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Abstract— This article proposes a computational fluid dynam-
ics (CFD)-based machine learning (ML) model to set the tem-
perature of a convection reflow oven and control conveyor speed.
Due to the thermal mass variation of printed circuit boards
(PCBs) and surface mount components, the reflow recipe should
be specified for each PCB assembly individually. Instead of
relying on process engineers’ skills and experience, the ML model
supported by heat transfer mechanisms provides a clear and
logical path in the reflow recipe setup. An ideal recipe should let
the largest component reach the minimum reflow temperature;
meanwhile, the temperature cannot damage the small or heat-
sensitive components. To simulate the reflow soldering process,
the CFD model was used after being validated with experiment
results. A system was programmed to feed the output of the
CFD model as the input to the ML model. Benefiting from the
interpolation and fast response brought by ML models, we can
rapidly obtain the results subjected to millions of recipes, which
are the combination of preset temperatures of all the heating
zones and the conveyor speed in the oven. Using a weighting filter
function, the optimal recipe can be obtained. This methodology
is especially beneficial to reflowing smaller batches of complex
PCB assemblies with a big heat capacity.

Index Terms— Computational fluid dynamics (CFD), reflow
soldering, regression model, surface-mount technology (SMT).

I. INTRODUCTION

EFLOW soldering is the process to assemble elec-

tronic components onto printed circuit boards (PCBs) by
reflowing solder paste to form robust joints. Reflow profiling
is to measure the temperatures of several points on the board
to determine whether the process is in control or not [1].
Insufficient heating and overheating can result in solder defects
(e.g., skewing, bridging, voiding, and insufficient wetting) and
device reliability issues [2], [3]. Because of the thermal mass
variation of PCB and surface-mount components, the reflow
recipe should be specified for each PCB assembly individually.
An ideal recipe should let the largest component reach the
minimum reflow temperature; meanwhile, the temperature
cannot damage the small or heat-sensitive components [1], [4].

Manuscript received 26 September 2022; revised 5 January 2023; accepted
19 January 2023. Date of publication 23 January 2023; date of current
version 15 February 2023. Recommended for publication by Associate Editor
X. Fan upon evaluation of reviewers’ comments. (Corresponding author:
Yangyang Lai.)

The authors are with the Department of Mechanical Engineering, State
University of New York at Binghamton, Binghamton, NY 13850 USA
(e-mail: ylai9 @binghamton.edu).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TCPMT.2023.3239304.

Digital Object Identifier 10.1109/TCPMT.2023.3239304

If the cold spot and hot spot are controlled, the temperatures
across the board can be within a safe range, which is the reflow
profile band.

Though vapor phase soldering is an ideal technology for
assemblies with a large variety of thermal mass, its high
running cost and low throughput make the convection oven
always the first choice in large-scale production [5], [6], [7].
For decades, reflow profiling is based on process engineers’
skills and experience. The objective of this work is to pro-
vide a clear and logical approach to establishing reflow
recipes, especially for the board assembly with thick PCB
and bulky components. Compared with tedious trial and error,
this approach significantly decreases labor costs and time
consumption. By changing the criteria of the data rater, the
model can provide several reflow recipes at varied conveyor
speeds, which is quite helpful when balancing the throughput
and thermomechanical reliability of the bulky component.

Numerical methods, such as computational fluid dynamics
(CFD) models, are widely used to optimize the reflow sol-
dering [8], [9]. Shao et al. [10] employed the CFD model to
obtain the temperature distribution of the 2.5-D package and
mapped it to a thermomechanical model to predict package
deformation. Lai et al. [11], [12] used the CFD model to
compare the temperatures of solder joints of packages with
different thermal masses in the reflow process. Deng et al. [13]
predicted the temperature of a system in package assembly
using CFD modelsClick or tap here to enter text. Lau and
Abdullah [14] conducted the thermal analysis for PCB assem-
bly using CFD models to obtain temperatures of solder balls
during the reflow process.

In this work, the solder joint temperatures of the component
with the greatest thermal mass were simulated using the CFD
model. The solder ball at the center of a ball grid array (BGA)
is regarded as the cold spot across the board. The surface
temperature of PCB is the hot spot, which is followed by
the temperatures of small-size components. The CFD model
was validated using the results of measurements. To ensure
that the reflow profiles of both extreme spots were within the
safe band, trial and error is required to find the appropriate
boundary conditions, which are the temperatures of all the
heating zones and the conveyor speed. The number of zones in
the reflow oven determines the complexity of the combination
of boundary conditions. To ease the computation cost, the
machine learning (ML) model informed by the CFD model
is employed to predict the reflow profiles.
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Fig. 1. Reflow profiles of extreme limits.

