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INTRODUCTION

With the rapid development of computing technol-
ogy, computer-aided design and analytical skills 
are in high demand by STEM field employers.  In 

this era of Industry 4.0, proactive data analytics are central 
to process operations and data-driven decision-making.[1, 2] 
With this background, our course in Chemical Engineering 
Analysis was redesigned to include analytics with advanced 
numerical methods.  This course serves as an elective for 
our undergraduate majors and a requirement for our gradu-
ate program.

With the surging availability of massive data, chemical en-
gineering graduates may face design, control, or operations 
optimization problems that involve handling data sets.[3, 4]  

Solving these problems requires proficiency in computer 
programming for data processing, analysis, visualization, 
modeling, and optimization.  Optimization problems can be 
found everywhere in engineering, industry, and academia.  
However, many chemical engineering programs do not offer 
a course that discusses optimization.[3]   It is vital to incorpo-
rate such concepts of systematic optimization in our curricu-
lum to make our graduates competitive in today’s market.

A growing number of employers believe their company 
is experiencing a widening skills gap in which the most 
in-demand hard skills are strategic thinking and analytical 
skills (48%), computer skills (46%), and project manage-
ment (32%).[5]  Our Chemical Engineering Analysis course 
bridges the skills gap for our graduates, enabling them to use 
fundamental data analysis techniques, skills, and modern en-
gineering tools necessary for engineering practice. 

The concept of skills is a multi-dimensional linking of 
education and experience.[6]  Technology-enhanced learn-
ing opens remarkable new avenues for learning and skills 
development.[7]  It is necessary to keep up with technologi-
cal advances and changes in the work processes of industry.[8]  
Thus, the multi-paradigm numerical computing environment 

of MATLAB® was selected as the computational tool for 
this course.  MATLAB is a popular computational tool used 
by students, academics, and industry researchers.  Students 
may use their MATLAB skills to quickly adapt to other pop-
ular computing and analysis tools, such as those based in 
PythonTM and R®.

This course aims to build a fundamental understanding of 
chemical engineering systems by developing mathematical 
and statistical models and digital computer simulations.  It 
also aims to develop a systematic understanding and a criti-
cal awareness of process optimization and analysis of results.

COURSE DESIGN AND ORGANIZATION 
RATIONALE

The Chemical Engineering Analysis course is organized 
into three major sections with 10 modules shown in Table 1.  
Section I introduces the foundations of chemical engineer-
ing process modeling and MATLAB skill preparation.  Sec-
tion II builds on the foundation with advanced algorithms 
and computational methods using case studies in chemical 
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engineering.  Finally, Section III integrates algorithms and 
methods for tackling complicated case studies in chemical 
engineering.  The modules incorporate several chemical 
engineering-related examples at both the undergraduate and 
advanced graduate levels.

TABLE 1  
Three major sections with 10 learning modules in the 

Chemical Engineering Analysis course.
Sections Modules Topics

I
1 Modeling in Chemical Engineering
2 MATLAB programming

II

3 Model fitting and spline functions
4 MATLAB optimization toolbox
5 Enhanced optimization
6 Global optimization
7 Optimal experimental design

III
8 Process integration and optimization
9 Complex equation systems
10 Data statistics and analytics

BRIDGING THE SKILLS GAP – 
DISTINGUISHING FEATURES

This course’s most distinguishing feature is to apply sys-
tematic optimization for chemical engineering analysis to 
help students build their confidence for optimized data-driv-
en decision-making.  Students receive exposure to various 
model types and modeling methods throughout the Chemi-
cal Engineering curriculum.  In particular, it was helpful for 
them to understand the importance and meaning of dimen-
sionless groups.  As illustrated in Figure 1, students must 
distinguish between the numerical values and their associ-
ated units.  The Buckingham PI Method was introduced to 
correlate experimental data in dimensionless groupings of 
parameters and variables.[9] 

