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Abstract
The growing complexity of integrated circuits (ICs) brings expensive manufacturing test cost. Adaptive testing becomes an 
important way to save test cost by predicting die quality to reduce the actual test content. However, reducing test items often 
results in unacceptable levels of test quality degradation. An adaptive testing method is proposed in the paper to reduce test 
cost while guaranteeing test quality. Two quality predictors are trained with a subset of test items and spatial information for 
subsequent decisions. The dies are clustered according to the prediction results, and the clustering results are graded. The 
distribution of the different grade classes determines the die quality of each grade. Experimental results using fabricated 
wafers and the associated test data show that the proposed method reduces more than 42% of test items, and can achieve 
better test quality, reducing test escapes and yield losses by more than 90% in the Circuit Probing test (CP).

Keywords  Adaptive testing · Machine learning · Test correlation · Test cost reduction · Test quality

1  Introduction

Due to the increasing quality expectations of IC testing, 
efficient testing has become crucial towards meeting the 
stringent requirements of the market [1]. Test cost limits the 
time available to test each chip. How to reduce the cost of IC 

testing under the premise of ensuring test quality has always 
been an issue of concern.

The parametric test is mainly based on measuring whether 
the circuit performances meet the specifications guaranteed 
by the manufacturer. It ensures good test quality but requires 
a longer test time, resulting in high testing cost [2]. Measur-
ing the full test set during production test is redundant and 
results in unacceptably long test times [3]. To address this, 
test content is customized for each die under test during pro-
duction to achieve a significantly better test time/test quality 
trade-off. By accepting a small number of test escapes and 
reducing the test set, considerable test cost reductions can 
be achieved [4].

To achieve low-cost and high-quality testing, adaptive 
testing has been proposed. It can predict die quality by min-
ing test data, which uses partial test information to predict 
whether a die will pass a complete test. The standard test 
applies all the test items sequentially according to the test 
set, and if all items pass, the product is deemed good, oth-
erwise, it fails [5]. Adaptive testing leverages prediction 
results to adjust test content, test sequence and test thresh-
olds, thereby reducing test time and enhancing test quality. 
By exploring the trade-off between removing test items and 
prediction accuracy, production costs can be reduced with-
out compromising quality testing accuracy. In the best-case 
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scenario, adaptive test simulation would significantly reduce 
test time without affecting test quality [6].

Loosening test specifications can cause test quality 
issues. For instance, although reducing test content can save 
the subsequent expensive test, incorrect prediction results 
can lead to a more significant loss of revenue [7, 8]. Since 
adaptive testing relies on the results of partial test items to 
predict product quality, there is a risk of degradation in test 
quality. The trade-off between prediction accuracy and test 
cost becomes an important consideration. Test quality is 
measured in terms of yield losses and test escapes, as shown 
in Fig. 1. The over or under testing and test equipment per-
formance can lead to yield losses and test escapes. Test qual-
ity degradation from adaptive testing prediction errors is 
similar to actual testing. A good product is predicted to fail, 
resulting in yield losses, and when a bad product is predicted 
to pass brings about test escapes.

Adaptive testing primarily uses the test data correlations 
to predict die quality. In wafer testing, the common correla-
tions are test item correlations and spatial correlations, with 
extensive research dedicated to these areas. Test item cor-
relations occur because strongly correlated tests are highly 
likely to result consistent test conclusions, resulting in cor-
related performance in the test data. For example, a resistive 
open or short defect may show a highly consistent trend in 
the measured values of DC current and voltage parameter 
tests. Y. Makris et al. [9] established the strong correlation 
between the test criteria and the performance parameters 
of the circuit by the neural classifier for analog circuits. 
H. El Badawi et al. [2] explored the trade-off between test 
quality and test cost and proposed a two-tier test process. 
Krishnendu Chakrabarty et al. [10] from Duke University 
proposed a transfer learning algorithm to construct Bayesian 
network models to extract strong relationships among tests. 
C. -Y. Hsieh et al. [11] used deep learning, and Liu M et al. 
[12] utilized deep learning and online incremental learning 
techniques, respectively, to process real test data in a mass 
production environment.

