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ABSTRACT 

For this study, we used Python and machine-learning tools to perform a 
comprehensive parametric and sensitivity analysis on a steam generator (SG) 
model. (The Python model was based on a previously completed MATLAB 
framework for the Holtec SMR-160 SG.) We investigated the influence of 
various input parameters (e.g., heat transfer coefficient [HTC], Nusselt number, 
and heat exchanger effectiveness) on the system’s output. With machine-learning 
tools such as the Risk Analysis Virtual Environment (RAVEN), which was 
developed at Idaho National Laboratory, we were then able to perform an 
automated analysis of the SG inputs’ effect on the HTC. The analysis results give 
valuable insights into the performance and optimization of SG systems. 

We found the inlet mass flow rate (MFR) to have the greatest impact on the 
HTC, followed closely by the inlet temperature, and then pressure. Shifting of the 
input parameters causes the location of the maximum HTC along the SG length 
to change incrementally. The cold leg (CL) MFR was also found to impact the 
HTC magnitude as well as the location of the maximum HTC. At between 0.4–
0.9 of the total SG length, the input parameters experience maximum impact on 
the HTC, leading us to suggest that sensors be efficiently placed on the SG so as 
to closely and effectively monitor thermal-hydraulic properties during reactor 
operation. We also found that the sensitivity data calculated manually agrees with 
the RAVEN – based data, confirming the same range of maximum sensitivity.  
However, the RAVEN-based analysis showed that cold leg pressure and hot leg 
temperature have a greater impact on the heat transfer coefficient than the mass 
flow rate, implying that a manual sensitivity study taking only two samples is not 
accurate. 
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Parametric and Sensitivity Analysis of a Steam 
Generator Model Using Python and Machine-Learning 

Tools 
1. INTRODUCTION 

1.1 Background and Motivation 
Recent modern innovations have led to the advancement of novel reactor technologies, many of 

which carry the potential to greatly reduce carbon emissions while still maintaining safety and efficiency. 
Small modular reactors (SMRs) are one such technology, thanks to their modular capabilities. Recently, 
they have received increased attention due to their economic and safety advantages. 

Steam generators (SGs) are used in power generation industries to produce steam via methods of heat 
transfer. They transmit heat from a heat source to a secondary fluid in which heat is dumped. The steam 
spins the turbines and converts the heat output from the power plant into usable electrical energy. The 
vertical, once-through SG that is the subject of this study comes from a SMR reactor design with passive 
safety features. Reactor heat is fed into a hot fluid that enters the hot leg (HL) through the riser section 
and is then carried through the many small SG tubes. This is referred to as the primary side. The 
secondary side consists of the shell that encases the SG tubes and provides a path along which the 
secondary fluid can flow, enabling heat transfer between the primary and secondary fluids to occur. As 
this secondary fluid travels up the SG, it gains heat and eventually turns into dry superheated steam. 

In Figure 1, the SG tubes are supported by baffles positioned within the shell where the secondary 
fluid flows. The middle column, or riser, experiences a change in cross-sectional area, becoming wider at 
the top. It is at this point that the hot fluid is all gathered up before being sent directly back down into the 
SG tubes. It is in this manner that heat transfer is initiated between it and the secondary fluid in the shell. 
Modeling the thermal-hydraulic performance of this system is important, as it is crucial to both reactor 
safety and normal operations that the SG’s capability to remove heat from the reactor primary coolant. It 
allows for a conceptual addition to computational fluid mechanics (CFD) modeling, as known 
correlations can be used so that the results can be cross-checked according to the laws of physics. 

 

 
Figure 1. SMR once-through SG (Taken from: https://holtecinternational.com/products-and-

services/smr/, Accessed date: August 10, 2023). 

https://holtecinternational.com/products-and-services/smr/
https://holtecinternational.com/products-and-services/smr/
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The steam generator Python code is based on iterative calculations. The SG’s entire length is split into 
over a thousand small sections, with the fluid properties assumed constant in each. The initial outlet 
temperature is estimated, then input parameters are used to find the boundary conditions for each 
consecutive interval. This enables spatial analysis of thermodynamic data. The calculation loop is 
repeated across the SG’s entire length until the error between the estimated and the calculated value 
becomes low enough for the code to be considered complete. The code also accounts for the phase 
changes in the secondary side of the SG, which transitions from subcooled boiling, to nucleate boiling, to 
film boiling, and eventually to superheated steam. 

