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Abstract: As the need for highly advanced chip technology and high-performance computing grows, 
semiconductor technology must develop rapidly. Also, as VLSI circuits become more complex, it is more difficult 
and time-consuming to test circuits using traditional test methods. Hence, Chip design, verification, and testing 
become extremely complex and critical processes. To confirm the chip as fault-free, testing examines its 
functionality, timing, and connectivity. Various automatic test pattern generation (ATPG) tools have been available 
for a long time for fault detection. For large combinational circuits, a lot of computing resources and more time are 
required to use such tools. To tackle this challenge, machine learning (ML) techniques have recently been 
introduced as a promising alternative to improve the efficiency of test generation. Machine learning has advanced 
dramatically over the last few years, and it currently plays an important role in enhancing automation, efficiency, 
and decision-making in a variety of domains. The main purpose of this work is to explore the possibility of using 
machine learning to predict test vectors in digital combinational circuits and achieve comparable fault coverage. 
The Random Forest Regressor method is utilized for generating test vectors. Experimental results showcase that 
this method performs well compared to traditional tools like ATALANTA on most ISCAS85 benchmark circuits. This 
approach reduced test pattern generation time to 0.0146 sec, while the standard tool requires 0.02 sec for test set 
generation, retaining almost similar fault coverage. This research demonstrated the highest fault coverage of 
96.523 for the c5315_13 circuit and the lowest coverage of 60.404 for c1908_23, compared to the ATALANTA 
Tool. The results demonstrate that machine learning is a promising complementary testing method for conventional 
ATPG tools in VLSI testing. 

 
Keywords Machine Learning; ATPG; ISCAS85 Benchmark Circuits; Test Vectors; Random Forest; Fault 
Coverage, Semiconductor Testing

I. Introduction  
The evolution of integrated circuits has heightened 
design complexity, making testing an essential 
element of the chip design life cycle. A reliable and 
effective testing method is essential for integrated 
circuits with billions of transistors. To ensure that 
manufactured chips fulfil the necessary performance 
and reliability standards and operate as 
intended, circuit testing is essential. It improves 
manufacturing quality as well as yield by enabling the 
detection of manufacturing problems and defects prior 
to IC deployment. Additionally, efficient testing lowers 
manufacturing costs by rejecting faulty chips before 
they reach the market. The primary methods employed 
to guarantee the circuit is fault-free and functions as 
per the specifications of the circuits are built-in self-test, 
design for test (DFT), and automatic test pattern 
generation (ATPG). Different types of faults circuits 
may encounter are coupling faults, faults due to delay 
effects, bridge faults and stuck-at 0 and stuck-at 1 

faults. The Automatic test pattern approach generates 
test vectors capable of detecting faults during the 
fabrication process. This work is based on generating 
test patterns for stuck-at 1 and stuck-at 0 faults present 
in circuits. These faults indicate that an 
interconnection in a circuit is consistently driven to 0 or 
1. After generating test patterns, they are applied to the 
circuit to check whether the circuit is faulty or fault-free. 
Standard Automatic test pattern generator employs 
methodologies and algorithms like the Deterministic 
algorithm (D-algorithm) and Path-oriented decision 
making (PODEM). Standard Automatic Test Pattern 
Generation (ATPG) is an NP-complete problem. 
Standard ATPG depends on exhaustive search 
methodologies, which are hindered by exponential 
growth, resulting in prolonged processing times. 
Moreover, scalability is a key concern in such a 
complex design, as it requires more power and time. 
As Chip design evolves, adaptable ATPG is required; 
scalability and speed are key concerns for testing. 
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Hence, we have integrated an ML-based methodology 
for Automatic test pattern generation. 

Recently, AI and ML have been used in a variety of 
fields, such as image processing, speech identification, 
automated systems, healthcare diagnosis, and 
driverless vehicles. The fundamental idea is to direct a 
machine to execute an intellectual activity, aiming to 
replace individual decisions or costly and prolonged 
analytical processes. A machine has inherent learning 
abilities and can be trained using extensive datasets as 
training tuples. It is not explicitly programmed; rather, it 
acquires knowledge from the data throughout the 
training period. It provides predictions for previously 
unobserved inputs that were unavailable during the 
training phase.  

Recently, research has begun examining machine 
learning techniques for test pattern prediction and fault 
detection tasks at various levels of ATPG; However, 
attempts based on a direct, end-to-end approach for 
generating test patterns are still novel in this area. 
Data-driven techniques have been presented to reduce 
backtracking and improve test vector search, 
demonstrating significantly decreased runtime and 
increased test set quality on a set of benchmark circuits  
[1]. Comprehensive studies of ML in chip design, 
verification and testing domains reveal that learning-
based methodologies for power estimation, fault 
detection, and verification support are advancing fast. 
They further emphasize that machine learning can 
capture complex, nonlinear relations between input 
and output that traditional heuristic ATPG techniques 
cannot clearly represent [2]. Moreover, ML models are 
predominantly applied for specific tasks such as fault 
prediction, feature selection, and test pattern 
sequencing, rather than for a comprehensive 
Automatic Test Pattern Generation process for widely 
accepted benchmarks like ISCAS circuits [3] . Thus, a 
significant research gap exists in 
establishing direct test pattern generation methods 
that are assessed on traditional ISCAS-85 benchmark 
circuits and match up with standard tools. This work 
addresses that gap by proposing and evaluating a 
Random Forest-regression-based approach for test 
pattern estimation, achieving comparable fault 
coverage. 

In the proposed research, the data required to train 
the model is prepared through a widely used tool by 
Virginia Tech University, ATALANTA. The supporting 
files and instructional manual to understand the 
capabilities and usage of the tool are accessed on 
GitHub [4]. ATALANTA is an open-source fault 
simulator tool and generates test patterns with fault 
coverage. ATALANTA tool is used to generate test 
patterns for all ISCAS-85 benchmark circuits, which are 
applied as training input to the machine learning model.  

The scalability issue for very large and complex 
circuits in ATPG, numerous ML, deep learning and 
CNN-based models have been proposed for testing 
them. [5] [6] [7] [8].In particular, designers can use a 
deep neural network to find design hotspots [9] in a 
physical-layout architecture. A deep neural network is 
used to resolve routing in physical design [10]. A deep 
neural network is more powerful than heuristic or 
analytical methodologies in approximating functions 
[11] [12] and also performs faster testing [13]. 
Reinforcement learning is used to represent advanced 
circuits in ATPG [14]. To apply machine learning 
capabilities to testing of digital circuits, engineers 
should map testing issues into learning-based 
problems. Selecting appropriate features to apply as 
the input to the machine learning model requires in-
depth knowledge of the testing domain. An appropriate 
dataset size with a balanced dataset is crucial to 
prevent model instability and performance deterioration 
since machine learning models rely heavily on data. ML 
models are data-driven and data-dependent; in chip 
testing, machine learning models may fail due to poor 
performance or an imbalanced dataset [15]. This 
adversely affects the chip design life cycle and results 
in delays in wafer production. Hence, ensuring 
accurate model training and evaluation is very 
important. 