Since adjacent dies in a wafer are fabricated in a similar 
environment in semiconductor manufacturing, spatial corre-
lations become a common data characteristic in wafer-level 
testing. During fabrication, process variations in space are 
similar between adjacent dies [13]. M. Li et al. [14] and Y. 
Makris et al. [15] predicted die quality by the density of the 
faulty die distribution in the region, and M. Eiki et al. [16] 
by building a novel wafer-level spatial correlation model. N. 
Chen et al. [17] predicted the variation of the die parameter 
response by capturing the spatial correlations. R. Jia et al. 
[18] proposed the LOF-KNN algorithm to detect whether 
the wafers are local outliers.

Isolated statistical data analysis may miss significant 
intra-process/test correlations. The predictor accuracy based 
on spatial correlations is greatly affected by the distribution 
of faulty dies in the wafer, especially in the region of sud-
den change quality change. Test item correlations can help 
to identify dies with unpredictable spatial information [19]. 
Combining wafer-level spatial correlations and test item 
correlations can train a predictor that performs better than 
training with only one correlation information. Recently, 
the method of identifying die quality by multi-correlation 
analysis has been gradually studied. X. Wang et al. [20] pro-
posed a screening method to reduce chip test escapes using 
a multi-correlation analysis of parameters. Y. Makris et al. 
[1] independently assessed the validity of two types of tests 
through a machine learning approach. Currently, the major-
ity of methods use a single predictor to assess die quality, 
with fewer methods combining test items and spatial infor-
mation. Utilizing multiple predictors to determine whether 
a die passes the test is more complex, but can moderate test 
ambiguity to provide lower test escapes and yield losses. The 
different predictive information also complicates identifying 
whether the dies pass the test. The combination of intra-
die and inter-die models to reduce test cost is described in 
references [13] and [19], but there are shortcomings. Both 
methods reduce test items that can be predicted by linear 
combinations of other tests [21, 22], but are not effective 
in reducing test items that are nonlinearly correlated. On 
the other hand, these methods rely on several assumptions 
that are generally applicable in practice. For instance, if the 
assumption of sparsity is not valid for the ground truth of a 
certain test item, finding a sparse solution will not be suf-
ficient to recover the spatial pattern of the test item [23, 24]. 
Reference [13] uses test data from neighboring wafers for 
training spatial models. The systematic spatial variation may 
exhibit a radial shift across wafers [25], and there is a risk 
that cross-wafer information acquisition is not adapted to the 
wafer under test. Furthermore, reference [19] requires high 
computational costs, and the algorithms must be run in real 
time during the testing process [26].

To address the aforementioned problems, we propose 
an adaptive test flow for the parameter testing in the CP Fig. 1   Test escapes and yield losses
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stage. Two high-accuracy predictors are trained with the 
test items and wafer local space features for predicting die 
quality. By leveraging the complementary performance of 
these two predictors, the negative effects of abrupt quality 
change regions on the wafer can be mitigated. Additionally, a 
based on the DBSCAN (Density-Based Spatial Clustering of 
Applications with Noise) classification by grade method is 
proposed to resolve decision conflicts between the two pre-
dictors. The dies are graded based on quality and screened 
for failures. The proposed method effectively reduces test 
costs while maintaining test quality.

The rest of the paper is organized as follows: Section 
II provides an overview of the key techniques required for 
adaptive testing. Section III describes the proposed dual-
predictor collaborative adaptive testing flow. Section IV 
introduces the results of applying the proposed method to a 
real production test. Section V concludes the paper.

2 � Preliminary

2.1 � Feature Selection

After test data is collected, feature selection is required to 
choose a small set of important test items from a standard 
test set as the basis for training predictor. This is because 
even though all test items in CP are carefully designed 
to detect die failures, a large portion of test items are not 
informative for the purpose of quality prediction [13]. While 
unprocessed test data provides a wealth of information, it 
can also present the "curse of dimensionality", the law that 
exponentially increases data sparsity by adding dimensions. 
This data sparsity can lead to learning algorithms with high-
variance classification boundaries and poor generalization 
capability. The complexity of the problem grows exponen-
tially with the number of dimensions. Feature selection 
improves classification accuracy by providing a subset of 
relevant features that best describe the dataset, while reduc-
ing predictor complexity and helping to prevent overfitting 
[27]. The goal of the predictor is to achieve good prediction 
quality, which can be measured by some loss functions on 
the constructed predictor.