The original code upon which ours was based was created in the MATLAB language as part of a 
scaling analysis conducted by Dr. Xiaodong Sun of the University of Michigan. As Idaho National 
Laboratory recently ended its lab-wide MATLAB subscription, Python, which offers similar capabilities, 
was chosen as a viable alternative. Apart from syntax differences, MATLAB and Python are very similar, 
though the latter requires add-ons in order to complete the same tasks as MATLAB. Python is free and 
open source, and I therefore used the MATLAB code framework to develop a Python-based counterpart. 
Python also presents advantages from a data analysis perspective, and the fact that it is open-source 
allows for integration with machine-learning platforms such as the Risk Analysis Virtual Environment 
(RAVEN), which was developed by Idaho National Laboratory. This allows for an artificial intelligence 
(AI)-based approach to conducting a sensitivity analysis of the SG data. 

1.2 Objectives of the Study 
The goals of this study are (1) to translate the MATLAB code into the Python language, (2) to 

produce similar results when inputting the same data into both the MATLAB and Python codes, and (3) 
to perform a parametric and sensitivity analysis of the SG code in order to investigate the extent to which 
the correlations work under each type of input. The parametric study will shed light on how tweaking 
each input parameter by a set amount changes the overall output in terms of the heat transfer coefficient 
(HTC) or the temperature and pressure profile. A sensitivity analysis will reveal how each individual 
input parameter affects the overall HTC output. Tracking this sensitivity spatially will give us a model 
that describes the SG’s local sensitivities to different parameters. This is important, as knowing where 
certain properties are sensitive to change can foster effective placement of sensors and related equipment. 
We will track sensitivity by manually changing the input parameters, then we will implement RAVEN to 
run the code over and over again to obtain sensitivity data. 

1.3 Scope of the Study 
This sensitivity and parametric study can help identify regions in the SG length where certain 

parameters are more sensitive to change. This can aid in strategically placing sensors where they can 
effectively monitor the thermodynamic conditions in the SG. It also helps with stress testing the SG. 
Running the code over and over again helps determine the range over which the correlations used in the 
code remain viable. The RAVEN – based analysis also leaves room for more implementation in the 
future.  With the source code and the RAVEN input file, one can obtain more than just sensitivity data for 
the steam generator.  RAVEN capabilities include anomaly detection and optimization to show the ideal 
input conditions for steam generator operation.  Further down the road, we can build off the RAVEN 
sensitivity analysis to obtain a more in-depth understanding of the thermodynamic SG model. 

2. STEAM GENERATOR MODEL 
2.1 System Description 

As mentioned earlier, the code operates by splitting the SG length into over a thousand intervals and 
then evaluating consecutive boundary conditions to determine the thermal-hydraulic properties. 
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Figure 2. Schematic of the Python code computational grid. 

The code considers both subcooled water and superheated steam. In scaled-down models, such as in 
our case with the SMR-160 half-height design, the flow may transition from turbulent to laminar. Thus, 
the code accounts for laminar, transitional, and turbulent flow regimes, using Reynolds numbers 2,300 
and 3,000 as the boundaries. To ensure smooth transitions, the frictional factor and HTC in the 
transitional flow region are interpolated based on laminar and turbulent flow conditions. 

The Python code considers frictional, gravitational, and accelerational pressure drops in the 
hydrodynamic calculation. It uses specific correlations for computing frictional factors in both single- and 
two-phase flows. In addition to calculations for the tube and shell side, the code also includes the 
thermal-hydraulic behavior of the riser section, which requires an additional loop in order to achieve 
consistent calculations. 