Students also experience limitations of MATLAB’s opti-
mization solvers.  For example, consider the optimization 

problem with the objective function in Equation (1) and con-
straint in Equation (2):
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The MATLAB code for minimization with the genetic 
algorithm (GA, a method to find global minima for highly 
nonlinear problems) follows:
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Using the default settings, MATLAB version R2020B re-
turned an incorrect solution x = [1.0484  1.0494] and f = 
0.2287 with x1< x2 , which does not satisfy the constraint in 
Equation (2).  Thus, the genetic algorithm from MATLAB 
does not work for this optimization problem without experi-
menting with the optional settings for convergence criteria, 
which requires experience and expertise in the method.  Of-
fice 2019 Excel’s Solver® add-in has an option for an evolu-
tionary optimization method employing a genetic algorithm, 
which gives an acceptable result of x = [1.0408  1.0408] 
and f = 0.2289, thus satisfying the constraint in Equation 
(2).  Thus, students learn not to rely on any one of several 
existing commercial software tools and not to treat them as 
black boxes.

The natural next step is to instruct students on advanced 
topics that overcome the limitations of MATLAB software, 
including enhanced optimization methods, such as La-
grange’s method, of converting constrained optimization to 
non-constrained optimization, conversion of inequality con-
straints to equality constraints, the penalty function method, 
and an enhanced constraints method to avoid the unwanted 
“zero” local optimal point.

As this course focuses on optimization techniques, they 
are demonstrated by case studies in model fitting, solving 
complex equations, and process optimization.  The case 
studies reinforce concepts of data analysis, including pro-
gramming, algorithms, digitalization of analog information 
from unstructured data, application of least-squares regres-
sion to noisy structured data, and data classification.

Students also learn to apply the statistical modeling tech-
nique of orthogonal experimental design (OED) to identify 
influencing factors, the levels of significance of each factor, 
and their combined effects.  The robust and systematic OED 
method saves time and effort in experimental trials and opti-
mization.  For example, the OED L16 (45) applied in turbu-
lence model development of a stirred flotation cell achieved 
a time saving of 98.4% effort with 16 trials, shown in Fig-
ure 2, compared to the total combination of 1024 trials from 
5 factors at 4 levels.[10]  By determining the critical factors 
from OED, students are introduced to analytical concepts of 
dimensional reduction besides the Buckingham PI method.Figure 1. Data with or without units.

(1)

(2)
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Experiment Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 
1 1 1 1 1 1 
2 1 2 2 2 2 
3 1 3 3 3 3 
4 1 4 4 4 4 
5 2 1 2 3 4 
6 2 2 1 4 3 
7 2 3 4 1 2 
8 2 4 3 2 1 
9 3 1 3 4 2 
10 3 2 4 3 1 
11 3 3 1 2 4 
12 3 4 2 1 3 
13 4 1 4 2 3 
14 4 2 3 1 4 
15 4 3 2 4 1 
16 4 4 1 3 2 

 

Figure 2. OED method has been applied in turbulence model development.  (a) A schematic of a stirred flotation cell; 
(b) OED L16 (45) table.

(b)

(3)

(a)

BRIDGING THE SKILLS GAP – 
ASSIGNMENTS

To bridge the skills gap, the students completed the fol-
lowing four primary case studies to apply their training from 
this course:
1.	 Fit a model of a particle size distribution via different 

optimization methods in MATLAB.  Equation (3) pre-
dicts the effect of specific comminution energy (Ecs) 
on the breakage index t10 (percentage passing an aper-
ture of 1/10 of the original ore particle size).[11]  
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The model’s ore breakage parameters A and b are de-
termined from laboratory Drop Weight Test (DWT) 
data, tabulated and plotted in Figure 3.  The product 
Ab indicates ore hardness – the greater the Ab value, 
the softer the ore.  The product Ab is the slope of the 
curve at zero energy input.  To determine the ore hard-
ness category tabulated in Figure 3, students find A and 
b using MATLAB’s model-fitting tool optimization 
methods: fminunc, fminsearch, fmincon, and fsolve.

