regarded as 
effectively modifying the sulfur content. According to the 
review [5], this study specifies the sulfur content of the 
heaviest feed as 6.0 wt% and that of the lightest feed 
constituents as 3.0 wt%. As the only manipulated variable, 
feed sulfur content dominates catalyst RUL and thus 
drives profitability. Fixed true boiling point (TBP) cut 
points minimize product yield variation from the separa-
tion system, so the ideal splitter simplification has negli-
gible impact on economic conclusions. Due to the re-
quirements of the downstream processes in RHDT, the 
sulfur content in the bottoms product needs to be main-
tained below 0.5 wt%, regardless of the feedstock. How-
ever, there are price variations: heavy feedstock costs 
about 350 USD/m³ (PH), light feedstock costs about 600 
USD/m³ (PL), and the purified effluent is valued at approx-
imately 800 USD/m³ (PB).  

Table 2: Parameters of the reactor. 

Parameter Value 
WABT (Start of Run)  ℃ 
WABT (End of Run)  ℃ 
Number of beds  - 
Catalyst density  kg/m 
Catalyst weight  ton 

 
Figure 2. Feed composition and RUL trajectory under 
empirical operation. 

In addition, the parameters of the reactor remain 
constant, as listed in Table 2. It can be seen that the cat-
alyst inventory is held constant. Thus, its activity pro-
gressively decreases during residue hydrotreating. In Pe-
troSIM, this effect is reflected by a rise in WABT, as the 

process must maintain the product sulfur specification. 
Starting from the first month (WABT=360°C), operating 
decisions are updated at monthly intervals. The process 
stops once the WABT exceeds the set value 
(WABT=420°C). Figure 2 illustrates an empirical opera-
tional approach: linearly increasing the light feedstock 
fraction from 0.2 to 0.8 to compensate for the declining 
catalyst activity in later periods. However, as can be seen 
from PetroSIM's estimation, the RUL reaches zero by the 
14th month, implying that no profit can be generated from 
subsequent operations. Therefore, the total profit, calcu-
lated as the cumulative monthly product revenue minus 
feedstock costs, is 1455.15 thousand USD. 

OPERATIONAL OPTIMIZATION 
In this study, given that hydrogen is typically sup-

plied in excess during industrial residue hydrotreating 
and its precise consumption is difficult to quantify, hy-
drogen-related costs are treated as fixed overheads and 
excluded from the objective function. Operating condi-
tions influence utility consumption through their effect on 
WABT; however, the integrated value of total utility cost 
remains largely unchanged across different operating 
strategies over the entire processing cycle, allowing mi-
nor fluctuations to be neglected in the model. Moreover, 
catalyst are expensive and consumed in large quantities; 
frequent replacement not only increases operating ex-
penses but also disrupts the refinery-wide material bal-
ance. Industrial practice therefore prioritizes the full utili-
zation of catalyst within each operating cycle. Accord-
ingly, this study optimizes profit over a full single catalyst 
cycle; as the one-time catalyst replacement cost is inde-
pendent of operating decisions, it is neglected in the 
analysis. Based on these assumptions, the objective is to 
maximize the total profit by optimizing the heavy compo-
nent fraction in the monthly feed. The optimization prob-
lem is expressed in Equation 1. This study sets the total 
duration to no more than 20 months. The heavy oil frac-
tion in the feed for each month is represented by the set 
rH = {rH(i) | i = 1, ..., 20}. The light oil fraction is complemen-
tary, such that rH(i) + rL(i) = 1. A binary decision variable zi 
∈ {0, 1} governs whether the monthly processing profit 
contributes to the total profit; its value is assigned based 
on the RUL estimated via PetroSIM: zi = 1 when RUL > 0, 
and zi = 0 when RUL = 0. The total feed flow rate Fin is set 
to 535.7 m3/h. The product flow rate of the bottoms FB(i) 
is simulated by PetroSIM. PB, PH, and PL correspond to the 
prices of the bottoms, heavy feedstock, and light feed-
stock. Additionally, c is defined as 24*30 (hours*days). 

max
𝒓𝒓�

∑ 𝑧𝑧� ∗ �𝐹𝐹B
(�)PB − 𝑟𝑟H
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(�)𝐹𝐹inPL� ∗ c20

�=1  (1) 
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0 ≤ 𝑟𝑟H
(�) ≤ 1 

0 ≤ 𝑟𝑟L
(�) ≤ 1 

The Bayesian optimization algorithm is applied to 
optimize this problem. The procedure is illustrated in Fig-
ure 3. First, 30 sets of rH are sampled within the domain 
using Latin hypercube sampling, and the light feedstock 
fraction rL is derived accordingly. For each set, PetroSIM 
computes the corresponding FB(i) and RUL(i) (i.e., zi). Sub-
sequently, the values of the objective function are calcu-
lated, and the sample with the highest value is denoted 
as rH*. Gaussian process regression is utilized to fit the 
mapping from the decision variables to the objective 
function. The next point to be evaluated is determined via 
the expected improvement. This process iterates until a 
predetermined iteration count is met, at which point the 
optimal solution rH* is returned. 

This framework is implemented via the BoTorch li-
brary in Python, and the parameters are presented in Ta-
ble 3. The RBF kernel, known for its universal approxima-
tion capability, is adopted for the Gaussian process, while 
expected improvement (EI) serves as the acquisition 
function. A total of 550 iterations are performed, with the 
initial samples used to initialize the Gaussian process re-
gression constituting about 5.5% of the total iterations. 