This paper investigates the use of machine learning 
in digital circuit testing, examining its difficulties and 
assessing its efficacy. To examine the performance of 
the machine learning model in chip testing, the model 
is first trained on a portion of the dataset and then 
tested on unseen data. The main challenge in Machine 
Learning is selecting an appropriate input abstraction 
to acquire robust features. It is necessary to have an 
adequate test set in order to achieve maximum fault 
coverage, while it is also desirable to have a reduced 
number of test patterns in order to reduce the amount 
of time spent on the test. The Random Forest 
Regressor machine learning model is effective in 
facilitating the generation of test patterns for 
semiconductor testing.  The model is applied to ISCAS-
85 benchmark circuits. This work is conducted for a 
dataset of around 980 digital circuits. The complexity of 
the circuits in the dataset varies in terms of the total 
count of inputs, total output ports, the number of gates, 
the circuit level and the total possible faults in the 
circuit. 
   Selecting appropriate features for training the 
Random Forest Regressor model for IC testing is 
another challenge that was addressed [16] [17]. 
Nevertheless, this work offered insight into whether 
machine learning, especially Random Forest 
Regressor (RFR), may help ATPG generate test sets 
for combinational digital circuits [18], [19]. This study 
discusses a new perspective on the practical 
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implementation of RFR in Semiconductor testing. This 
research also discusses the constraints of using 
machine learning in the IC testing sector. In 
SmartATPG [1], Graph Convolutional Networks and 
Reinforcement Learning were used to guide the ATPG 
search process and minimize backtracking, whereas in 
the proposed work, a supervised Random Forest 
Regressor is used to directly predict test vectors from 
extracted circuit features and verify them with the FSIM 
fault simulator. 

This paper focuses on three major machine 
learning elements in the context of VLSI chip testing. 
 Data Set Generation: Large datasets are often 
required to train ML models properly. This dataset has 
980 digital circuits with a test pattern set for each circuit. 
All these circuits are based on ISCAS-85 bench 
circuits. The dataset for this study was created with the 
ATALANTA tool from Virginia Tech University. A 
controlled random modification strategy was used to 
generate the synthetic circuits from the ISCAS-85 
original combinational circuits. Up to five logic gates 
were randomly selected and replaced by functionally 
equivalent gates (AND, OR, NAND, NOR, XOR, or 
XNOR) in each circuit generated, without altering the 
connectivity of the circuit and without introducing 
cycles. To ensure structural diversity, gate 
replacements were performed at various locations in 
the circuit in successive iterations, with the next circuit 
derived from the previous one. To avoid duplication in 
the circuit set, gate replacement was performed in a 
sequential manner, starting from the first gate and 
continuing through each successive gate up to the final 
gate. 

Test Pattern Generation using Machine 
Learning: Random Forest Regressor methodology is 
utilized to prepare test patterns for digital VLSI circuits. 
 Validation of Predicted Data: To validate the RFR 
model's outcomes (test pattern set), the test pattern set 
was applied to the target circuit using the FSIM 
simulator and the fault coverage was obtained. The 
main contribution of this work is to directly predict test 
patterns for digital combinational circuits using a 
machine learning-assisted framework with a Random 
Forest Regressor, with circuit-level features as input. A 
complete workflow includes dataset generation, feature 
extraction, decimal conversion, prediction, binary 
conversion, and FSIM-based simulation to validate the 
effectiveness of the predicted test vectors. This 
framework is applied to ISCAS85 benchmark circuits 
and compared with the ATALANTA tool for fault 
coverage and prediction time. To demonstrate the 
performance on genuinely unseen circuits, ISCAS89 
circuits were used for testing and fault coverage of the 
predicted test vector set is determined through the 
FSIM tool. Unlike SmartATPG and reinforcement 
learning-based ATPG methods that guide the ATPG 

search process, the proposed work investigates the 
feasibility of directly predicting test vectors using 
supervised Random Forest Regression. It 
demonstrates that comparable fault coverage can be 
achieved for several benchmark circuits with 
significantly lower prediction time. 

A machine learning-assisted test vector prediction 
mechanism using the Random Forest Regressor is 
implemented for predicting test patterns of digital 
combinational VLSI circuits. The proposed ML model 
learns from test vectors produced by ATALANTA and 
predicts binary test patterns, which are then validated 
by the FSIM simulator to calculate fault coverage. 
Finally, the proposed approach is tested on the 
ISCAS85 benchmark circuits, and subsequently on 
unseen circuits from the ISCAS89 set, showing 
comparable fault coverage across several benchmark 
circuits and demonstrating the feasibility of ML-assisted 
test vector prediction. The proposed framework serves 
as the basis for combining data-driven techniques with 
traditional ATPG, which is a very promising approach 
to the problem of intelligent and scalable VLSI testing. 
Paper Structure: This study identifies substantial 
issues and prospective research opportunities at the 
interface of machine learning and 
semiconductor testing. In Section II, necessary basic 
information regarding Machine Learning is discussed. 
ML models and related work for VLSI testing are 
discussed, and their information is presented. This 
Section also includes information about the 
implementation of the Random Forest Regressor. 
Section III contains results and discussion. Section IV 
contains the conclusion of the research work.  
 
II. Machine Learning Background and Dataset 

Preparation:  

A. Machine Learning basic concepts: 

The main principle underlying Machine learning is to 
train a mathematical model with a large set of data and 
test it on unseen tuples. Supervised, unsupervised and 
reinforcement learning are three main classes of 
machine learning. Since the dataset consists of input 
such as digital circuit information and output as test 
patterns for these circuits, a supervised machine 
learning method is adopted for this field. For test 
pattern prediction, which involves estimating output 
values, a regression model is employed. In a 
classification model, samples are classified into 
appropriate classes, whereas in a regression model, 
binary or numeric values are predicted as per input 
data. As the ability of the machine learning model to 
estimate non-linear relationships among input and 
output, Random Forest Regressor, Decision tree 
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Regressor [20] ,[21] support vector machine-SVM [22], 
multiple linear regression-MLR [23], also Neural 
Network-NN [24] , Deep neural network-DNN [25] , [26] 
are preferred over other ML models for VLSI design, 
verification and testing domain. Furthermore, it is 
essential to apply feature extraction along with domain 
expertise to translate the problem into a well-designed 
machine learning model accurately.  

B. Multiple Linear Regression Model: 

Linear Regression is a model in which independent 
input variables x1, x2, x3…Eq. (1) [27] are linearly 
determining the output variable y Eq. (2), Eq. (3) [27]. 
α0 is the intercept, α1 to αn are the regression 
coefficients, and σ is the error term. 