Machine learning models have been widely used in surface-
mount technology (SMT) assembly, such as solder paste print-
ing, component placement, and reflow soldering. Zhancheng
et al. [15] used a support vector machine (SVM) model to
predict the real process temperatures at several points of the
PCBClick or tap here to enter text. Tsai [16] proposed a
neuro-computing approach to study the second side reflow
profiles of PCB assemblies. Lam [17] proposed a noncontact
approach to predict the temperature distribution of PCB during
the reflow process. Li et al. [18] developed an artificial neural
network to predict the reflow profile of the PCB surface, which
achieved the 97.2% accuracy.

The ML model used in this study is trained by the data
exported from the CFD model. By replacing repetitive parts of
the CFD model with an efficient ML model, the boundary con-
ditions corresponding to the ideal reflow profile can be rapidly
obtained in reverse. The heat transform problem is transformed
into several regression models. The model inputs are preset
temperatures of the reflow oven, conveyor speed, and physical
information of the critical component. The outputs are peak
temperatures and time above liquidus (TAL), which are used
for reflow profile evaluation. Because of the rapid response of
ML models, millions of results corresponding to the varied
reflow recipes can be gotten in seconds. By filtering and
sorting as per the industrial standard, the optimal reflow recipe
can be obtained. This approach is not intended to replace the
experiment using the profiling board but to decrease the cost
of trial and error.

II. INTERPRETATION OF REFLOW PROFILE

When a large thermal mass differential exists on a board,
it is difficult to maintain a uniform temperature distribution
across the board. The objective of reflow profiling is to keep all
profiles within the safe band by limiting extreme conditions.
As shown in Fig. 1, PCB surface temperature, which is the
upper limit profile, is determined by the heat capacity of the
PCB. The temperature of the solder ball between the PCB
and the BGA component, which is the lower limit profile,
is determined not only by PCB but also by the component
with the greatest thermal mass.

As shown in Fig. 2, the temperature profiles of five PCBs
with varied thicknesses were collected. The peak temperatures
of the five PCBs subjected to the identical reflow recipe vary
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Fig. 2. Reflow profiles of PCB with varied thicknesses.
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Fig. 4. Schematic of the reflow oven.

from 207 °C to 240 °C. Though the specific heat of PCBs
is unknown, their thicknesses can reflect their thermal mass.
The board’s temperature is affected significantly by its thermal
mass.

As shown in Fig. 3, the reflow profiles of a component
(solder ball) on PCBs with varied thicknesses were simulated
using the CFD model, which is introduced in Section III. The
gaps between PCB surface temperature and solder ball temper-
ature are almost identical. The peak temperature differences of
a PCB surface and solder ball are all in the range of 16 °C-19
°C. This observation verifies the opinion that once the upper
limit is fixed, the gap between upper and lower limit profiles is
determined by the component with the biggest thermal mass.

III. CFD MODEL DEVELOPMENT AND VALIDATION
A. Field Measurement

As shown in Fig. 4, a seven-zone reflow oven is used in
this work. The temperature in each zone can be independently
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TABLE I
TEMPERATURE SETTING

Zone 1 2 3 4 5 6 7
T (°C) 105 |125 [150 |175 |220 [270 |280

TABLE II
CONVEYOR SPEED

Conveyor speed (cm/min) 45 35 25
Heating time (second) 271 341

PCB with flip-chip lidded BGA package.

Fig. 5.
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PCB Die
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Fig. 6. Schematic of the BGA package.

controlled with the closed-loop control system [19]. The PCB
assembly is transported through each heating zone and cooled
in the cooling zone before exiting the oven. The temperature
of each zone was preset according to Table I. The ramp rate
(room temperature to peak temperature) is associated with
conveyor speed. Considering the boundary independence for
the CFD model validation, measurements were conducted at
three conveyor speeds, as shown in Table II.

The PCB assembly used is shown in Fig. 5. K-type ther-
mocouples were embedded on the top side of the PCB to
monitor the board surface temperature. Other thermocouples
were attached to the pads through drilled holes to monitor
the temperatures of solder joints. Solder material absorbs and
releases latent heat during the reflow process and influences
the shape of the reflow profile at the melting point. Thus, the
plateau on the profile at around 217 °C can prove that the
solder temperature is captured successfully. MEGA M.O.L.E.
thermal profiler was used to collect transient data during the
reflow process. The accuracy of the profiler is £1 °C.