2.2 Governing Equations and Correlations 
Table 1. Some governing equations and correlations. 

Parameter Model/correlation  Applicable Range Reference 

Single-phase 
frictional 

factor 

𝑓𝑓 =
64
𝑅𝑅𝑅𝑅

 0 < Re < 2300 White [1] 

𝑓𝑓 = (0.79ln 𝑅𝑅𝑅𝑅 − 1.64)−2 
3000 < 𝑅𝑅𝑅𝑅
≤ 5 × 106  Petukhov 

et al. [2] 

Two-phase 
fictional 

pressure drop 

Δ𝑝𝑝𝑓𝑓 = �Δ𝑝𝑝𝑓𝑓�𝑙𝑙Φ𝑙𝑙
2

Φ𝑙𝑙
2 = (1 − 𝛼𝛼)

𝑛𝑛−5
2

 
0 < x < 1 

 

Lockhart 
and 

Martinelli 
[3] 

Two-phase 
acceleration 

drop 

Δ𝑝𝑝𝑎𝑎  = 𝐺𝐺2 �
𝑥𝑥2

𝛼𝛼𝜌𝜌𝑣𝑣
+

(1 − 𝑥𝑥)2

(1 − 𝛼𝛼)𝜌𝜌𝑙𝑙
�

 
 0 < 𝛼𝛼 < 1 

 

Todreas 
and 

Kazimi [4] 

Two-phase 
gravitational 
pressure drop 

Δ𝑝𝑝𝑔𝑔 = [𝛼𝛼𝜌𝜌𝑣𝑣 + (1 − 𝛼𝛼)𝜌𝜌𝑙𝑙]𝑔𝑔𝑔𝑔 0 < 𝛼𝛼 < 1 

 

Todreas 
and 

Kazimi [4] 
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Parameter Model/correlation  Applicable Range Reference 

Single-phase 
Nusselt 
Number 

𝑁𝑁𝑁𝑁 = 4.36 
0 < 𝑅𝑅𝑅𝑅
 < 2300

 

 

Incropera 
et al. [5] 

𝑁𝑁𝑁𝑁 =
(𝑓𝑓/8)(Re − 1000)Pr

1 + 12.7(𝑓𝑓/8)1/2(Pr2/3 − 1) 
3000 < 𝑅𝑅𝑅𝑅
 ≤ 5 × 106  

 

Gnielinski 
[6] 

Subcooled 
boiling heat 
transfer rate 

𝑞̇𝑞′′ = ℎ𝑁𝑁𝑁𝑁(𝑇𝑇wall − 𝑇𝑇sat ) + ℎCOV (𝑇𝑇wall − 𝑇𝑇bulk )

ℎCOV = 𝐹𝐹 �0.023𝑅𝑅𝑒𝑒𝑙𝑙0.8Pr𝑙𝑙0.4 
𝑘𝑘𝑙𝑙
𝐷𝐷ℎ
�  

ℎ𝑁𝑁𝑁𝑁 

= 𝑆𝑆 �0.00122�
𝑘𝑘𝑙𝑙0.79𝑐𝑐𝑝𝑝,𝑙𝑙

0.45𝜌𝜌𝑙𝑙0.49

𝜎𝜎0.5𝜇𝜇𝑙𝑙0.29ℎ𝑙𝑙𝑙𝑙0.24𝜌𝜌𝑣𝑣0.24�Δ𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠
0.24Δ𝑝𝑝0.75�

 

 

𝑥𝑥  < 0
𝑇𝑇wall  > 𝑇𝑇sat   

 

 

Chen [7 

Nucleate 
boiling heat 
transfer rate 

𝑞̇𝑞′′ = ℎ𝑁𝑁𝑁𝑁(𝑇𝑇wall − 𝑇𝑇sat ) + ℎ𝐶𝐶(𝑇𝑇wall − 𝑇𝑇sat )

ℎCOV = 𝐹𝐹 �0.023Re𝑙𝑙0.8 Pr𝑙𝑙0.4 
𝑘𝑘𝑙𝑙
𝐷𝐷ℎ
�  

ℎ𝑁𝑁𝑁𝑁

 = 𝑆𝑆 �0.00122�
𝑘𝑘𝑙𝑙0.79𝑐𝑐𝑝𝑝,𝑙𝑙

0.45𝜌𝜌𝑙𝑙0.49

𝜎𝜎0.5𝜇𝜇𝑙𝑙0.29ℎ𝑙𝑙𝑙𝑙0.24𝜌𝜌𝑣𝑣0.24�Δ𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠
0.24Δ𝑝𝑝0.75�

 

 

𝑥𝑥 > 0
𝛼𝛼 < 0.99 

 
Chen [7] 

 
 

2.3 MATLAB-based Reference Heat Exchanger Model 
Dr. Xiaodong Sun’s scaling analysis generated results pertaining to the thermodynamic properties of 

the half height 2 MW SMR-160. To validate the performance of the new Python-based code, we must 
compare the results generated when applying the same inputs to both codes (i.e., the provided MATLAB 
code and the new Python code). Figure 3 shows the SG pressure, thermodynamic quality, and 
temperature, as calculated via both the provided MATLAB code and the newly developed Python code. 
Both codes generated similar outputs, and the data exhibited similar trends. 
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Figure 3. Plots comparing the output of the MATLAB-based code to that of the Python-based code. 
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3. PARAMETRIC STUDY 
3.1 Methodology 

The parametric study assessed how the code output was impacted after changing all the input 
parameters by either increasing or decreasing percentages. This was done by running the Python SG code 
and changing the inputs in each run’s input file. Each run then provided us with SG data we could 
compare against each other to view, in graphical terms, the impact of the changes (with each output 
parameter being compared spatially against the SG length so as to also allow for a localized analysis). 

3.2 Input Parameters and Their Ranges 
The input parameters were as follows: 

• HL/cold-leg (CL) inlet pressure 

• HL/CL inlet temperature 

• HL/CL inlet mass flow rate (MFR) 

The baseline inputs were the 2-MW half-height SG model parameters provided by Dr. Xaiodong Sun: 

Table 2. Baseline inputs for the parametric study (values are removed as it prosperity information). 
Primary-side pressure (MPa) 
Primary-side inlet temperature (K) 
Primary-side MFR (kg/s) 
Secondary-side pressure (Mpa) 
Secondary-side inlet temperature (K) 
Secondary-side MFR (kg/s) 

 
After many test runs of the Python code, I observed a specific range of accepted input values over 

which the correlations used in the code were viable: 

• HL pressure input: 5% below to 5% above the baseline 

• HL temperature input: 0.2% below to 1% above the baseline 

• HL MFR input: 2% below to 5% above the baseline 

• CL pressure input: 1% below to 1% above the baseline 

• CL temperature input: 5% below to 1% above the baseline 

• CL MFR input: 3% below to 2% above the baseline. 

3.3 Output Parameters 
The output parameters used are as follows: 

• Tube/riser HTC 

• Primary-side pressure profile (riser and tube) 

• Secondary-side pressure profile 

• Primary-side temperature profile (riser and tube) 

• Secondary-side temperature profile. 
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3.4 One-at-a-time Approach 
The one-at-a-time approach bases the parametric analysis on a series of distinct steps one must 

follow. Once the input and desired output parameters are identified, this method helps define a baseline 
set of input values that we can vary and that can be compared against. We also define the range over 
which the input parameters will vary, allowing the data output to slightly differ based on these changes. In 
our case, we varied all six inputs by increasing them in increments of 0.1% to 0.5%. This process can be 
repeated to see how the outputs change in accordance with the altered input, and should give us an 
in-depth review of the different outputs and how they were impacted by the various magnitudes of 
changes applied to the inputs. 

 
Figure 4. One-at-a-time approach. 
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3.5 Results and Discussion 
3.5.1 Influence of Input Changes on the HTC 

 
Figure 5. SG HTC under varied inputs. 