2.2 � Random Forest Predictor

Quality prediction is the key to adaptive testing, using the 
results of partial test items or test information from neighbor-
ing dies is used to train a quality predictor [28]. If the predic-
tion result is good, the subsequent test items can be omitted; 
if the prediction result is bad, the dies are discarded directly. 
Some of the supervised learning methods that have worked 
well in the industry include random forest (RF), principal com-
ponent regression (PCR), support vector machines (SVM), and 
so on. The random forest has become popular among them 
due to its best-of-class performance combined with its relative 
simplicity, an ensemble predictor consisting of multiple weak 
classifiers (decision trees) [29]. RF can effectively analyze 
datasets with a large number of samples and datasets with high 
dimensionality (each sample has a large number of variables) 
and can provide analysis about how similar the samples are to 
each other, which is useful in clustering and outlier identifica-
tion. The flow of how random forest is applied to adaptive test-
ing is shown in Fig. 2. Randomly selected some dies from the 
wafers are used as the training set to train the predictor, and the 
remaining dies are used as the test set. The test item responses 
and spatial locations of the training set can be used as features 
of the training predictor, and die quality information (pass/
fail) as labels. The predictor can output the prediction quality 
of the test set by simply inputting information about the test 
set features.

2.3 � Bad Neighbor Ratio

Bad neighbor ratio (BNR) indicates the percentage of bad dies 
in a region. As shown in Fig. 3, different colors represent dif-
ferent qualities of dies. Due to the similar process manufactur-
ing environment, the quality of the dies in close proximity in 
the wafer tends to be consistent, and this feature can be used 
to predict the quality of the dies at the center.

The BNR is calculated as follows:

where BNRij denotes the BNR value of the die in row i and 
column j, and yab denotes the surrounding die quality (0 for 

(1)
BNRij = 1 −

1

n

∑
yab

i − 1 ≤ a ≤ i + 1, j − 1 ≤ b ≤ j + 1

Fig. 2   Random forest predictor 
flow
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failure, 1 for pass), and n denotes the number of surrounding 
available dies. The relationship between BNR and die pass-
ing test probability was obtained after counting 2,946,004 
dies in the reference [8], where Pnegative means the probabil-
ity of a chip failing the test for the corresponding value of 
BNR. As shown in Table 1, the larger the BNR, the higher 
the probability that the die in the central region is failed.

2.4 � Multi‑predictor Collaborative Decision

The collaborative decision combines the results of multiple 
predictors to get a better quality result, which can reduce the 
risk of mis-selection and the possibility of the predictor falling 
into local traps, with higher accuracy and robustness. A single 
predictor is often mis-selected due to an oversized assumption 
space, which leads to degraded generalization capability. The 
common collaborative decision methods are weighted aver-
age score, voting method and learning method, among which 
learning method is widely used because it can be applied to 
many data types and can obtain better quality results.

3 � Proposed Adaptive Testing Framework

The flow of the proposed method is shown in Fig. 4 and 
divided into the following three steps: 1. Training Single Pre-
dictor, 2. Dual-Predictor Collaborative Decision, 3. Test Selec-
tion. The adaptation of the proposed method is reflected in 
two aspects. 1. The wafer quality predictor is trained from the 
die test data in the respective wafer, which are more adaptable 
to reflect the wafers quality. It prevents differences between 
wafers from degrading the trained predictor performance. 2. 
The results of the predictor adjust the test content. For the dies 
with ambiguous predictor judgments, they can be retested, and 
the remaining dies can finish the test.

3.1 � Training Single Predictor

(1) Training Test Item Predictor: The test item response is 
an important basis for reflecting die quality, and using it to 
train a die quality predictor can accurately distinguish most 
die qualities. However, not all test items are useful for train-
ing the predictor, and the test set needs to be filtered. The 
approach of predicting die quality with a partial test set gives 
an opportunity to save test cost.