X = 𝑥1,   𝑥2,   𝑥3,   … … … . 𝑥𝑛                    (1) 

                          Y = 𝑦1,   𝑦2,   𝑦3,   … … … . 𝑦𝑚                  (2) 

𝑌 = 𝛼0   + 𝛼1   𝑥1   +𝛼2   𝑥2   +𝛼3   𝑥3.   + 𝛼𝑛   𝑥𝑛   + σ       (3)                                       
C. Random Forest Regression: 

The Random Forest Regressor was chosen to learn the 
non-linear relationship between the input features and 
the test vector values, while keeping the model simple 
and efficient in terms of computation. It also provides 
good generalization and robustness to overfitting; it is 
an ensemble model based on classification and 
regression trees. The objective of CART is to figure out 
the correlation between a dependent variable (Y) and 
a collection of independent input feature variables (x1, 
x2….) Eq. (1) The learning technique utilizes 
iterative partitioning to choose splits in the x variables, 
so forming homogeneous groups of Y. The partitioning 
occurs until either the value of Y at each node is equal 
or an additional split yields no further enhancement in 
performance. Random forest varies from the CART 
methodology by using bootstrap resampling [28] and 
selecting random variables. An exploration of a 
regression tree comprised of splits and nodes is shown 
in Fig. 1. Random Forest Regressor Architecture 
using Bootstrap Sampling and Multiple Decision 

Trees .This model uses a selected set of x variables to 

split every node. For continuous output variables, the 
ensemble prediction is the average of estimated values 
across trees, ŷ, whereas the variance is var (ŷ). The 
main concept is to employ bootstrap resampling to 
parameterize more trees in RFR. Bootstrap resampling 

excludes around 37% of observations. An RFR is a 
machine learning Regressor model composed of a set 
of trees Regressor {h(x, Θm), m = 1,...,}, where the Θm 
are independent and identically distributed random 
vectors, and every tree predicts a single value for the 
most probable value at the input. This indicates that 
RFR is an integration involving several tree-structured 
regressors. In Breiman's RFR approach, all trees are 
constructed from a set of training data and a random 
variable (RV), denoted as Θm for the mth tree. The RVs 
are independent and identically distributed, leading to 
the model representation as h (x, Θm), where x is the 
input feature. After m iterations of training, we get a 
sequence of Regression outputs as in Eq. (4) [27] 
{h1(x), h2(x), ..., hm(x)}, which are utilized to form more 
Regression models. The final output of this system is 
determined by a straightforward averaging of all 
predictions, and the final function output is 

                   𝐻(𝑥). = 𝐴𝑣𝑔 ∑ I(hi(x) = Y)
𝑚

𝑖=0
               (4) 

H ( ) represents the set of Regression methodologies, 
hi indicates a single decision tree model, Y is the output 
variable, and I ( ) depicts the indicator function. Each 
tree can predict the most appropriate result for a 
test input variable. 
Fig. 1 shows the Random Forest Regressor method. 
As represented in this figure, bootstrap sampling is 
used to divide the dataset into random subsets for each 
decision tree. Each tree is trained and tested on this 
subset of the main dataset. The predicted results from 
each tree are then averaged to determine the final 
output of the random forest Regressor. The dataset for 
RFR is represented through Eq. (5), Eq. (6), Eq. (7) 
[27]. 
                         𝐷 = {(𝑥𝑖 , 𝑦𝑖)}, 𝑖 = 1 𝑡𝑜 𝑁                        (5) 

For tth Decision tree, the training dataset will be B(.), 
which is bootstrap sampling, 
                                         𝐷𝑡 = 𝐵(𝐷)                                 (6) 
               𝐷𝑡 = {(𝑥𝑖1, 𝑦𝑖1), (𝑥𝑖2, 𝑦𝑖2), … . (𝑥𝑖𝑁 , 𝑦𝑖𝑁)},           (7) 

𝑖𝑘 ∈ {1,2,3, … … N} 

Here, each ik is selected independently with 

replacement. N is the number of decision tree. 𝑥𝑖 , is the 

input feature of ith tree and 𝑦𝑖 is the target variable for 

ith tree. 

D. Steps for Single Decision Tree ML Model: 

Table 1  Hyperparameters of Random Forest  Regressor Model 

Features Details set for model Value 

N_Estimator  Decision tree numbers 8 

Split Splitting strategy at every node best 

Max Depth Maximum tree depth 10 

Min Samples Split Minimum number of samples to split an internal node. 2 

Min Samples Leaf Minimum number of samples required at a leaf node. 1 

Random State Random seed as input  42 

Max Features All features to be considered while considering best split.  1 
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DTR will build a tree based on observations of the 
problem and its dataset by creating decision rules from 
queries. First, some questions are asked to determine 
the root node, as the main node of the overall tree 
structure. In a tree, the nodes of the tree are derived 
from the root node.  A decision node is a child node. 
This node makes a decision by testing an attribute. The 
node that has to make a decision is also known as the 
internal node. Then, a few more questions will be 
asked, and the whole tree structure will be complete up 
to the leaf nodes. The data set is depicted as in Eq. (8) 
[27]. 
                   𝐷 = (𝑥𝑖 , 𝑦𝑗 ), 𝑖 = 1 … . 𝑛, 𝑗 = 1 … . . 𝑚             (8) 

where Xi is the input feature, Yj is the output variable, 
and N is the total number of tuples in a set. The feature 
space, ψ, is divided into m disjoint regions R1 to Rm via 
a decision tree, as in Eq. (9) [27]. 

                     ψ = 𝑅1,   𝑅2,   … … … . . 𝑅𝑚,                       (9) 

The prediction, y, for input x, in region RM, is 
determined by the average of the output values in the 
same region as in Eq. (10) [27]. 

                              y(x) =
1

|𝑅𝑚|
∑ yi

𝑛
xi∈Rm

                       (10) 

The following steps are used to generate a regression 
tree Algorithm 1. 
Algorithm 1 Regression Tree Generation 

(1)  Input: Training dataset D (X, Y) 
(2)  Output: Regression tree T 
(3)  Initialize root node ← D 

(4)  While stopping criterion is not satisfied DO 
(5)      Evaluate MSE for candidate splits 
(6)      Select split with minimum MSE 
(7)      Partition current node into child nodes 
(8)      FOR each child node DO 
(9)          IF stopping criterion is satisfied Then 
(10)             Create leaf node 
(11)         ELSE 
(12)             Continue recursive splitting 
(13)         END IF 
(14)     END FOR 
(15)  END While 
(16)  Assign mean target value to each leaf node 
(17)  Generate decision rules 
(18)  Return T 

E. Dataset: 

Successful deployment of a machine learning model for 
ATPG demands a substantial number of high-quality, 
industry-specific, balanced sets of data. Generally, 
industrial data for testing is not available as open-
source for public access. Standard ISCAS-85 
benchmark circuits [29] are used to train and test the 
model. ISCAS-85 set includes 10 combinational digital 
benchmark circuits. ATALANTA is an open-source test 
pattern generation tool for digital circuits. It produces 
test vectors to identify faults and calculates fault 
coverage effectively. This tool is frequently employed 
in Digital IC test and research to validate fault detection 

Fig. 1. Random Forest Regressor Architecture using Bootstrap Sampling and Multiple Decision Trees 
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techniques and benchmark test-generating 
methodologies. This tool produces test patterns mainly 
designed to identify stuck-at faults (SA-0 and SA-1) by 
activating and propagating these faults to 
primary outputs. The file "\circuit_name>.test" is 
produced, containing a list of test patterns with 
their non- faulty outputs. These test patterns of the 
ISCAS85 benchmark circuits are constructed 
by the ATALANTA simulator tool and utilized as a 
training dataset for the machine learning technique in 
this research. In the beginning, 200 digital-
combinational circuits are developed in Verilog. The 
input format of the ATALANTA tool [30] is a bench file 
format. Verilog digital circuits are converted to the 
bench file format and applied to the tool. To train the 
Random Forest ML model, this tool is employed to 
generate a test set of test vectors and fault coverage of 
200 digital combinational circuits. The first iteration 
outcomes of the testing demonstrate that a larger set 
of data is required to adequately train the Random 
Forest Regressor model. 
ATALANTA command to run the benchmark circuit is, 
ATALANTA –t <out_test_file> <benchmark_file>. 
ATALANTA –t c432.test c432.bench.  
Where c432.test file is generated by the tool and 
contains a test vector set, and the input file is 
c432.bench, which is the Verilog code for a particular 
circuit. 