The riser and tube HTCs vary as the input parameter values are increased from the baseline values in 
increments of 0.1%. On the riser side, there is little variation in the values until reaching around 0.4 of the 
SG length, at which point the HTC starts to fluctuate. For the baseline inputs, this fluctuation peaks at a 
normalized z-coordinate of around 0.52. At a 0.5% increase, it occurs prior to that at a normalized 
z-coordinate of around 0.44. This shows that when all the parameters are increased, the HTC starts 
fluctuating at different locations along the SG. A similar phenomenon was observed for the tube HTC, the 
fluctuation of which reached its peak value at a normalized z-coordinate of 0.87 when using the baseline 
inputs. After a 0.5% increase, the peak HTC occurs at a normalized z-coordinate of 0.75, while also 
showing a slight increase in the peak HTC value as the input parameters increased. This information is 
useful, as it indicates where properties of interest (e.g., the HTC) reach their maximum. It also shows how 
the HTC reacts to changed inputs. We clearly see that most HTC value changes that occur with respect to 
increases in the input parameters take place in a specific region of the SG. On both the riser and tube 
sides, this region is located somewhere between normalized z-coordinates of around 0.3–0.9. This means 
that, along this section of the SG, the HTC is most responsive to incremental changes made to the input 
parameters. Overall, the riser and tube HTCs are heavily impacted by input changes, as the peak HTCs 
take place at different locations. Furthermore, the tube HTC slightly increases as the input values 
increase. 

3.5.2 Influence of Input Changes on the SG Pressure Profile 
The primary- and secondary-side pressures are also significantly affected by changes to the inputs, as 

seen in Figure 6. The primary-side riser pressure decreases as the normalized z-coordinate increases. As 
the inputs are increased incrementally, the initial and final riser pressures slightly increase, such that the 
slope is the same as before, but with different intercepts. The primary-side tube pressure seems to follow 
a similar trend, except that, in this case, the pressure increases as the normalized z-coordinate increases. 
With each small change in the inputs, it is again observed that only the intercepts of the pressure profile 
increase, whereas the slope remains constant. The secondary-side shell pressure decreases as the 
normalized z-coordinate increases. Each run of the code generated the pressure values become farther 
apart at a normalized z-coordinate of 0.4. 
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Figure 6. SG pressure profile under various inputs. 

Overall, the pressure-based parametric study reveals that the pressure increases as the inputs are 
increased. This increased pressure can be observed in the SG riser, tube, and shell. A 0.5% increase led to 
an increase of around 0.1 MPa in the initial primary-side riser pressure, a 0.07 MPa increase in the initial 
primary-side tube pressure, and a 0.025 MPa increase in the initial secondary-side shell pressure. 
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3.5.3 Influence of Input Changes on the SG Temperature Profile 

 
Figure 7. SG temperature profile under various inputs. 

3.6 Identifying Critical Parameters 
4. SENSITIVITY STUDY 

4.1 Methodology 
4.1.1 Manual Sensitivity Analysis 

A sensitivity analysis is performed on the SG code. Sensitivity analyses differ from parametric 
analyses in that they focus on how one specific input parameter affects the output as a whole, and each 
input is not varied a certain amount for each run. We will perform this analysis in two ways. Initially, we 
will manually vary the input parameters to obtain sensitivity data, with each input being assigned two 
different values within the given range in order to obtain the effect on the resulting output. We will then 
use RAVEN and its built-in techniques—paired with the Python code—to obtain AI-generated sensitivity 
data based on additional input perturbations, thus making the data more reliable. 
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To perform a manual sensitivity analysis, we must define the sensitivity coefficient, which is a value 
that gives information on how significantly the input affects the output. A positive coefficient indicates 
that increasing the input should increase the output, and the magnitude of the coefficient tells us whether 
the input parameter has a great or a minimal effect on the output. 

The sensitivity coefficient can be calculated mathematically via many methods, the simplest being to 
divide the change in output by the change in input: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (𝑆𝑆) =  
∆𝑦𝑦
∆𝑥𝑥

 

To find the sensitivity coefficient of our inputs, we can use the following formula: 

𝑆𝑆 =  
∆ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
∆ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

 

For example, to determine the SG HTC's sensitivity to HL temperature, we can use the following 
formula: 

𝑆𝑆 =  
𝑁𝑁𝑁𝑁𝑁𝑁 𝐻𝐻𝐻𝐻𝐻𝐻 − 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐻𝐻𝐻𝐻𝐻𝐻

𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 − 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
 

For each interval along the vertical axis of the SG, the code calculates the pressure and temperature at 
that node. This means that each node has a specific spatial-based HTC value. For each node, this value 
will change when the inputs are changed, giving us new and initial HTC values usable for determining the 
sensitivity at each node. This enables us to  conduct, for different input parameters, a localized analysis of 
sensitivity along the length of the SG. 