A random sample of dies in a wafer is measured with 
a standard test set (apply all test items), and the resulting 
standard test data is used to train a quality predictor. In this 
paper, all test items are filtered using the Recursive Fea-
ture Elimination Cross Validation (RFECV) algorithm. The 
RFECV algorithm consists of two phases to implement test 
item selection. In the first phase, recursive feature elimina-
tion is performed to rate the importance of the test items. 
The sampled dies are categorized into training set and test 
sets. The test items in the test set are deleted sequentially, 
one test item at a time. The remaining test items are used as 
inputs to the Random Forest algorithm to train the quality 
predictor. A quality predictor is trained by removing one 
test item in each round. When the predictor has the highest 
accuracy, it means that the deleted test item has the least 
impact, so the lower the importance ranking. In the second 
phase, cross validation (CV) is performed to select the opti-
mal number of test items. The dies are categorized multiple 

Fig. 3   Wafer quality map

Table 1   Probability of die failure in different BNR intervals

BNR 0%-20% 20%-40% 40%-60% 60%-80% 80%-100%

Pnegative 0.63% 16.03% 51.12% 68.87% 95.24%

Test data

Test item 
features

Predictor 1

Spatial 
features

Predictor  2

Quality distribution

Classified by grade

Random Forest

SpaceTest Item 

Collaborative Decision

Stop 
Test

Standard 
Test

Partial Test

Test Selection

Fig. 4   The proposed adaptive testing flow
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times and the first phase of the test item importance ranking 
is repeated. Determine the number of feature test items when 
the predictor accuracy is highest.

The selected test items are used as features, and the binary 
pass/fail results of the CP are used as labels (the pass dies set 
to 1, and failed dies set to 0). The random-forest algorithm 
is used to learn from the combination of the features and 
the labels, and it trains a quality predictor. Each test item is 
considered as a node. Based on the sampled test data, the 
probability of a die passing the test is calculated for different 
test response. Multiple test items of a die constitute multiple 
nodes of a decision tree. Decision trees corresponding to 
large amounts of die test data can be trained as a random 
forest predictor. The random forest algorithm can output the 
parameter Score, which indicates the probability that the 
die is labeled 1, both the probability of passing the test. The 
predictor is a mapping relationship between partial test items 
as a function of die quality, as follows:where Qi denotes the 
quality score of die i, and itema,⋯ , itemm indicates the fea-
ture test items filtered by RFECV. The dies to be tested are 
tested only with feature test items, which are used as input 
to the predictor to determine its quality.

(2) Training Spatial Predictor: There is a clustered dis-
tribution of die quality in wafers, and the surrounding dies 
information can be used to predict center die quality. How-
ever, the region of abrupt change in die quality in the wafer 
can make the predictor less accurate. Therefore, the dies 
are graded, and then the die quality predictors are trained 
separately.

The dies in different quality regions exhibit different fea-
tures, and the features test items of the faulty dies are filtered 
separately for each grade. The process is as follows:

1)	 The test item predictor in the previous subsection can 
describe the wafer quality prediction results, including 
the die's spatial location coordinates and quality predic-
tion information.

2)	 The local spatial information (BNR) is calculated for 
each die to be tested and graded, as shown in Table 2. 
When BNR is close to 1 or 0, the dies are classified as 
easy to pass grade and easy to fail grade, respectively, 
because there is more certainty to judge the dies as pass 
or fail. The remaining dies are divided into ambiguous 
quality grades.

3)   The test items of different grades of dies in the training 
set are filtered by applying the RFECV algorithm to the 
features separately. Based on the reference [8], dies with 
BNR in the interval [0,0.25] and [0.75,1] are considered 
as easy-to-pass grade and easy-to-fail grade, respec-
tively, and dies in the BNR in the interval (0.25,0.75) are 

(2)Qi = f
(
itema,… , itemm

)

considered as the ambiguous quality grade. The quality  
prediction results for each die are calculated based on 
the BNR input into the individual predictor.

The test item and BNR are used as features, and the 
binary pass/fail results of the CP are used as labels. The 
features and labels are fed into the random forest algorithm 
to train the quality predictor Qj , as shown in Eq. (3).

