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A Neural Network-Based
Prediction Model in Embedded
Processes of Gold Wire
Bonding Structure for Stacked
Die Package
This modeling technique uses artificial neural networks to make the best processing

choices to achieve high-quality bonding of the wires used to interconnect

stacked components.

By Chin-Huang Chang and Yung-Hsiang Hung

ABSTRACT | The trend in the consumer electronics market is to

offer lighter, smaller outline, and more functional products,

especially for portable products. This trend has pushed

electronic packages to be thinner, with a lower profile and

with multiple chips in one package. When the package becomes

thinner, the space of the package correspondingly becomes an

important issue. In order to obtain higher density and thinner

package, we have to develop an embedded gold wire bonding

assembly technology. It provides a simple structure with a thick

adhesive layer to fix the upper layer die and bottom layer die

gold wire. The developed technology can use exactly the same

die size as for wire bonding interconnections without any

additional processing. All electrical connections of the upper

and the lower die are achieved by wire bonding to the

substrate, independently. We have performed this stacking

assembly by precise control of the die attach film layer

thickness and low wire loop shape.

KEYWORDS | Artificial neural networks; dicing die attach film;

die stacking; embedded process; gold wire bonding; same size

I . INTRODUCTION

In recent years, cellular phones, personal digital assistants,

and other portable devices have grown rapidly in popular-

ity, thanks to compact, thin, and light features that have

become key requirements for design. As packaging sizes

continue to decrease, the level of integration of semi-
conductor devices continues to increase both in complexity

and in number of components. Today, IC assemblers are

well suited to developing new packages. In fact, most

semiconductor IC packaging houses have developed fine-

pitch ball grid array packages using dummy silicon or

polyimide interposers. Dozens of new package styles have

been developed for specific applications.

In IC packaging patterns, gold wire package is one of
the main packaging technologies at present, handling

about 90% of the total demand. The wire bonding process

is mainly used to transmit signals among components. For

the IC package products with a high unit price, the quality

of the wire bonding process has the greatest effect on the

postprocess and the yield loss of products, handling about

40%. In recent years, portable electronic communication

products have become increasingly thinner, which makes
the IC chip package body thinner as well. Meanwhile,

demand for the stacked die package, such as chip scale

package (CSP) and some micro package technology, has

gradually matured. Thus, in designing new products, it is

necessary to develop the processing technology and the

production flow for these new products in order to satisfy

the demands of customers’ design specifications.
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Embedded gold wire technology was developed in

order to reduce the Z (vertical) dimension of the IC

package. The process flow of embedded gold wire bonding

for die-to-die stacking places the first die to substrate

using thinner die attach film. The die attach film was

laminated onto the backside of the wafer followed by the

die saw and die attach. It is called the first die attach

process. After the first die attach, the product is sent to the
wire bond station for the first wire bond. In the wire bond

process, the key dimension is to control the gold wire loop

height within 45 �m. Because the gold wire loop height is

the key quality characteristic for the embedding process,

it will affect the clearance between die-to-die bonding

Z dimension. After the first wire bond with low gold wire

loop, the following process is the second die attach. Since

the second die attach process is die-to-die attach, it is
laminated with thicker die attach film onto the backside

of the second wafer. The second die attach film should

cover the first gold wire on the first die surface. The key

quality characteristic of the second die attach process is

die attach film void. This kind of process will be repeated

four times for the four die stacked package.

There are some key parameters of embedded gold wire

bonding assembly technology for the same die size stacking
package: for example, film type, bond force, bond time, bond

temperature, and curing temperature. The key challenges of

the embedded gold wire process for the same die size die

attach are how to control the loop height during the die attach

and to control the die attach film void during the die attach.

Since there are four times of die attach and four times of

wire bond, different die attach parameters will significantly

impact the quality of this product.
This paper introduces the method for determining the

key parameters of the process to ensure the robustness of the

design of the embedded gold wire bonding structure for

stacked die package. Fig. 1 shows the structure of embedded

gold wire bonding for the four die stacked package.

II . LITERATURE REVIEW

In the processes of research and development of IC

products, widely used statistical research methods are

experimental of design (DOE) [1], response surface

methodology (RSM) [2], finite element method (FEM)

[3], [4], and Taguchi method [5]. The advantage of using

the Taguchi method lies in the reduction of both

production cost and time. It concerns minimizing the

effect of uncertainty or variation in design parameters.