Approximately 980 digital circuits with comparable 
connector patterns, gate quantities, circuit levels, and 
complexities have been devised. Subsequently, these 
circuits are implemented using the ATALANTA tool for 
generating test patterns and their corresponding fault 
coverage for a set of data. The enriched data samples 
are utilized for efficiently training the Random Forest 
Regressor model. Table 1 specifies the configuration of 
the variables for the Random Forest Regressor. The 
maximum number of trees in the random forest model 
is set to 8, as there are 8 groups of circuits in the 
dataset. All remaining parameters are set to default 
values. To train the RFR model effectively, the circuits 
in the dataset are divided into 8 groups, as per the total 
inputs and outputs in the circuits. The distribution of 
total circuits in each group in the dataset is presented 
in Fig. 2. A total of 175 circuits is in the c-7552 and c-
6288 groups, 150 circuits are in the c-1908 and c-5315 
groups, c-3540 has105 circuits, c-880 has 104 circuits, 
c-499 has 70 circuits, c-432 has 61 circuits, and c-17 
has 6 circuits. The next section presents the 
detailed implementation procedures for the proposed 
technique. The effectiveness of a regression model can 
be measured by its accuracy in predicting a previously 
unseen set of samples. Typically, statistical 
performance measures are used for this evaluation. 
The Mean Squared Error and Mean Absolute Error, Eq. 

(11), Eq. (12) [27] are one of the most popular 
assessment tools. 

MSE is the average of the squares of the distances 
between the predicted point and the actual output, for 
a set of n points. It is calculated as the average of the 
squares of the prediction errors for each sample. The 
lower the MSE, the stronger the prediction and the 
better the model. Good generalization is expected 
when a regression model has a relatively low MSE on 
the training set. However, if the error is very small for 
the training set, then this can be a sign of overlearning, 
in which the model remembers the training data and 
does poorly on data that has not been seen. Hence, 
Mean Absolute Error, Eq. (11) [27], and Mean Squared 
Error Eq. (12) [27] should be studied along with the 
validation and testing results to make sure the models 

perform well. 𝑦𝑘
𝑎𝑐𝑡

 is the actual output of kth test point, 

𝑦𝑘
𝑝𝑟𝑒

 is the predicted output of kth test point. 

𝑀𝑒𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 =
1

𝑁
∑ |𝑦𝑘

𝑎𝑐𝑡
− 𝑦𝑘

𝑝𝑟𝑒
|  

𝑁

k=1
     (11) 

𝑀𝑒𝑎𝑛𝑆𝑞𝑢𝑎𝑟𝑒𝐸𝑟𝑟𝑜𝑟 =
1

n
∑ (𝑦𝑘

𝑎𝑐𝑡
− 𝑦𝑘

𝑝𝑟𝑒
)

2𝑛

𝐾=0
       (12) 

When the prediction error is to be measured in the 
same units as the target variable and requires greater 

importance to large errors, RMSE Eq. (13) [27] is 
calculated. 

          𝑅𝑀𝑆𝐸 =  √
1

n
∑ (𝑦𝑘

𝑎𝑐𝑡
− 𝑦𝑘

𝑝𝑟𝑒
)

2
 

𝑛

𝐾=0
                 (13) 

Normalized RMSE (NRMSE) Eq. (14), [27] is employed 
when comparing prediction errors for different datasets, 
circuits or target variables with different numerical 
scales. It scales the RMSE; this error is now 
dimensionless and is easier to compare across 
different sizes of inputs and output sets in the data. 
𝑦𝑚𝑎𝑥 and 𝑦𝑚𝑖𝑛 are the maximum and minimum values 

of 𝑦, respectively. 

               𝑁𝑅𝑀𝑆𝐸 =  

√
1
n

∑ (𝑦𝑘
𝑎𝑐𝑡−𝑦𝑘

𝑝𝑟𝑒)
2

 

𝑛

𝐾=0

𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛
                (14) 

R2 Eq. (15) [27] is a measure of the amount of variation 
in the dependent variable that can be explained by the 
independent variable. It indicates the proportion of 
variance in the actual data that is captured by the 
model. R2 measures the goodness of fit of the 
regression model, while MSE, RMSE and NRMSE 
measure prediction error. 𝑦𝑚𝑒𝑎𝑛 is the mean of 𝑦𝑎𝑐𝑡 . 

                     𝑅2 = 1 −

∑ (𝑦𝑘
𝑎𝑐𝑡−𝑦𝑘

𝑝𝑟𝑒)
2

 

𝑛

𝐾=1

∑ (𝑦𝑘
𝑎𝑐𝑡−𝑦𝑚𝑒𝑎𝑛)

2
 

𝑛

𝐾=1

                 (15) 
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Fig. 2 Distribution of Circuits Across the ISCAS85-Based Dataset Groups 

 

Fig. 2 Distribution of Circuits Across the ISCAS85-Based Dataset Groups 

 

Table 2 Input Features Used for the Random Forest Regressor Model 

 
Circuit 
Name 

 
Total  
Inputs 

 
Total    

Outputs 

 
Total 
Gates 

 
Total 
Faults 

 
Total 
OR 

Gates 

 
Total  
AND 

Gates 

 
Total 
NOT 

Gates 

 
Total 

NAND 
Gates 

 
Total 
NOR 
Gates 

 
Total 
XOR 

Gates 

C432_3 36 7 160 524 0 7 40 116 19 18 

C499_32 41 32 202 758 2 24 40 72 0 104 

C880_4 60 26 383 942 29 151 63 142 61 0 

C1908_23 33 25 880 1879 0 271 277 608 1 0 

C3540_23 50 22 1669 3428 92 767 490 742 68 0 

C5315_13 178 123 2307 5350 214 1057 581 1009 27 0 

  C6288_35 32 32 2416 7744 50 256 32 52 2058 0 

  C7552_45 207 108 3512 7550 244 1360 876 1814 94 0 
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The first approach is to assess the ML models with 
common machine learning metrics such as accuracy, 
or MSE, RMSE. All of these, however, are insufficient 
and do not reflect the practical significance in the IC 
test domain. Some metrics used for a test may be 
poorly correlated with common metrics used in ML. 
Then the output of the ML model test pattern prediction 
is used and applied to the standard tool FSIM simulator 
to check the fault coverage. The most important 
parameter used in testing ICs is fault coverage, Eq. 
(16) [31] It is the ratio of the number of faults detected 
to the number of faults present in the circuit.        