3.2 � Dual‑Predictor Collaborative Decision

After the predictor evaluates die quality, the dies need to 
be classified based on the evaluation results. Setting sim-
ple thresholds to identify dies often does not achieve the 
expected accuracy. The distribution of the pass and failed 
dies is not strictly separated, which can lead to test escapes 
and yield losses. An improved algorithmic method based on 
DBSCAN clustering is proposed to distinguish die quality, 
which can identify irregular boundaries and outliers in clus-
ters. Due to process fluctuations in quality during die manu-
facturing, the DBSCAN algorithm does not always classify 
the die in two classes. It clusters based on the distribution 
density of the predicted results, but is unable to determine 
the labels of the individual classes. The method is divided 
into the following three steps: (1) The dies are clustered 
into different clusters based on the predictor results. (2) The 
standard clusters are determined based on the distribution of 
clusters and ideals. (3) The remaining cluster die quality is 
determined based on the center of gravity distance between 
clusters.

The tested dies are divided into three classes. The stand-
ard class dies are those for which the divergence of the two 
predictors is the smallest and closest to the ideal value. Both  
the edge class and the outlier dies are judged by the two 
predictors to be a gap away from the ideal value. The die 

(3)

Qj =

⎧
⎪⎪⎨⎪⎪⎩

g1

�
BNRj, itemc

,⋯ , itemn

�
, 0 ≤ BNRj ≤ 0.25

g2

�
BNRj, iteme

,⋯ , itemp

�
, 0.25 < BNRj ≤ 0.75

g3

�
BNRj, itemg

,⋯ , itemq

�
, 0.75 < BNRj ≤ 1

Table 2   Training spatial graded predictor information

Chip 
Number

BNR Spatial feature set Quality label

1 Easy to pass
{
itemc,⋯ , itemn

}
P/F

2 Easy to fail
{
iteme,⋯ , itemp

}
P/F

⋮ ⋮ ⋮ ⋮

n Quality ambiguous
{
itemj,⋯ , itemq

}
P/F
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quality of the edge class is aggregated, and judging the die  
labels by class reduces the computation time.

(1) Dividing Clusters: Ideally, the predictor divides the 
die quality into two clusters (pass and fail). However, in 
practice, the die is classified into multiple clusters due to 
algorithm limitations and the diversity of failure dies. There-
fore, the clusters must be distinguished first, as shown in 
Fig. 5(a). A two-dimensional Cartesian coordinate system 
represents the prediction results of the two predictors in the 
previous two subsections. The test item predictor (P1) results 
are used as horizontal coordinates, and the spatial predictor 
(P2) results are used as vertical coordinates. The coordinate 
value indicates the probability that the die is good, the closer 
it is to 1, the higher the probability that the die will pass the 
test. The two predicted results (probability of a die passing 
CP) of the test set dies are fed into the DBSCAN algorithm, 
which outputs the cluster number of each die and determines 
whether it belongs to the outlier class. The dies classified by 
the clustering algorithm only know which class they belong 
to, but it cannot tell which clusters are passed or failed.

(2) Determine the Standard Class: The location of the die 
cluster distribution reflects the die quality. The vertices of 
axes 0 and 1 indicate whether the die passed the test or not, 
respectively. The standard class is determined by calculating 
the distance of each cluster from the ideal point (0 or 1). The 
location of the cluster center of gravity represents the cluster 
distribution characteristics, and the center of gravity (X, Y) 
location is calculated as follows:

where Xi and Yi are the horizontal and vertical coordinates 
of die i in the cluster, respectively, n denotes the number  
of dies in the cluster, and X and Y are the horizontal and  
vertical coordinates of the center of gravity of the cluster on  
the coordinates, respectively. The average of the two pre-
dicted values of the die in each cluster is calculated sepa-
rately, and the result is the center of gravity coordinate of 

(4)

�
X =

1

n

∑n

i=1
Xi

Y =
1

n

∑n

i=1
Yi

the cluster. Ideally, the center of gravity of the pass cluster  
is near the (1,1) point, indicating that both predictors predict  
the probability of the die is passed to be close to 100%. On  
the contrary, the failure dies are close to the point (0,0). The  
distance between the center of gravity of all clusters and the 
ideal points (0,0) and (1,1) is calculated. The cluster closest 
to (0,0) is the failure standard class, and the cluster closest  
to (1,1) is the pass standard class.