Within the range of accepted values listed in Section 3: Parametric Study, I chose two different values 
for each input to see the resulting effect on the HTC output: 

• HL pressure input: 5% below and 5% above the baseline 

• HL temperature input: 0.2% below and 0.2% above the baseline 

• HL MFR input: 2% below and 2% above the baseline 

• CL pressure input: 1% below and 1% above the baseline 

• CL temperature input: 1% below and 1% above the baseline 

• CL MFR input: 2% below and 2% above the baseline. 

4.1.2 RAVEN-based Sensitivity Analysis 
RAVEN is a machine learning platform developed by the INL (Idaho National Laboratory) to process 

large amounts of data.  It runs a code multiple times, as decided by the user, and samples the data 
according to certain principles.  In our case, we use RAVEN to run our SG code 28 times, each time 
perturbing the inputs according to the Monte Carlo model.  This allows us to have a large data set of heat 
transfer coefficients for each perturbed input.  We can then utilize the analytic power of RAVEN to find 
the sensitivity coefficients for each input on the heat transfer coefficient.  It is important to note that the 
more perturbations that RAVEN makes, the more accurate the sensitivity data is.  When doing the 
analysis manually, it took a long time just to tweak the inputs twice, as the Python code itself is 
computationally intensive and it takes time to complete each run.  Sensitivity data after running the code 
through RAVEN 28 times is much more accurate than the manual method, as sampling is done randomly, 
and sensitivity coefficients can be averaged for overall accuracy.  This RAVEN implementation is a proof 
of concept.  With more time and more powerful computing, this RAVEN implementation can be done 
with 100 Monte Carlo samples or more – further increasing the accuracy of the sensitivity result.  In the 
following RAVEN – based sensitivity results, the range of perturbations for the Monte Carlo samples are 
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within 0.2% above and 0.2% below the original baseline inputs, to ensure that the correlations in the code 
will not break down while running in RAVEN.   

4.2 Results and Discussion 
4.2.1 Sensitivity Study of Hot Leg Inputs 

 
Figure 8. HL HTC based on pressure, temperature, and MFR input changes. 



 

13 

 
Figure 9. (Left) Effects of various HL inputs on the HTC along the SG length. 

 
Figure 10. (Right) Average HL sensitivity coefficients for each input parameter. 

The HTC for the primary side of the SG is significantly affected by the pressure, temperature, and 
MFR at the inlet. Temperature and MFR seemingly have a greater impact on the location of the maximum 
HTC. When these two parameters are increased, the maximum HTC moves closer toward the SG inlet, 
while a decrease brings the peak HTC closer to the outlet. The HTC reaction to pressure shows the 
opposite effect. As the pressure input is increased, the maximum HTC moves toward the outlet instead. 

We can also gain a better understanding of the approximate sensitivity results obtained along the 
SG length. Under all parameters, sensitivity greatly increases within the 0.4–0.9 region of the SG length. 
Within this range, the tube MFR most impacts the HTC, with the riser MFR following closely behind. 
One observation is that the inlet MFR has the greatest impact on the HTC in general, while inlet pressure 
has the least. This is seen clearly in Figure 10, which shows the average sensitivity results for each 
parameter. 
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4.2.2 Sensitivity Study of Cold Leg Inputs 
Below, we see how the CL inlet conditions affect the SG HTC profile. Compared to the HL input, 

CL pressure has a greater impact on the location of the maximum HTC. In this case, MFR and 
temperature affect the HTC across the entire SG length, not just within the 0.4–0.9 normalized 
z-coordinate bounds. The HTC magnitudes, along with the location of the maximum HTC, are both 
affected by these input changes. Another observation is that CL temperature has less impact on the HTC 
than does HL temperature, and increasing the CL MFR produces a bigger HTC increase than increasing 
the HL MFR. 
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Figure 11. CL HTC based on pressure, temperature, and MFR input changes. 
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Figure 12. (Left) Effects of various CL inputs on the HTC along the SG length 

 
Figure 13. (Right) Average CL sensitivity coefficients for each input parameter. 