This first assignment trains students on various 
MATLAB programming, modeling, analysis, and op-

timization features available in the MATLAB optimi-
zation toolbox.  Students must deal with noisy data and 
apply data analytics to determine the goodness of the 
fit.

2.	 Optimize the location of a petrol and convenience sta-
tion along the road winding among five communities, 
as shown in Figure 4.  This assignment incorporates 
features of weighted optimization and constraints un-
der the following conditions:
a.	 Minimize the sum of distances from the station 

to all communities.
b.	 Consider the community populations given in pa-

rentheses as distance weights in the optimization.
c.	 Consider the population distance-weights, 

and constrain the distance between the sta-
tion and community C to less than 20 
miles.  This additional constraint fosters a dis-
cussion of diversity, equity, and inclusion in 
engineering solutions that need to consider eq-
uitable access to the petrol resource among com-
munities with diverse needs and circumstances.

Assignment 2 trains students to formulate optimization 
objective functions and constraints from real-world 
problems.  This requires transforming the unstruc-
tured data in the form of a map into structured data 
for numerical analysis.  The students then construct a 
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Figure 4. Assignment 2: build a petrol station located on 
the road among five communities.
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Figure 3. Model fitting assignment: the effect of specific comminution energy on the breakage index t10.
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subject to boundary conditions of constant tempera-
tures T1 on three sides and T2 at the top, as illustrated 
in Figure 5.
a.	 Solve the problem using the numerical finite-

difference (FD) method for a grid of 4×4 nodes, 
as shown in Figure 5 with Δx=Δy, and draw a 2-D 
contour plot.  The problem simplifies to a system 
of four linear equations:
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b.	 Increase the number of finite difference nodes (n) 
to n×n to solve the problem using the FD meth-
od, compare to the following analytical solution 
to reach an error tolerance of less than 0.01, and 
draw a 2-D contour plot. 

As shown in Figure 5, the nodes are indexed on the 
grid using i = 0..(n-1) for the x-dimension and j = 0..(n-
1) for the y-dimension.  For assignment 3, students de-

(4)

(5)

function of the road’s coordinates by a least-squares 
and interpolation model fitting exercise, using a poly-
nomial, rational function, or cubic spline interpolation.  
This assignment gives them opportunities to work on 
different codes and compare the results.

3.	 Optimize a nodal network in a Cartesian grid to simu-
late steady-state two-dimensional heat conduction us-
ing the Finite Difference (FD) method.  The following 
heat equation describes the temperature profile with 
constant thermal diffusivity:
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Figure 5.  Assignment 3 to optimize a nodal network in a Cartesian grid to simulate steady-state 2D conduction heat trans-
fer without internal heat resources.  (a) The nodal network in a uniform Cartesian grid with i and j indexes for the x and y 
coordinates and n nodes in each dimension; (b) the numerical algorithm flowchart, where N is the iteration counter, M is the 

maximum iterations, and E is the error tolerance for convergence.
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termine the minimum number of nodes, or grid spac-
ing, to match the finite difference solution with the 
analytical solution given in Equation 6.
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The third assignment trains students on writing codes 
for implementing a numerical algorithm flowchart.  
They learned the FD (finite-difference) method for nu-
merical solutions to boundary-value problems, logical 
operations, and program convergence using the toler-
ance value.

4.	 Apply an orthogonal experimental design to find the 
optimal parameters that minimize the operating costs 
in a counterflow solvent extraction flowsheet using a 
ternary diagram shown in Figure 6.
a.	 Code the Hunter–Nash Graphical Equilibrium-

Stage Method in MATLAB to get all data points 
on the ternary phase diagram, including the mix-
ing points M and P, the extracts E1, E2, E3, the 
raffinates R1, R2, and R3, and their compositions 
in mass fraction.

b.	 Given the following economic factors, apply 
an orthogonal experimental design to find opti-
mal parameters that minimize operating costs to 
reach a final raffinate of less than 2%.
•	 Mass of solvent ($15/kg)
•	 Addition of carrier ($5/kg) for dilution (car-

rier usage is limited to max 200kg)
•	 Number of stages ($1000/stage)

Students work in teams for this assignment and submit 
a written group report.  In engineering education, inter-
personal skills, teamwork, communication, and problem-
solving skills are most frequently identified as necessary by 
engineers.[12]  Assignment 4 also trains students to write the 
codes for solvent extraction using Hunter–Nash graphical 
equilibrium-stage method and apply the OED method to find 
optimal parameters that minimize the operation costs in the 
solvent extraction flowsheet.  This assignment also requires 
the group to organize their digitized data into classes that 
include mass compositions, phases, and phase distributions 
at equilibrium conditions.