Table 3: Parameters of BO. 

Parameter Value 
Gaussian kernel RBF kernel 
Acquisition function EI 
Number of initial points  
Number of iterations  

 
Figure 3. Workflow of the BO strategy. 

RESULTS AND DISCUSSION 
Figure 4 illustrates the iterative process of the algo-

rithm. The horizontal axis represents the number of ob-
jective function evaluations, comprising 30 initial evalua-
tions and 520 iterative evaluations. Total revenue and to-
tal cost are shown by cyan and pink bars, respectively. 
The difference between them, which is the total profit 
(i.e., objective function value), is plotted as a blue curve. 
In addition, the green line represents the magnitude of 
the acquisition function, i.e., the EI value. It is mapped to 
the right vertical axis, and non-zero values of this line 
suggest that the subsequent sampling point can improve 
upon the current rH*. It can be observed from the figure 
that the green line displays multiple peaks in the initial 
iterations. The BO focuses on exploring the decision 
space during this period. This drives the algorithm to 
quickly locate the promising region for the optimum. In 
the middle and later stages, BO emphasizes exploitation 
by sampling around the optimal solution, which serves to 
improve the accuracy of the surrogate model. The algo-
rithm identified the optimal value at iteration 432, requir-
ing merely 7.2 hours of runtime. 

 
Figure 4. Iteration process of BO for Equation 1. 

The bars representing revenue and cost associated 
with the optimal operation are highlighted in Figure 4. The 
total profit obtained is 1714.82 thousand USD, reflecting 
a 17.8% improvement over that achieved by the empirical 
operation. Figure 5 depicts the optimal operation and the 
estimated RUL. As shown, a higher fraction of heavy oil is 
fed during the early processing stage, thereby maintain-
ing a lower cost level. Contrary to the empirical operation 
that continuously increases the fraction of light oil feed, 
optimized strategies recommend utilizing periods of high 
catalyst activity to process more residue. Subsequently, 
the fraction of light oil feed is progressively increased in 
the mid-to-late periods to prolong the processing time. 
Compared with the results in Figure 2, the RUL here is 
sustained for one additional month, resulting in additional 
profit. 
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Figure 5. Feed composition (with varying rH) and RUL 
trajectory after BO optimization. 

Figure 6 illustrates the iterative process, showing 
that BO identified the optimum at a relatively early stage. 
This is attributed to the reduced dimensionality and sim-
pler surrogate modeling in the single-variable problem. 
As shown in Figure 7, the results suggest that residue 
should constitute the majority of the feed. Although only 
12 months of operation are valid, the profit reaches 
1667.83 thousand USD, which is 212.68 thousand USD 
higher than that of empirical operation. However, this re-
sult is inferior to that of the free-feed optimization. The 
rationale lies in the fact that the optimal solution under 
this problem is a lower bound solution of Equation 1. Con-
sequently, plants are advised to optimize the supply of 
light and heavy oils at the supply chain level. 

 
Figure 6. Iteration process of BO for Equation 1 under 
constant rH constraint. 

Additionally, in practical applications, the supply of 
light oil often lacks flexibility. This implies that the feed 
composition must be predetermined prior to startup. For 
comparative purposes, another optimization scenario is 

investigated: maximizing total profit by optimizing a con-
stant heavy oil fraction in the feed. Mathematically, this 
is equivalent to adding a constraint to Equation 1: rH(1) = 
rH(2) = ... = rH(20). 

 
Figure 7. Feed composition (with constant rH) and RUL 
trajectory after BO optimization. 

CONCLUSION 
The main contribution of this work lies in developing 

an optimization framework for long-cycle operating tra-
jectories of residue hydrotreating based on the PetroSIM, 
a problem essentially characterized by high-dimensional 
black-box optimization. BO, leveraging a probabilistic 
surrogate model to actively sample and iteratively update 
the posterior, enables efficient optimization with minimal 
objective function evaluations. This study employs BO to 
address the problem. Following 432 iterations (7.2 hours), 
BO identifies the optimal solution, yielding a 17.8% profit 
improvement compared to empirical operation. The opti-
mized results exhibit an operating pattern with a higher 
heavy oil ratio in the early stage and a higher light oil ratio 
in the later stage. This pattern is consistent with the de-
creasing catalyst activity over time and the stronger im-
pact of feed when activity is low. This provides practical 
guidance: operators can initially set a high throughput 
and then gradually reduce it based on WABT feedback. 
Moreover, this study investigates a lower-bound case of 
the problem by optimizing with fixed operations each 
month. This is designed for refineries with limited flexibil-
ity in light feed supply. The results, though not as good 
as those from unrestricted operational optimization, still 
show a 14.6% increase over the unoptimized practice. 

Similar optimization problems, balancing immediate 
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economic returns and future sustainability, are prevalent 
in various industrial contexts. Additionally, commercial 
software such as PetroSIM, PRO/II, and Aspen HYSYS do 
not provide analytical derivatives. The proposed BO 
framework is general and inherently incorporates uncer-
tainty considerations, laying a foundation for methodo-
logical innovations and adaptations to more complex in-
dustrial problems. 
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