The sensitivity across the SG length slightly increases for the tube MFR and tube temperature close to 
the SG inlet. The inlet parameters seemingly display a greater impact on tube conditions—as opposed to 
riser conditions—and thus impact occur globally across the SG. CL temperature has the least impact on 
both the riser and tube, with its average sensitivity on the riser HTC being negligible with respect to the 
other parameters. 
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4.2.3 RAVEN-based Sensitivity Results 

 
Figure 14. RAVEN-based sensitivity results for the HL inputs 

 
Figure 15. RAVEN-based sensitivity results for the CL inputs 

The results from the RAVEN analysis agree with the manual sensitivity study.  The range of peak 
sensitivity is between 0.4 and 0.9 normalized z-coordinate.  The values of the RAVEN-based sensitivity 
indicate that the CL pressure has a significant impact on the tube HTC, and the HL temperature on the 
riser HTC.  This differs from the manual results that show that the mass flow rate is the key influencing 
factor on the HTC.  The RAVEN based study takes 28 samples, while the manual study only takes two 
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samples.  This gives more redundancy in calculations to obtain a better result – hence implying that the 
pressure and temperature have more of an impact on HTC than previously calculated.   

4.3 Implications for SG Model Optimization 
 

5. CONCLUSIONS 
5.1 Summary of Key Findings 

HL/CL temperature, pressure, and MFR have varied effects on the SG HTC. The MFR’s impact on 
the HTC is greatest, followed by temperature and then pressure. However, the RAVEN-based results 
show that pressure and temperature also have a significant impact on the HTC, more than that of the 
MFR.  Due to the increased accuracy of the RAVEN results, as it runs the code 28 times versus 2, it 
implies that original manual sensitivity analysis of the effect of temperature and pressure on the HTC is 
slightly skewed or inaccurate. In the sensitivity analysis, the location of the maximum HTC was affected 
by increasing or decreasing certain parameters. When HL and CL pressures increase, the maximum HTC 
location moves closer to the inlet, and vice versa. However, temperature and MFR increase, the location 
of the maximum SG HTC moves closer to the inlet. Overall, the maximum sensitivity for all parameters 
falls within the 0.4–0.9 normalized z-coordinate bounds, with certain parameters (e.g., CL temperature 
and MFR) having a more global impact on HTC. The RAVEN based study ran the code 28 times, versus 
2 times for the manual analysis.  The machine learning algorithm produced a result that agreed with the 
manual analysis, and also confirmed the range of 0.4 to 0.9. 

The parametric study showed that incrementally increasing all parameters causes the maximum HTC 
to move closer to the inlet. It also affects the SG pressure profile. As the input values increase, the 
pressure profile rises, such that its intercepts increase while maintaining a similar slope. The same 
observation can be made for temperature; however, for the secondary-side temperature, the input 
parameters have little to no impact within the 0.45–0.76 region. 

5.2 Implications for SG Design and Operation 
The SG sensitivity profile shows that, within a certain range, the HTC is significantly affected by 

each input parameter. Thus, it may be deemed necessary to place more sensors in that area so sudden 
changes in HTC can be monitored closely. The maximum HTC also occurs within this range. Monitoring 
the HTC to make sure it remains within acceptable bounds is important for SG operation. The same can 
be said for temperature and pressure both of which are directly measurable. Pressure transducers and 
thermocouples can be placed in locations showing spikes in sensitivity, such as the 0.4–0.9 normalized z-
coordinate bounds. At these locations, the inlet pressure and temperature have the greatest impact on the 
HTC. 

5.3 Future Research Directions 
Going further, we can utilize RAVEN on HPC (High Power Computing).  With more time, we can 

run the code hundreds of times such that our sensitivity data is much more accurate.  We can use the 
RAVEN input file and source code to obtain more statistical information about the steam generator 
properties so that more detailed information on the behavior of the important parameters like the HTC can 
be obtained. 