COURSE ASSESSMENT

This course requires students to apply math, science, and 
engineering principles and skills.   Student learning can be 
enhanced by integrating theory with computational tools 
applied to case studies.[13]  Our experience delivering this 
course taught us the need for in-class coding sessions with 
rapid and meaningful feedback to strengthen student reten-
tion and facility with MATLAB.[14]  By providing students 
with just-in-time feedback, they know their limitations and 
take concrete measures to advance their skills and create 
deeper knowledge.  Student feedback on the Spring 2021 
course is summarized in Table 2.  The course had eight stu-
dents.  The scores of all items equal or exceed 4.00 on a 
scale of 0-6, which means students generally agreed with 
each item.  We also asked for informal student feedback on 
the course.  Students liked the application of the analytical 
methods to real-world scenarios.  They also liked the course 
format that allowed group work and weekly interaction with 

(6)
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Figure 6. Assignment 4 to apply the OED method for finding optimal parameters that minimize the operation costs in solvent 
extraction flowsheet (a) The ternary phase diagram; (b) Counter-current three-stage solvent extraction circuit; (c) the feed and 

solvent amounts and compositions in mass fractions.

1 2 3

E2 E3

Feed F R1 R2 Raffinate R3

Extract E1 Solvent S
Feed Solvent

F = 300 kg S = 100 kg

XFA = 0.40 XSA = 0.00

XFC = 0.60 XSC = 0.00

XFS = 0.00 XSS = 1.00

TABLE 2  
Student evaluations of the Chemical Engineering Analysis course - Spring 2021. 

Responses range from 1 (Very strongly disagree) to 6 (Very strongly agree).

Items Mean Standard Deviation

The course had an open, respectful environment that supported learning. 5.50 1.00
The course included a way to exchange ideas with other students. 5.25 1.50
Instructions were clear, and help was available if I encountered problems. 5.00 1.41
The instructor clearly articulated expectations for this course. 5.00 1.15
The course assignments were a good measure of my learning. 4.50 1.29
The required materials were a necessary part of the course. 4.33 0.58
The course used appropriate and effective instructional methods. 4.25 1.71
The course provided a regular and helpful assessment of my progress. 4.25 1.26
The course was well organized. 4.00 2.16
Overall, I learned a lot in this course. 4.00 2.16

(a)

(b) (c)



Vol. 56, No. 4, Fall 2022 225

the instructor and class peers in a computing lab environ-
ment.  As reflected in the mean score for the last item in-
Table 2, students reported being challenged by the modeling 
aspect of the course.  They did not feel as confident in their 
ability to devise mathematical models as the computational 
tools.  We plan to add more straightforward modeling exer-
cises earlier in the course to give students experience and 
confidence in creating mathematical models for analysis and 
optimization.

CONCLUSIONS

Skills for data analytics are in high industrial demand and 
are becoming critical to our students’ future career success.  
Our Chemical Engineering Analysis course helps bridge the 
skills gap by training students in programming algorithms, 
modeling, and analysis methods, including digitalization, 
regression, orthogonal experimental design, data structures 
and classification, and dimensional reduction.  Students re-
alize the importance of data analysis and learn modeling, 
MATLAB programming, and robust optimization tech-
niques.  This course also enables them to use data analysis 
techniques, skills, and modern engineering tools necessary 
for engineering practice.  Significantly, this course builds 
their analytical skills within the framework of systematic 
optimization applied to chemical engineering analysis.
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