(3) Determine Die Quality: The remaining clusters 
determine their quality based on the distance of the center 
of gravity from the center of gravity of the standard class 
respectively. The dies show diversity in their qualities 
due to different defects in the manufacturing process, 
often more than two clusters after clustering. In addition 
to the standard class, the remaining clusters are named 
edge classes, and dies that do not belong to any cluster 
are named outlier classes. For the edge class, the distance 
between the center of gravity of the edge class and the 
center of gravity of the standard class is calculated using 
Eq. (5).

where Xedge and Yedge are the horizontal and vertical coordi-
nates of the cluster center of gravity, Xstandard and Ystandard are 
the horizontal and vertical coordinates of the center of grav-
ity of the standard class, and D is the distance between the 
cluster and the standard class. As shown in Fig. 5(b), clusters 
near the standard passed cluster are considered passed, and 
those near the standard failure cluster are considered failed. 
The outliers are generally located between the pass clusters 
and the failed clusters. The distance between the outlier dies 
and the center of gravity of all clusters needs to be calculated 
and classified as the closest neighboring class.

3.3 � Test Selection

Collaborative decision-making guides adaptive testing, as 
shown in Algorithm 1. Input the feature test term and spa-
tial information BNRi of Diei . The predictor results P1 , P2 
are computed and Diei is classified. If the Diei belongs to 
the standard class, the test stops. Calculate the distance D0 , 
D1 of the center of gravity from (0, 0), (1, 1), respectively. 
If it is close to (0, 0), the Diei is good. If the Diei belongs 
to the edge class, the test stops. Diei quality is consistent 
with the closest standard class. When Diei belongs to the 
outlier class, retest with the standard test set if the user 
chooses a low risk test. If the predictor automatically clas-
sifies, the die is consistent with the closest class quality. 
Algorithm 1 outputs die quality Qi and Stop test flag.
Algorithm 1. Adaptive Test Selection Process

(5)D =

√(
Xedge − Xstandard

)2
+
(
Yedge − Ystandard

)2

        (a)                     (b)

Fig. 5   Distribution of model prediction results (a) Dies clustering 
results (b) Dies classification results
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Input :  feature test item results, .

Output :  quality Stop test flag

1. Calculate 1, 2 and classify .

2. If  is in the standard class, stop test.

3. If 0 > 1, = good.

4. Else, = bad.

5. End if

6. Else if  is in the edge class, stop test.

7.  = .

8. Else if  is in the outline class,

9. If user selects the low-risk test, retest.

10. Else,  = , stop test.

11. End if

12. End if

13. Return , 

4 � Experiment and Result Analysis

In this section, the effectiveness of the proposed method is 
experimentally verified using multiple lots of products. All 
case studies are implemented with actual industrial produc-
tion test data from the CP stage. All experiments are per-
formed on a computer with Intel i7-7700 CPU and 16GB 
memory. In the experiment, the algorithm used is imple-
mented in Python 3.7 to simulate the actual test. We believe 
that the standard test set can detect all faults and a die that 
passes all test items is considered good. Five wafers from 
different products and one lot level wafers are selected, and 
the number of dies is 53,836 and 684,755, respectively. 
Sample wafer yields include multiple quality levels of 55%, 
74% and 98%, etc. The data were collected from an actual 
semiconductor test plant. For confidentiality reasons, only 
some cases can be shown without sensitive information. 
Circuit types under test include battery charger chips and 
other products. The test items include open and short circuit 
test, function test, frequency test, current test under special 
working conditions, etc. The number of product test items 
includes 73 items, 45 items, 94 items and so on.

4.1 � Single Predictor Performance

The quality predictor is the basis of the proposed method. 
In the experiment, 20 percent of the dies in the wafer are 

randomly selected as the training set, which is tested with 
standard test set. The residual part is used as the test set to 
verify the effectiveness of method.

(1) Performance of Test Items Predictor: The test item 
response is the most direct information on die quality. The 
training set data is used as the input to the RFECV algorithm 
for sorting and filtering. As shown in Fig. 6, taking wafer 1 
as an example, based on the Recursive Feature Elimination 
(RFE) output, the test items are selected in turn for train-
ing predictors. It is not the case that the more test items are 
trained, the higher accuracy is obtained. When a high level 
of accuracy is reached, increasing the number of test items 
trained does not result in a significant increase in accuracy. 
After cross validation (CV), it is optimal to determine the 
number of test items when the accuracy is maximum. The 
feature test items output from RFECV are input to the ran-
dom forest, and the trained predictor can achieve more than 
95% accuracy.