 

6. REFERENCES 
1. White, F. M. (2011). Fluid Mechanics (seventh edition). McGraw-Hill. 

https://www.academia.edu/36616285/Fluid_Mechanics_seventh_edition_by_Frank_M_White. 

https://www.academia.edu/36616285/Fluid_Mechanics_seventh_edition_by_Frank_M_White


 

19 

2. Petukhov, B. S., Irvine, T. F., and Hartnett, J .P. (1970). Advances in Heat Transfer, Academic, New 
York, , 6, (1970): pp. 503-564. 

3. Lockhart, R. W. and Martinelli, R. C. (1949). “Proposed correlation of data for isothermal two-phase, 
two-component flow in pipes.” Chemical Engineering Progress, 45, no. 1 (Jan. 1949): pp. 39-48. 
http://dns2.asia.edu.tw/~ysho/YSHO-English/2000%20CE/PDF/Che%20Eng%20Pro45,%2039.pdf. 

4. Todreas, N. E. and Kazimi, M. S. (2021). “Nuclear systems volume I: Thermal hydraulic 
fundamentals.” CRC Press. 
https://scholar.google.com/scholar?q=Nuclear+systems+volume+I:+Thermal+hydraulic+fundamental
s+CRC+Press&hl=en&as_sdt=0&as_vis=1&oi=scholart. 

5. Incropera, F. P., et al. (2007). “Fundamentals of Heat and Mass Transfer, 6th Edition.” John Wiley & 
Sons. 

6. Gnielinski, V. (1976). “New equations for heat and mass transfer in turbulent pipe and channel flow.” 
International Chemical Engineering, 16, no. 2 (1976): pp. 359-368. 

7. Chen, J. C. (1966). “Correlation for boiling heat transfer to saturated fluids in convective flow.” Ind 
Eng. Chem. Process Des. Dev., 5, no. 3 (1966): pp. 322-329. https://doi.org/10.1021/i260019a023. 

http://dns2.asia.edu.tw/%7Eysho/YSHO-English/2000%20CE/PDF/Che%20Eng%20Pro45,%2039.pdf
https://scholar.google.com/scholar?q=Nuclear+systems+volume+I:+Thermal+hydraulic+fundamentals+CRC+Press&hl=en&as_sdt=0&as_vis=1&oi=scholart
https://scholar.google.com/scholar?q=Nuclear+systems+volume+I:+Thermal+hydraulic+fundamentals+CRC+Press&hl=en&as_sdt=0&as_vis=1&oi=scholart
https://doi.org/10.1021/i260019a023

	1. INTRODUCTION
	1.1 Background and Motivation
	1.2 Objectives of the Study
	1.3 Scope of the Study

	2. STEAM GENERATOR MODEL
	2.1 System Description
	2.2 Governing Equations and Correlations
	2.3 MATLAB-based Reference Heat Exchanger Model

	3. PARAMETRIC STUDY
	3.1 Methodology
	3.2 Input Parameters and Their Ranges
	3.3 Output Parameters
	3.4 One-at-a-time Approach
	3.5 Results and Discussion
	3.5.1 Influence of Input Changes on the HTC
	3.5.2 Influence of Input Changes on the SG Pressure Profile
	3.5.3 Influence of Input Changes on the SG Temperature Profile

	3.6 Identifying Critical Parameters

	4. SENSITIVITY STUDY
	4.1 Methodology
	4.1.1 Manual Sensitivity Analysis
	4.1.2 RAVEN-based Sensitivity Analysis

	4.2 Results and Discussion
	4.2.1 Sensitivity Study of Hot Leg Inputs
	4.2.2 Sensitivity Study of Cold Leg Inputs
	4.2.3 RAVEN-based Sensitivity Results

	4.3 Implications for SG Model Optimization

	5. CONCLUSIONS
	5.1 Summary of Key Findings
	5.2 Implications for SG Design and Operation
	5.3 Future Research Directions

	6. REFERENCES