𝐹𝑎𝑢𝑙𝑡𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒(%) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑓𝑎𝑢𝑙𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑢𝑙𝑡𝑠 
𝑋100   (16) 

Fault efficiency, FE Eq. (17) [31], verifies the 
undetectable faults in the circuit. 𝑁𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 , 𝑁𝑢𝑛𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑  
and 𝑁𝑡𝑜𝑡𝑎𝑙  are the number of detected, undetected and 

total faults. 

                       𝐹𝐸 =
𝑁𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑

𝑁𝑡𝑜𝑡𝑎𝑙−𝑁𝑢𝑛𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑
𝑋100                   (17) 

Total test patterns Eq. (18) [31], generated is, Np is 
test patterns number.        

                              𝑇𝑠 =  ∑ 1 = 𝑁𝑝
𝑁𝑝

𝑖=1                       (18)                                    

ATPG simulation time Eq. (19) [31] is, tj is time needed 
to generate test pattern for fault j. 

                                  𝑇𝐴𝑇𝑃𝐺 = ∑ 𝑡𝑗
𝑁𝑓

𝑗=1                        (19) 

𝑁𝑓, is the total number of target faults. 𝑁𝑡𝑒𝑠𝑡𝑒𝑑 is total 

the tested faults. Fault detection ratio (FDR) Eq. (20), 
[31] is defined as, 

                                   𝐹𝐷𝑅 =
𝑁𝑑𝑡𝑒𝑐𝑡𝑒𝑑

𝑁𝑡𝑒𝑠𝑡𝑒𝑑
                            (20) 

Test compression ratio Eq. (21), [31] is defined using 
TORG is original test set and TCOM is compressed test 

set.                      𝑇𝐶𝑅 =
𝑇𝑂𝑅𝐺−𝑇𝐶𝑂𝑀  

𝑇𝑂𝑅𝐺

𝑋100                 (21) 

Time required for ATPG Eq. (22), [31]  to run and 
predicts test pattern is a function of,    𝑇𝐴𝑇𝑃𝐺 =
𝑓(𝐼, 𝑃𝑂, 𝑃𝐼, 𝐹, 𝐺𝐴𝑁𝐷 , 𝐺𝑂𝑅 , 𝐺𝑁𝑂𝑇 , 𝐺𝑁𝐴𝑁𝐷 , 𝐺𝑁𝑂𝑅 , 𝐺𝑋𝑂𝑅)     (22) 

Here 𝐼 is the total inputs of the digital circuit, 𝑃𝑂 and 𝑃𝐼 
is the Primary Inputs and outputs, F is the total faults in 
the circuit, GAND is total AND gates count in circuit, 
similarly number of gates present in circuit. 

 
III. Method 
Recent research indicates that Naïve Bayes and 
SVM are effective for defect identification and 
functional verification. Thus, ML methodologies 
facilitate the resolution of design issues across multiple 
levels of abstraction throughout the VLSI design cycle 
[32],[33],[34],[35]. An unsupervised ML model, 
specifically Bayesian theory, is employed for scan 
chain evaluation [35]. The RFR (Random Forest 
Regressor) is a resilient ensemble learning technique 
that integrates several decision trees using bagging to 
enhance precision and generalisation in results. It 

efficiently manages non-linearity between 
input features and output features without requiring 
significant feature engineering. A primary benefit is its 
ability to avoid overfitting through averaging multiple 
trees, and its intrinsic capacity to 
identify important features. RFR is recommended 
when interpretability of important input features, 
stability, and robust performance are essential, 
particularly in scenarios where linear models 
underperform and individual decision trees overfit.   

Linear Regression framework identifies mostly 
linear relationships among input and target features, 
whereas the Decision Tree Regressor is capable of 
approximating non-linear relations as well. SVM 
(Support Vector Machine) involves extensive 
hyperparameter tuning for optimal performance. On the 
contrary, DTR constructs a single tree, making it simple 
and interpretable but very susceptible to overfitting and 
data variations. Random Forest Regressor, on the 
other hand, is an ensemble approach that builds many 
trees using bootstrap sampling and feature selection 
randomly before aggregating their outputs, 
considerably improving resilience and reducing 
variance.  

Fig. 3 illustrates the overall workflow of the 
proposed methodology. The dataset is the foundation 
of any machine learning system, since it directly 
influences the model's capacity to learn 
hidden patterns and generalise to unknown inputs. The 
quality, quantity, and variability of data have a major 
impact on model accuracy, robustness, and bias. 
However, noisy, unbalanced, or inadequate data can 
result in overfitting, underfitting, and inaccurate 
generalisations. To expand the set of data for the 
method, 980 digital combinational circuits in bench file 
format were generated. ATALANTA is an open-source 
tool that is an Automatic test pattern generator and fault 
simulator tool for digital combinational circuits.  

Each circuit from the 980-circuit set is applied to this 
tool to generate test pattern sets and fault coverage. 
Each test pattern is partitioned into 20-bit segments; 
each segment is converted to decimal form, and a 
combined CSV file is created for the dataset. This 
transformation enables prediction to be formulated as 
a regression task suitable for an RFR model. Although 
numerical values do not reflect bitwise similarity, the 
proposed framework evaluates prediction quality 
based on fault coverage achieved. This test pattern set 
is available in a text file; in order to enable efficient and 
seamless utilisation in the ML model, test patterns are 
converted into a CSV file format. The input features, 
like the total number of Inputs in a circuit, the total 
outputs of a circuit, the count of all gates, the total AND, 
OR, NOT, EX-OR gates and the total faults present in 
a circuit, as shown in Table 2, were applied to train the 
RFR model. To test the feasibility of the proposed 
Random Forest-based ATPG prediction framework, 
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the feature set was limited to basic circuit features 
rather than structural features, like SCOAP metrics, 
logic depth, and reconvergence index. To effectively 
represent the dataset, it is essential to convert long 
binary streams into small chunks and transform them 
into numeric values. All test patterns are fragmented 
into 20-bit parts, then converted to decimal form. After 
pre-processing, the dataset is employed for model 
training. The dataset is then randomly partitioned into a 
20%-80% ratio to test and train the model. No leave-
circuit-family-out or cross-benchmark validation 
strategy was used. Thus, the results presented are 
based on the random partitioning scheme. The 
partitioned dataset is then used for training and testing 
the model.  

A random forest Regressor is used to forecast test 
patterns for the circuit applied in the validation set. The 
original outputs produced by the random forest 
Regressor model comprise the test pattern set for 
every circuit, presented in a distributed and numerical 
manner. As post-processing, to obtain the binary 
representation of test vectors, numerical values are 
converted into binary values. Depending on the total 
number of inputs of the circuit, 3 to 11 columns are 

combined to make a single test pattern. All the test 
pattern lists are combined in different files for each new 
test circuit. 