(2) Performance of Spatial Graded Predictor: In order 
to prevent the predictor from being invalidated by abrupt 
quality change regions on the wafer, the BNR information 
is used to grade the dies and train a quality predictor based 
on the grading results separately. Considering the compu-
tational complexity and the reliability of the neighborhood 
information, a 3 × 3 window is chosen to calculate the BNR, 
using the percentage of bad dies in the surrounding eight 
dies to represent the BNR of the central dies. Based on 
Eq. (3), the dies are classified into three grades. The dies 
in the three grades are filtered with feature items using the 
RFECV algorithm and input into a random forest for train-
ing. Figure 7 shows the performance of the predictor on five 
wafers. The left vertical coordinate indicates the predictor 
accuracy trained for the dies in each BNR class, which can 
reach over 98.4% for each predictor. The right vertical coor-
dinate and the line graph indicate the total accuracy of the 
predictor in different wafers, and the stability of the spatial 

0 20 40 60 80 100

0.92

0.94

0.96

0.98
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cu
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cy

Number of Selected Test Items

Fig. 6   Variation of predictor accuracy for training different number of 
test items
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graded predictor is better than the conventional spatial pre-
dictor. The conventional spatial predictor only uses the two-
dimensional coordinates of the die as features, and the wafer 
quality dramatically affects the accuracy. The accuracy of 
the conventional spatial predictor is above 77.34%, and the 
accuracy of the spatial graded predictor can reach 99.44%, 
an improvement of more than 22%.

4.2 � Dual‑Predictor Collaborative Decision

Each die is judged to pass or fail based on the quality clas-
sified by grade method as described in Section III. The 
standard class is closest to the ideal value, and the predic-
tor should perform most accurately. Outlier classes are far 
from each cluster, and the predictor should be most prone to 
errors. Test escape rate and yield loss rate are used to meas-
ure the prediction quality, which are calculated as shown in 
Eqs. (6) and (7), respectively:

where NTotal denotes the total number of dies in this class, 
NTE denotes the number of dies that test escaped, and NFL 
denotes the number of dies lost in yield.

Figure 8 illustrates the prediction accuracy of the pass and 
failed dies in different clusters. It can be seen that the stand-
ard class has the highest prediction accuracy, with 99.92% 
accuracy in predicting as the pass dies and complete correct 
prediction of failed dies. The failed dies in the edge class 
were still correctly predicted, but the pass die prediction 
accuracy decreased to 89.92%. The outlier class has the low-
est accuracy, with a test escape rate of 17.97% and a yield 
loss rate of 8.66%. It is shown that the proposed method can 
distinguish the dies suitable for prediction and accurately 
predict the majority of die quality.

(6)TER = NTE∕NTotal

(7)FLR = NFL∕NTotal

4.3 � Experimental Comparison

Single wafer data and wafer lot data are used to demonstrate 
the effectiveness of the proposed method. This experiment 
is compared with the dynamic part average testing (DPAT) 
method proposed in 2018 [6] and the indirect test method 
proposed in 2021 [2]. References [6] and [2] are both effec-
tive ways to reduce test cost. DPAT adjusts the test content 
based on sampled die test data on each wafer [6]. By calcu-
lating the Cpk value for each test item, which reflects the 
validity of the test item, it is decided whether the die skips 
some of the test items. Indirect testing uses some of the 
test items to train the regression model, which predicts the 
remaining test items for the purpose of reducing the number 
of test items [2].

(1) Impact of Removing Test Items: In order to illustrate 
the effect of removing the test item effect, five wafers with 
different yields are selected for the experiment. Due to the 
small number of dies in a single wafer and the limited num-
ber of training sets, the ratio of the training set to the test set 
in a single wafer experiment is 1:4. Figure 9 shows the prob-
ability of die misclassification (test escapes + yield losses) 
for the three methods when using different percentages of 
test items in the standard test set. Experiments from five 
wafers with different yields show that the proposed method 
(outlier classes without standard tests) has a lower misclas-
sification rate, in the case of training the same number of 
test items. The optimum point of test economics is to achieve 
a minimum test error state by testing the fewest test items. 
With increasing test items, the proposed method converges 
faster to a state with low test escapes and yield losses.