However, the execution time for these types of analyses

can be on the order of hours or days for the experimental

evaluation. Indeed, most Taguchi procedures have been
applied to analyzing only linear systems, under the

assumption of the addition of individual factor effects

[6]. In recent years, artificial neural networks (ANNs)

have been used in a large number of applications and have

proven to be effective in performing complex functions in

various fields. ANNs can be structured to perform

classification [7], approximate equations [8], and predict

values [9], and they have successfully solved problems
through generalization of a limited quantity of training

data, concerning overall trends in functional relationships

[10], [11]. The widely used algorithms of ANNs in

approximate models are the back-propagation neural

networks (BPNNs) and radial basis function networks

(RBFNs). The most successful BPNN learning model until

now is the least mean square algorithm, due to its high

prediction accuracy’s having been excellently proven.
However, despite the practical success, BPNNs suffered

from increasing convergence since building an optimal

prediction model with multiple quality characteristics is

complicated by the presence of many training factors.

Training factors typically involved in building a neural

network model may include: the hidden neuron, training

tolerance, initial weight distribution, and function gradi-

ent. The most difficult problem often arises from the
nature of randomness in the initial weight distribution [12].

The other widely used algorithms of ANNs in approxi-

mate models are the RBFNs. The RBFNs use exponen-

tially decaying localized nonlinearities to construct

nonlinear approximations in a higher dimensional space.

It is a function that depends only on the radial distance

from a point and a special linear layer. The RBF network

is a popular alternative to the NNs, which can offer
advantages over the BPNN in some applications. In fact,

an RBF network can be easier to train than a BPNN

network. The RBF network has a similar form to that of

Fig. 1. Embedded gold wire bonding for four die stacked package.
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the multilayer perceptron (MLP): a multilayer, forward

network. However, unlike the MLP, the hidden units in
the RBF are different from the units in the input and

output layers: they contain the Bradial basis function,[ a

statistical transformation based on a Gaussian distribution

from which the neural network’s name is derived. Like

MLP neural networks, RBF networks are suited to

applications such as pattern discrimination and classifi-

cation, pattern recognition, interpolation, prediction and

forecasting, and process modeling. Training an RBF net is
very quick because the nonlinear part, the width and

center points, is solved by setting the parameters to some

(more or less) predefined values. The remaining problem

is linear and consequently quickly solved.

III . THE RBFN CHARACTERISTICS

The design of an RBFN in its most basic form consists of
three separate layers: input layer, hidden radial basis layer

of H1 neurons, and output linear layer of ðH2Þ neurons.

The hidden layer contains a number of RBF neurons

ðh1
1; h1

2; . . . ; h1
sÞ, and each of them represents a single

radial basis function. The output layer with linear

activation functions is ðh2
1 ; h2

2Þ. Fig. 2 shows the architec-

ture of an RBFN.

Where X is the input vector, R is the number of
elements in input vector. As such, the input layer is

extended to become: x1; x2; . . . ; xR. In general, radial basis

neurons with weight vectors quite different from the input

vector X have outputs near zero. There are many

definitions of the nonlinear function. In the RBFN model,

in particular, the output of the first layer for a feed-forward

network net can be obtained with the nonlinear activation

function as follows:

a1 ¼�NðxÞ ¼ �jx� cNj

¼ exp �
XN

j¼1

ðxj � cijÞ2

2�2
ij

" #( )
; i¼1; 2; . . . ; n: (1)

Where ai is the output of the nonlinear transformation of

the neuron i in the hidden layer, wj is the weight of the
output layer, the Cij and �ij are decoupled with the

determination of wj, and output Y ¼
P

wi�iðxÞ. Each

neuron’s weighted input is the distance between the input

vector and its weight vector, calculated with distance.