B. CFD Model

The structure of the BGA package is shown in Fig. 6.
The dimension of every part inside the package is listed in

TABLE III

DIMENSIONS OF THE BGA PACKAGE
Material Dimensions (mm)
PCB 140x90x 3.1
Integrated Heat Spreader (IHS) | 47.5x47.5x1.43
Solder joint Height: 0.45, Pitch: 1.0
Die 35x25x0.8
Substrate 47.5x47.5x1.9

Fig. 7. Schematic of the CFD model.

TABLE IV
MATERIAL PROPERTIES OF AIR

Property Polynomial equations of temperature, T (K)
(W/I;‘K) K =6.79E-05T+ 5.51E-03

(J/l?g?l() Cp =4.00E-04T2 - 2.06E-01T + 1.03E+03
(kg7m3) p =4.99E-06T2 - 6.33E-03T + 2.61E+00

Table III. Small features, such as leads, thermal interface mate-
rial, via, and underfill, are not included in this compact model
because computing such a detailed model is not practical in a
board-level simulation [20], [21], [22], [23], [24].

As shown in Fig. 7, the quarter symmetric geometry was
molded in ANSYS-FLUENT. To achieve more efficient per-
formance, polyhedral meshing was selected instead of other
meshing methods, such as tetrahedral or hybrid meshes. The
transient solver was used with K-epsilon turbulence and SIM-
PLE pressure—velocity coupling mode. Meshing size indepen-
dence of the CFD model was considered for the solid and fluid
portions. Finer mesh granules were used until stable results
were achieved. Meanwhile, the transient residual error was
kept 10~ below as the convergence criterion. To compare
the model stability with varied element amounts, the peak
temperature of the solder joints was used in the comparison.
The element amount was finalized to 136 011. This is only for
the model used in validation; the element amount will change
to some extent after changing the package geometry for the
later work.

The thermal properties of air were set in polynomial
equations of temperature, as shown in Table IV [25], [26].
SAC305 solder joints are the interconnection between the
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TABLE V
MATERIAL PROPERTIES OF THE BGA PACKAGE
Material K (WmK) | Cp(kgK) D (kg/m3)
Silicon 98.4 721 2300
PCB 0.5 1405 2252
Solder 58 232 7380
Substrate 0.2 920 1700
Copper 392 387 8940
4 tf'____! -Aluminum
/ Fiberglass
/ ~
Thermocouple
V G \ y N
Fig. 8. Aluminum boards with thermocouples.
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Fig. 9. Measurement results of upper and lower inlets.

component and PCB. Because the solder paste experiences
phase transformations, the latent heat is considered in the
simulation. The pure solvent melting heat of SAC 305 is
53.08 J/g [27]. Solidus and liquidus temperatures of the solder
are 217 °C and 220 °C, respectively. The material properties
of other materials are listed in Table V [28], [29].

Because of the different airflow at upper and lower inlets,
their boundary conditions should be set individually. Two
pieces of aluminum boards with thermocouples were used to
collect the measurement data, as shown in Fig. 8. Because
of the better thermal conductivity, the aluminum boards can
collect data with more accuracy and less deviation compared
with the organic board. To make sure that each aluminum
board receives energy unidirectionally, fiberglass was used to
insulate them from each other. As shown in Fig. 9, the energy
delivered from the top is much more than from the bottom
because of the specification difference between the blowers
and oven structures on the two sides.

C. Model Validation

The temperatures of the PCB surface and solder joint at
the center of the BGA were used to tune the CFD model.
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Fig. 10. Reflow profiles at three conveyor speeds.

TABLE VI
SIMULATION RESULTS VERSUS MEASUREMENT RESULTS

Difference Error
2.35°C 1%

1.1 second | 0.71%
1.606 °C 0.67%
0.5 second | 0.60%

Parameter
Board peak temperature
Board Time above liquidus
Solder Peak temperature
Solder Time above liquidus

TABLE VII
INPUT FACTORS

Package dimensions
Substrate thickness
1.9 mm
0.9 mm

PCB thickness
3 mm
2 mm

Die thickness
0.8 mm
0.4 mm

1 mm

Reflow recipe
Zone 6 Zone 7
260 °C 280 °C
270 °C 290 °C
280 °C 300 °C

Zone 4
180 °C
210 °C
240 °C

Zone 5
220 °C
250 °C
270 °C

conveyor speed
25 cm/min
35 cm/min
45 cm/min

Considering the boundary condition independence, the CFD
model was correlated with three sets of measurement results,
as shown in Fig. 10. The peak temperature and TAL of
measurement results were used to compare with the simulation
results, as shown in Table VI. The error of four parameters
shows that the CFD model is compatible with the measurement
results. The errors are within 1%. Hence, the CFD model can
simulate the reflow process.