Each digital combinational circuit’s predicted test 
patterns are saved and transferred to a text file for 
further processing. This text file is saved in.tst format. 
Subsequently, this test file (.tst) is applied to FSIM, a 
fault simulator tool. The FSIM simulator is employed to 
ascertain the fault coverage of the predicted test 
vectors for the digital circuit being evaluated. As 
illustrated in Fig. 3, if the evaluated fault coverage is 
much lower than the target fault coverage, RFR is fine-
tuned, and model parameters are updated to enhance 
the model’s accuracy. The expected fault coverage 
should be at most a 20% difference in fault coverage 
compared to ATALANTA’s fault coverage. The ML 
algorithm is retrained and tested in the next iteration 
with revised parameters. 

At the beginning, the experiment was performed on 
a dataset of 200 digital circuits. However, the achieved 
fault coverage was below the targeted coverage. 
Further, the dataset was enriched by increasing the 
total number of digital circuits to 980 circuits, driven by 
ISCAS85 digital circuits. Complete workflow steps were 

 

Fig. 3  Proposed RFR-Based Test-Pattern Generation and Validation Workflow 

 

Fig. 3. Proposed RFR-Based Test-Pattern Generation and Validation Workflow 

 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1842
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1470-1486                                 e-ISSN: 2656-8632 

 

Manuscript received 11 June 2026; Revised 29 July 2026; Accepted 20 August 2026; Available online 29 September 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1842 

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1479               

re-executed, involving feature engineering, preparation 
of a consolidated .csv dataset for training, and testing 
the RFR methodology.    

Thereafter, post- processing of results was 
performed. In this phase, the RFR model demonstrated 
improved performance. Experimental results of fault 
coverage and discussion are carried out in the 
subsequent section. These experiments were 

conducted on Google Colaboratory using Python 
(version 3.12.13); the Random Forest Regressor was 
implemented with the Scikit-learn library, with the 
parameters in Table 1. The random seed for the 
experiment was set to 42, and train-test splitting was 
done using an 80%-20% ratio. Benchmark splitting is 
not required, as the algorithm randomly selected tuples 
for training or testing. 

Table 3 Comparison of Test-Pattern Prediction and Fault Coverage Using ATALANTA and RFR 

 

Circuit 

 

# 

Gates 

 

# Faults 

# Test 

Patterns 

% Fault 

Coverage 

# Test 

Patterns 

% Fault 

Coverage 

# Test 

Pattern 

% Fault 

Coverage 

∆%Fault 

Coverage 

∆ Test 

Patterns 

ATALANTA RFR (Best) Random Patterns Comparison 

C432_3 160 524 52 99.237 57 87.214 57 81.489 12.023 +5 

C499_32 202 758 32 94.591 43 91.821 43 80.765 2.77 +11 

C880_4 383 942 47 99.257 55 99.257 55 80.021 0 +8 

C1908_23 880 1879 83 77.594 104 60.404 104 55.508 17.19 +21 

C3540_23 1669 3428 86 67.153 79 61.610 79 62.048 5.543 -7 

C5315_13 2307 5350 122 96.673 125 96.523 125 82.804 0.15 +3 

C6288_35 2416 7744 32 93.479 32 93.091 32 82.820 0.388 0 

C7552_45 3512 7550 199 89.192 195 81.020 195 78.662 8.172 -4 

 *RFR(Best): Random Forest Regressor’ s Best Result 

 
 

 

(a) (b) 

Fig. 4 Set-1 Circuits (a) Fault Coverage of Set-1 Circuits, (b) Test Pattern Count of Set-1 Circuits 
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IV. Result   
The present section demonstrates the overall result of 
RFR. The Random Forest Regressor was executed 
using Google Colaboratory, a cloud-based platform, for 
the execution of Python code. Benchmark circuits and 
other circuits with similar properties were used to 
evaluate the model. ATALANTA tool served as the 
foundational platform for the research work. It was used 
to calculate fault coverage with a test pattern set. 
Predicted results are compared with actual results by 
ATALANTA. Random Forest Regressor model 
predictions are post-processed. Predictions are in 
numerical format and are converted into binary form to 

calculate fault coverage. One text file is created with 
the test extension for every circuit’s test vector set. 

The FSIM simulator tool was employed on this test 
file to accurately compute fault coverage using the 
entire test pattern set generated by the Random Forest 
Regressor. Table 3 illustrates the experimental results 
of RFR and the ATALANTA Tool. It is identified that the 
circuits C5315_13 and C6288_35 have almost the 
same fault coverage as the ATALANTA Tool. Also, 
C880_4 has the same fault coverage as 
ATALANTA.C5315_13 has 0.15% smaller fault 
coverage, and C6288_35 has 0.388% smaller 
coverage compared to the standard tool.C499_32 has 
a similar order of Fault coverage in the set. C1908_23 

Table 4 Prediction Performance of Test Circuits in Terms of Fault Coverage, MSE, RMSE, and Execution 
Time 

   
Circuit 

Total 
Gates 

Total 
Faults 

Total Test 

Vectors 

% Fault 

Coverage 

MSE RMSE RFR 

Time (ms) 

C432_3 160 524 57 84.733 13.18X104 363.01 14.6 

C499_32 202 758 43 91.821 93.93X104 969.19 15.2 

C880_4 383 942 55 90.446 96.10X108 98032.39 16.0 

C1908_23 880 1879 104 60.404 59.09X103 243.081 15.3 

C3540_23 1669 3428 79 59.772 79.91X108 89391.21 15.2 

C5315_13 2307 5350 125 96.523 5558X109 235748.62 15.5 

C6288_35 2416 7744 32 92.936 15.33X108 39159.75 15.4 

C7552_45 3512 7550 195 81.020 10.06X1010 317183.82 16.9 

 

  
(a) (b) 

Fig. 5 Set-2 Circuits (a) Fault Coverage of Set-2 circuits, (b) Test Pattern Count of Set-2 Circuits 
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has the maximum difference in fault coverage at 
17.19%. 

The difference in Fault coverage for C499_32 is only 
2.77. This demonstrates that fault coverage achieved 
by ATALANTA is slightly higher than the RFR model’s 
Fault Coverage. The best fault coverage of 99.257% is 
achieved for circuit c880_4. C1908_23 circuit has the 
lowest fault coverage of 60.404%. The average fault 
coverage of these circuits is 83.87%. Likewise, 
highlighted numbers in the test patterns columns 
indicate that the total test pattern count for circuit 
C3540_23 and circuit C7552_45 is 7 and 4 fewer test 
patterns than in the ATALANTA Tool. Fig. 4 represents 
the comparative Bar chart for test pattern count and 
fault coverage of the Group-1 circuit. Fig. 5 depicts the 
comparative bar chart of fault coverage and total test 
pattern count for Group-2 circuits. Table 4 represents 
the sensitivity analysis performed by evaluating a 
Random Forest Regressor with the number of 
estimators as 5,8, and 50 trees. Results showed that 

RFR with 5 estimators performed best for 4 benchmark 
circuits and was equivalent for 2 circuits, and the 
remaining two circuits had the best results with 8 
estimators. Increasing the number of estimators to 50 
did not perform better; rather, fault coverage was lower 
in all 8 benchmark circuits.   