(2) Test Performance Comparison: Lot-level wafer test 
data is selected to verify the proposed method's effectiveness 
in high-volume industrial production. To comprehensively 
compare the performance of the methods in terms of test 
quality and test cost reduction, in addition to the number 
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of test escapes (TE) and yield losses (YL), the following 
two metrics are used for evaluation. Test item reduction rate 
(TIRR): the rate of reduction in the number of actual test 
items compared to the standard test. The calculation formula 
is as follows:

where Nactual denotes the number of test items actually used 
and Nstandard denotes the number of test items used for the 
standard test. Stability: the standard deviation of prediction 
error (test escapes + yield losses) is calculated to measure 
the stability of the effect of the method in different wafers. 
The smaller the value indicates a more stable method. The 
calculation formula is as follows:

where n denotes the number of wafers, xi denotes the num-
ber of mispredicted dies in waferi , and x denotes the aver-
age number of mispredicted dies for all wafers. Running 
time: the computation time of each predictor on the same 
experimental platform, reflecting the resource overhead of 
the method.

Due to the large number of dies at the lot level, enough data 
can be used for training the predictor. The ratio of the training 
set to the test set is 4:1 in the lot-level wafer experiments. The 
number of test items used for training was determined using 

(8)TIRR =
Nactual−Nstandard

Nstandard

× 100%

(9)� =

�∑n

i=1(xi−x)
n

the respective method algorithm, as shown in Table 3. The 
proposed method achieves a good trade-off between test cost 
and test quality. When using the same test items, the proposed 
method can reduce test escapes by more than 95% compared 
to predictors trained by common algorithms (Bayesian Regres-
sion, Logistic Regression and Random Forest). The stability 
of the performance on different wafers is also substantially 
improved. The common algorithm python modules are imple-
mented in the scikit-learn package. The single predictor per-
formance is also shown in the Table 3. It is worth noting that 
the spatial predictor is less stable and it is highly susceptible to 
the die quality distribution. The two predictors are processed 
with collaborative decision and show a great improvement in 
test quality and stability, indicating the effectiveness of the 
proposed method. The other methods show test item reduction 

Fig. 9   Misclassification com-
parison test results
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Methods TIRR TE YL Stability Running time(s)

Bayesian Regres-
sion

42.00% 3119 0 43.78 120.3

Logistic Regres-
sion

42.00% 1642 9 43.70 124.8

Test Item Predictor 42.00% 219 0 49.09 148.0
Spatial Predictor 42.00% 1188 78 214.05 106.9
[6] 2018 40.00% 125 0 4 164.9
[2] 2021 55.33% 649 2 17.86 141.3
Proposed 42.00% 7 2 1.72 276.4



414	 Journal of Electronic Testing (2024) 40:405–415

rates that are similar to or slightly better than the proposed 
method, but the test quality is significantly degraded with a 
large number of test escapes. The proposed method also has 
the most stable performance on all wafers.

The outlier class of the proposed method contains only 27 
dies, with 5 test escapes and 2 yield losses, accounting for 
71.4% of the total test escapes and all yield losses, respectively. 
It shows that the proposed method effectively classifies the 
majority of dies, and the stability of test quality is improved. 
The proposed method has more running time than the other 
methods, but the calculation process can be completed offline 
without taking up the working time of the automatic test equip-
ment (ATE).

5 � Conclusion

In this paper, a dual-predictor collaborative decision adaptive 
testing method is proposed to reduce test cost and ensure test 
quality. The method uses test items in the CP stage and spatial 
information to train a test item predictor and a spatial graded 
predictor to predict die quality, respectively. The correlation 
information in the standard test data is more fully utilized. 
The DBSCAN algorithm clusters the results of the two predic-
tors, and then the dies are classified by grade using the center 
of gravity position between clusters, which solves the prob-
lem that the clustering algorithm cannot distinguish between 
passed and failed dies. Experimental results using multiple 
lots of CP test data show that the proposed method can reach 
a better test economics point. Test escapes and yield losses can 
be reduced by more than 90% when the number of test items 
is reduced by 42%.
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