IV. MACHINE LEARNING MODEL
A. Python-Fluent Coupling System

To automatically generate the training data for the
ML model, a system was programmed to couple the
ANSYS-FLUENT with a Python session.

To relieve the training data demand, the preset temperatures
of zones 1-3 were not selected as input factors and fixed at
105 °C, 125 °C, and 145 °C, respectively. The more toward
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Script Files Python-Fluent Coupling System }j
Input Output Y1 Y2 Y3 Ya
X1 X2+ X7 Xs Xo X0 Xn
Zone Conveyor  Dimensions of Parameter Board =~ Solder  Solder ~Board
Temperature  speed PCB, Die, Substrate T_peak T_peak TAL TAL
I |
iTramfng
Machine learning mode!| | prediction
. ﬁ
X1X2:+X7  Xs X9 X10+++ X0 Output \'Z \'Z Y3 Ya
L | —
Zone Conveyor  Dimensions of Board Solder Solder Board
Temperature  speed PCB, Die, Substrate Parameter T peak T peak TAL TAL
100, 210 30 The infomation
102 212 32 . Results subjected to
. . . of the biggest o .
: : : millions of reflow recipes
120 300 45 component
Ranking list of reflow recipes 4—— Data Rater
Fig. 11. Flowchart of model training and prediction.
the front the zone is, the less influence it has on the reflow TABLE VIII
profile. In this study, the temperatures of zones 4—7 and IMPACT INDEX
conveyor speed were set as the input factors. ThF:re are three Tmpact index Parametor Effoct
candidate values for each input factor, as shown in Table VII. L oeak
Package assemblies have three dimensions, of course, but I Board peak temperature Risk for small
we considered only the thickness because the dominant heat L Board TAL components
transfer during reflow occurs vertically. From the equation of I3 Conveyor speed Efficiency

heat transfer rate

0 = UAAT (1)

where Q is the heat transfer (W), U is the overall heat transfer
coefficient (W/m?K), A is the wall area (m?), and AT is the
temperature difference over wall (°C).

Equation (1), which governs the heat transfer rate, shows
that width and length are important, but we ignored them
to limit the amount of needed training data. For each model
geometry, the scripts with 243 sets of boundary conditions
were generated and imported into fluent sequentially.

The flowchart of the model training and prediction process
is shown in Fig. 11. The peak temperature and TAL of the PCB
surface and solder joint were extracted from the simulated
results as the output factors. The peak temperature and TAL on
the board surface, which occurs at the hot spot, are controlled
to prevent overheating small and heat-sensitive components.
The peak temperature and TAL of the solder joint are used to
make sure that the cold spot reaches the minimum temperature
that allows a successful reflow of all the solder balls.

B. ML Model Training

A Gaussian process regression model is used in this applica-
tion. With fivefold cross validation, the root-mean-square error
(RMSE) of Y; and Y, is below 0.38, and the RMSE of Y3 and
Y, reach an error below 1.6. Because the training data are from
a simulation without interference noise, a good performance
is not surprising.

In the prediction process, once the dimensions of the biggest
component and PCB are given to ML models, the outputs
subjected to millions of recipes can be obtained in seconds.

C. Optimal Recipe

A data rater was programmed to eliminate, sort, and rank the
output results and export the best three sets of reflow recipes.
Unqualified data are eliminated based on two criteria. The peak
temperature of the central solder (Y;) should reach 230 °C, and
its TAL (Y4) should reach 60 s [30]. This step ensures that the
minimum reflow temperature is reached in the cold spot, which
is at the center of the biggest component. The threshold values
of Y| and Y4 are from solder paste companies, component
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Fig. 12. Flowchart of model application.
TABLE IX
RESULTS OF INITIAL SETUP AND ADJUSTMENT
Recipe Zone 4 | Zone 5 | Zone 6 | Zone 7 | Conveyor speed Peak temperature (°C) TAL (second)
O O O O H
(°C) (°C) (°C) (°C) (cm/min) Board Solder Solder Board
243 230 78 49 Prediction
One 217 226 250 260 32 240 225 86 44 Measurement
3 (1.3%) 5(2.2%) 8(9.3%) | 5(11.4%) Error
246 235 100 69 Prediction
Two 217 244 258 260 32 242 231 101 73 Measurement
4 (1.7%) 4 (1.7%) 1 (1.0%) 4(5.5%) Error
246 237 111 79 Prediction
Three 220 250 254 258 30 244 233 130 92 Measurement
2 (1.0%) 4(1.7%) | 15(1.3%) | 14(1.3%) Error

suppliers, and the JEDEC standard. After that, the remaining
data are sorted by the peak temperature and TAL of the board
(Y, and Y3) in ascending order. P, and P, are the orders of the
sorted data. This step controls the board surface temperature,
which is related to the small, heat-sensitive components. Ps,
the order of data sorted by the conveyor speed, is used to
denote the throughput. The weight function method is used
to rate each set of recipes. Impact indexes I;—I3 denote the
weight of each parameter (P;_3), as shown in Table VIII. The
optimal recipes were ranked by the score calculated by the
following weight function:

Score = I} x Pi+1, x P, + I3 x Ps. )

Because of the deviation among ML models, CFD model,
and experiment, it is recommended to output three sets of
recipes by changing the criteria for Y} and Y4. Once the
difference between measurement and prediction is met, the
two backup options can be used for fine-tuning.

It is needed to emphasize that there is no perfect profile.
The solder paste specifications allow quite a large process
window, which are the two criteria used in data elimination.
After meeting the basic criteria, the optimal recipe can be
customized using the three impact index. The conveyor speed

(I3) can be given more weight if throughput is prioritized over
the others. If the component supplier gives a strict requirement
regarding temperature, then /; should be given more weight.

V. APPLICATION USING THE ML MODEL
A. Flowchart of the Model Application

The flowchart in Fig. 12 shows how to apply the ML model
to new PCB assemblies. Once a new PCB assembly is given,
pick out the component with the biggest thermal mass. After
inputting the dimensions of the biggest component and PCB
into the model, the results subjected from millions of recipes
are output rapidly. Based on the criteria given, the model
can output three sets of optimal recipes for the initial oven
setup. If the measurement based on recipe #1 is acceptable,
the job is completed. If the difference between the first run
measurement and the prediction is a small error, which is
caused by the deviations between the ML model, CFD model,
and experiment, it is recommended to try recipe #2 or #3 as
the fine-tuning process. In some cases, the error is out of the
reasonable range. The biggest errors are always caused by the
incorrect material properties of composite materials such as
substrate or PCB. Based on the first run measurement, the
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thermal mass of PCB or substrate should be adjusted, and the
model will regenerate new optimal recipes. This problem can
be improved once we use the ML model more.

B. Results of the Model Validation

The results of the prediction and measurement of the PCB
assembly based on the ML model are shown in Table IX.
First, the oven was set as per recipe #1. The measured peak
temperature of the solder joint did not reach 230 °C, which
is the bottom line of solder joints. Therefore, recipe #2 was
selected for the fine-tuning process. Then, all the parameters,
including peak temperature and TAL of solder joints and board
surface, are within the acceptable range. The ramp rate is 0.63
°C/s, which is higher than the bottom line, 0.5 °C/s. The hottest
temperature that the oven reached was 260 °C, which is a very
safe setting.

The error of peak temperature is below 2.5%. The TAL
error reaches 15% because the thermocouples used to measure
the solder temperature were embedded below the copper pad,
not directly in contact with the solder joints. Also, the solder
temperature stays around the melting point for a long time
because of the latent heat effect. Thus, small temperature tol-
erance can generate a bigger error concerning time. However,
the TAL error is still acceptable because of the large process
window of TAL, 30-120 s.

VI. CONCLUSION

This article proposes a novel approach to establishing reflow
recipes, especially for the board assembly with thick PCB and
bulky components. The CFD model used to simulate the reflow
process was validated using field measurement data. A system
was programmed to generate 2916 sets of simulation results
with varied boundary conditions and model geometries. The
outputs of the CFD model were continually fed to the ML
model as the training data. A Gaussian process regression
model was used for prediction and its RMSE was below 1.6.

Benefiting from the interpolation and fast response brought
by ML models, the optimal recipe was obtained within two
measurements, which took less than half an hour. Com-
pared with tedious trial and error, this approach significantly
decreases labor costs and time consumption. By changing the
criteria of the data rater, the ML model can provide several
sets of reflow recipes at varied conveyor speeds, which is quite
helpful when balancing the throughput and thermomechanical
reliability of the bulky component. This approach is not
intended to replace the experiment using the profiling board
but to decrease the cost of trial and error.

In this study, we only focus on the lidded BGA package,
which is the most typical packaging type for bulky compo-
nents. This model cannot serve the other types of packages,
such as bare die packages and molded packages. Additional
models are needed for other types of packages individually,
which is the constraint of this approach. In the meanwhile,
there has been a rise in the popularity of breaking down
large monolithic die into chiplets in a single module, so the
package’s internal structures vary from each other. A more

universal model will be developed to address the heteroge-
neously integrated packages. How to balance the compactness,
universality, and accuracy of the model is the future work of
this study.
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