So, selecting 8 estimators is considered sufficient 
for this proposed work. Also, Table 3 and Table 4 
compare RFR (with 5, 8, 50 trees) results with 
ATALANTA, random patterns and SmartATPG [1], 
ETFA [36], BIST-CBDC [37], MCAT [38], DTGS [39], 
DUAL MAC [40] and OCRT [41]. All the methods 
except MCAT and OCRT outperform RFR results, as it 
mainly follows the traditional ATPG algorithm and 
performs variations in the ATPG flow. 
Table 5 indicates the parameters for the ML model for 
evaluation of Random Forest Regressor, such as MSE 
and RMSE, based on mean and root mean squared 
error Eq. (8), Eq. (9) [27]. The smallest root mean 
squared error is for circuit C1908_23. In the VLSI 

Table 5 Sensitivity Analysis of RFR Fault Coverage for Varying Number of Trees 

Author(s), 

Year  Circuit C432_3 C499_32 C880_4 
C1908_

23 

C3540_

23 

C5315_

13 

C6288_

35 

C7552_

45 

 

Circuits 

Details 

# Gates 160 202 383 880 1669 2307 2416 3512 

# Faults 524 758 942 1879 3428 5350 7744 7550 

 

 

Proposed 

Method 

 

  All RFR 

(#TP) 
57 43 55 104 79 125 32 195 

RFR 

(5TREES) 
87.214 91.029 99.257 55.402 61.61 96.523 93.091 79.391 

RFR 

(8TREES) 
84.733 91.821 90.446 60.404 59.772 96.523 92.936 81.02 

RFR 

(50TREES) 
81.489 90.897 86.943 52.634 60.502 91.607 92.73 79.258 

W. Li et 

al.,2024 [1] 

  Smart 

ATPG 
98.851 99.846 --- 99.79 99.265 99.813 99.958 99.179 

X. Liu et al.,   

2003 [36] 
ETFA --- --- 100 99.67 96.29 99.56 99.42 --- 

S. Das et al., 

2012 [37] 
  BIST-CBDC  95.918 88.889 92.551 83.571 --- 97.988 99.306 --- 

A. Alamgir et 

al., 2019 [38] 
MCAT  87.59 85.88 87.15 70.14 66.65 73.83 --- 80.45 

Y. Zhang et 
al., 2010 [39] 

 
DTGS  99.24 100 100 99.89 100 --- 99.56 98.25 

Sung-il Bae 

et al.,2002 
[40] 

DUAL MAC  99.24 98.94 99.36 99.47 95.74 98.9 99.56 94.98 

I. Mrozek et 

al., 2017 [41] 
OCRT  76.33 85.35 82.69 57.26 64.67 70.95 --- 78.65 

Note: TP-Test Patterns, FC- Fault Coverage, RFR- Random Forest Regressor , “---: not reported/not available” 
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Verification and Test domain, the total number of faults 
identified with fewer test patterns is the key concern 
compared to parameters like MSE and RMSE. As each 
test pattern is a set of numerical values in binary up to 
200 bits, if any test pattern deviates in the MSBs or 
higher-order bits, the MSE and RMSE of this particular 
circuit remain higher. This deviation in MSBs or higher-
order bits in test patterns compared to the ATALANTA 
tool leads to higher MSE and RMSE for c880-4 and 
c7552_45 circuits. Table 5 represents the execution 
time range for testing different circuits, from 14.6 ms to 
16.9 ms. Table 6 presents the experimental results 
obtained on the ISCAS-89 benchmark circuits using the 
proposed RFR model. The predicted test vectors were 
validated using the FSIM fault simulator, and the 
achieved fault coverage was compared with the 
reference ATALANTA ATPG tool. This further validates 
the generalization capability of the proposed framework 
by external testing on ISCAS-89 benchmark circuits, 
demonstrating its performance on previously unseen 
circuit structures. The proposed approach achieved 
fault coverage ranging from 64.186% to 94.152%, 
thereby confirming the feasibility of ML-assisted test 
vector prediction beyond the training benchmark family. 
 
V. Discussion 

The results obtained show that the machine learning 
model can learn the correlation between the 
characteristics of the circuit and the test pattern sets 
corresponding to them. The proposed approach shows  
fault coverage nearly the same as that of a 
conventional ATPG tool for most circuits, and lower for 
certain circuits. This model performance can be 
impacted by different types and levels of circuits in the 
data sets, the quality of the features and the size of the 
industrial testing sets. It can be clearly identified that 
the total number of test patterns in the test set of RFR 
and ATALANTA is almost the same. The RFR model 
predicts a similar order of Fault coverage for most of 
the test circuits, but predicts less fault coverage for the 
remaining circuits. Overall, the Random Forest 
Regressor ML model can predict the test pattern set for 

ATPG. Compared to the ATALANTA Tool, its 
performance is slightly lower, with less fault coverage. 
However, it offers competitive results for the 
test circuits. Random Forest Regressor identifies 
intricate and nonlinear correlations between circuit 
characteristics and their associated test pattern sets 
using ensemble learning.  

The results show the capability of machine learning 
as a supplementary tool to the traditional ATPG 
techniques in VLSI testing. The suggested model can 
help to reduce test generation workload and may 
enable the creation of an intelligent CAD tool for future 
applications in semiconductor testing. 
The experimental results indicate that the proposed 
Random Forest Regressor is influenced by circuit-
specific characteristics, including structural complexity, 
logic depth, and testability properties that are not 
explicitly captured by the current feature set. 
Consequently, comparable fault coverage is achieved 
for some benchmark circuits, whereas others exhibit 
reduced performance. Future work will investigate 
richer structural features, benchmark-wise validation, 
and SHAP-based feature importance analysis to 
improve model robustness and interpretability. 

A. Challenges while using ML in Test domain: 

There are many steps in IC testing, such as test 
generation, design for testability, fault simulation, fault 
isolation, and insertion of test points [42], failure 
detection, and fault localization, where ML 
methodologies can simplify the efforts of standard tools 
and can also help in minimizing computation 
requirements. In the entire chip design life cycle, a 
significant amount of time is consumed in testing [43], 
[44] . As circuit complexity and size increase [45], the 
test pattern count and testing expenditure increase by 
a large amount. RFR model is applied for test pattern 
generations as well as fault identification and achieves 
comparable results to the ATALANTA tool [46]. To 

investigate the capabilities of machine learning in 
integrated circuit testing, several researchers have 
used ML approaches at various phases of the testing 
procedure. To effectively train the ML model, balanced, 
adequate, enriched industry data should be easily 
accessible. It is unfortunate that standard, balanced 
industry-based IC testing data for ML models is yet to 
be developed. The dearth of uniform datasets creates 
a substantial challenge to the implementation of ML-
based methodologies. Primary hindrances are listed 
here: 

1) Industrial datasets associated with testing, failure 

analysis, and diagnosis are largely unavailable in 

the public domain. Such datasets would serve as  

valuable resources for training and validating the ML 

methodologies. 