However, these small outputs have only a negligible effect

on the linear output neurons. In contrast, a radial basis

neuron with a weight vector close to the input vector X
produces a value near one. If a neuron has an output of
one, its output weights in the second layer pass their values

to the linear neurons in the second layer. Therefore, if only

one radial basis neuron had an output of one, and all others

had outputs of zeros (or very close to zero), the output of

the linear layer would be the active neuron’s output

weights. In short, if a neuron’s weight vector is a distance

of spread from the input vector, its weighted input is

spread: its net input is
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�logð0:5Þ

p
(or 0.8326); therefore,

its output is 0.5. The bias bi of the hidden layer neurons

allows the sensitivity of the neuron to be adjusted; this is

determined by

bi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�logð0:5Þ

p
�i

: (2)

As stated above, during the designing of the RBFN, it

should be ensured that bi is large enough so that the active

input regions of the radial basis neurons sufficiently

overlap, so that several radial basis neurons always have
fairly large outputs at any given moment. In fact, bi should

not be so large that each neuron is effectively responding in

the same large area of the input space. Therefore, the value

of bi greatly affects the performance of RBFN. In the

learning strategies, a supervised learning algorithm deter-

mined the centers ð�Þ, widths ðbÞ, and weights ðwÞ of the

output layer. Gradient descent algorithm can be used to

minimize the error between the actual and the desired
output over the training set. The error was measured by the

typical root mean squared error (RMSE) defined as

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
p¼1

Ps
j¼1 T

p
j � Y

p
j

� �
m� n

vuut
(3)

where n is the number of the training sample, s is the

number of neurons, and T
p
j and Y

p
j represent the desired

and calculated outputs of the jth output neuron for the

pth training sample. Besides, the training goal (RMSE

goal) also can affect the performance of the RBFN model.

Too small a goal value causes overtraining, while too big a

goal value influences the accuracy of the RBFN model, so
the training goal value has been optimized.

Fig. 2. The architecture of the RBFN.
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IV. EXPERIMENT AND
RESULT ANALYSIS

This section deals with building the experimental factors

of embedded gold wire bonding of stacked die package

through the experiments’ method and constructing two
important quality characteristics. Next, the levels of

experimental factors are normalized as the prediction

variables for a wire bonding RBF neural network

(WB_RBFNN) and the loop height and film void from

experiments are set as the output of WB_RBFNN to

construct the nonlinear network models. The five control

factors included in 30 trail experiments are film type, bond

force, bond time, bond temperature, and curing temper-

ature for the embedded gold wire bonding of a stacked die

package. From the experiment result, there are a total of

30 observations in our study. The data set contained five

Table 1 Experimental Factor and Results

Table 2 Design Parameters for BPNN and WB_RBFNN
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input variables (control factors) and two target variables.

Whichever, there are two kinds of input variable in the
data set: four continuous variables (factors B, C, D, and E)

and one nominal variable (factor A). Before training, it is

often useful to scale the input variables and targets so that

they always fall within a specified range. In the study

reported in this paper, the Table 1 data were preprocessed

with a transformation encoding; one binary coding scheme

was applied to the nominal variables. For example, the

Bfilm type[ (factor A) variable was encoded as: a binary
code Blevel H[! (�1,�1,�1), Blevel M[! (0, 0, 0), and

Blevel V[ ! (þ1, þ1, þ1) in Table 1. Next, the training

data were randomly selected from the data set, and set as

the output of WB_RBFNN to construct the nonlinear net-
work models. Here, 80% input patterns (24 observations)

are used for training and the remaining 20% observations

(six observations) are used for testing.

The WB_RBFNN simulation was performed using

MATLAB software. The system configuration of the

computer used for training both models was as follows:

operating system Windows XP; processor Intel Duo

T7500; and total physical memory 1.5 GB. The main
design parameters of the BPNN and WB_RBFNN models

are shown as Table 2.

Table 3 RBFN and BPNN Network Simulation Results

Table 4 WB_RBFNN Experiment Results Comparison
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From Table 3, RBFNs’ Error_fit average is 0.0375 and
better than BPNNs’ 0.25305. In the BPNN, it was observed

that sixth trail was overfitting. Generally speaking, RBFN

performed better than BPNN, so this study uses RBFNs’

seventh trail as the WB_RBFNN forecast model. Table 4

shows the comparison for conform experiment results and

WB_RBFNN prediction results.

V. CONCLUSION

This paper applies ANNs to discover the production

combination of production levels for control factors of

embedded gold wire bonding assembly technology for the
same die size stacking package. Based on this ANN model,

it becomes easy to forecast the quality output by using

different kinds of parameter combinations. This model

also can be applied to the design stage of new products to

foresee the design quality. h
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