2) ML Techniques often require extensive quantities of 
data for successful training. However, producing 

Table 6 Fault-Coverage Performance of the 
Proposed RFR Model on Unseen ISCAS89 
Benchmark Circuits 

ISCAS89 
Circuit 

# Total 
Faults 

%FC 
ATALANTA 

#TP RFR 
(8TREES) 

%FC RFR 
(8 TREES) 

S208 215 100 303 64.186 

S298 308 100 303 89.610 

S344 342 100 152 94.152 
S641 463 100 78 84.017 

S713 581 93.46 78 81.411 

S5378 4551 99.121 230 80.136 
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synthetic datasets through simulation is a 
computationally costly and time-consuming 
operation. 

3) To achieve a well-trained model, an extensive 
benchmark circuit set containing diverse 
architectures, numbers of gates, different gate 
types, circuit levels, and interconnection topologies 
is required. 

Effective feature extraction is essential in machine 
learning, since the quality and relevance of extracted 
features directly affect the model's prediction ability and 
generalization performance. Hence, Significant time 
and effort are required to generate extensive data, 
preprocess the data, and extract features from it. 

B. Limitations and Further Scope: 

Although this research work, based on a Random 
Forest Regressor, predicts well for most of the 
benchmark group circuits, the approach still exhibits 
some limitations. The scope of this work is constrained 
to a Random Forest regression-based approach with a 
dataset of 980 circuits, which is not suitable for very 
small datasets; it also requires complex 
hyperparameter tuning, such as the number of trees, 
tree depth and minimum samples per split, which 
reduces interpretability and increases computational 
complexity. Future work may involve the exploration of 
advanced methodologies, like Artificial Neural Network 
Regressor, for the prediction of digital circuit test 
vectors. These models may enhance prediction 
accuracy, robustness, and generalization performance 
relative to other regression methods.  In addition, the 
model performance is affected by dataset imbalance 
and the selection of relevant features. Furthermore, the 
integration of larger and more diverse benchmark 
Datasets, such as ISCAS-89 and ITC-99, along with 
feature optimization techniques, can improve the 
scalability and applicability of the model for real-world 
VLSI testing environments. The incorporation of leave-
one-benchmark-out validation is considered an 
important direction for future work to measure the 
robustness of the model on unseen tuples. 

 

VI. Conclusion 
The integration of machine learning into test vector 

generation has become an emerging direction and aim 

of the research work to enhance test set generation 

and achieve comparable fault coverage in IC testing. 

Random Forest Regressor approach is employed for 

test pattern creation focused on fault identification and 

exhibits performance comparable to the ATALANTA 

tool, utilizing an equivalent quantity of test patterns. It 

has achieved fault coverage similar to that of the 

conventional ATPG tool for 5 circuits, and lower fault 

coverage for 3 circuits.  Experimental results of testing 

the RFR model have similar fault coverage of 91.821, 

99.257, 61.610, 96.523, and 93.091 for C499, C880, 

C3540, C5315, and C6288 circuits, respectively. A few 

circuits, such as C432, C1908, and C7552, have lower 

fault coverage: 87.214, 60.404, and 81.020, 

respectively. Circuits C5315 and C6288 achieved fault 

coverage differences of 0.15% and 0.388%, 

respectively, compared with the ATALANTA-generated 

results, demonstrating that the selected circuit features 

adequately characterize their testing behavior. 

Conversely, C1908 and C3540 exhibited larger 

differences in fault coverage, with the maximum gap 

reaching 17.19%. However, the average fault coverage 

difference is 7.44%. This lower fault coverage in a few 

circuits is likely due to increased circuit complexity and 

the limited representational capability of the feature set. 

As the model relies primarily on global circuit 

characteristics, it does not capture structural properties 

that influence ATPG, including reconvergent fanout, 

logic depth, signal controllability and observability. The 

proposed system should be seen as a supplementary 

machine learning-based approach for test pattern 

prediction, which is not a direct substitute for 

deterministic ATPG. Incorporating structural features, 

along with feature-importance or SHAP analyses, may 

improve the interpretability and predictive performance 

of the proposed framework. Hence, it could be 

considered as a future research direction. 
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  X =   x  1 ,         x  2 ,         x  3 ,       … … … .   x  n        


  Y =   y  1 ,         y  2 ,         y  3 ,       … … … .   y  m      


  Y =     𝛼  0       + 𝛼  1         x  1         + 𝛼  2         x  2         + 𝛼  3         x  3 .       +   𝛼  n         x  n       + σ


    H  ( x ) . = A v g   ∑  i = 0  m  I ( hi  ( x ) = Y )


                                                    D =  {  (   x  i ,     y  i ) } ,   i = 1   t o   N


                                                                                      D  t = B  ( D )


                                  D  t =  {  (   x  i 1 ,     y  i 1 ) ,    (   x  i 2 ,     y  i 2 ) ,   … .  (   x  i N ,     y  i N ) } ,


    i  k   ∈ { 1 , 2 , 3 , … … N }


    x  i ,  


    y  i


                                        D =   ( x  i ,     y  j ) ,   i = 1 … . n ,   j = 1 … . . m


                                            ψ =   R  1 ,         R  2 ,       … … … . .   R  m ,      


                                                              y  ( x ) =  1   |   R  m |   ∑   x i ∈  R m  n   y i


      y  k  a c t


      y  k  p r e


  M e a n   A b s o l u t e   E r r o r =  1  N   ∑  k = 1  N   |     y  k  a c t −     y  k  p r e |    


  M e a n S q u a r e E r r o r =  1 n   ∑  K = 0  n     (     y  k  a c t −     y  k  p r e ) 2


                    R M S E =     1 n   ∑  K = 0  n     (     y  k  a c t −     y  k  p r e ) 2  


    y  m a x


    y  m i n


  y


                                N R M S E =       1 n   ∑  K = 0  n     (     y  k  a c t −     y  k  p r e ) 2      y  m a x −   y  m i n


    y  m e a n


    y  a c t


                                              R 2 = 1 −     ∑  K = 1  n     (     y  k  a c t −     y  k  p r e ) 2      ∑  K = 1  n     (     y  k  a c t −   y  m e a n ) 2  


  F a u l t C o v e r a g e  ( % ) =   N u m b e r   o f   d e t e c t e d   f a u l t s  T o t a l   n u m b e r   o f   f a u l t s   X 100


    N  d e t e c t e d


    N  u n d e t e c t e d


    N  t o t a l


                                                F E =     N  d e t e c t e d    N  t o t a l −   N  u n d e t e c t e d X 100


    T  s =     ∑  i = 1    N  p  1 =   N  p


                                                                        T  A T P G =   ∑  j = 1    N  f    t  j


    N  f


    N  t e s t e d


                                                                        F D R =     N  d t e c t e d    N  t e s t e d


                                            T C R =     T  O R G −   T  C O M        T  O R G X 100


    T  A T P G = f ( I , P O , P I , F ,   G  A N D ,   G  O R ,   G  N O T ,   G  N A N D ,   G  N O R ,   G  X O R )
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  P O


  P I

