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Abstract
Transient Signal Analysis is a digital device testing method that is based on the analysis of voltage tran-

sients at multiple test points and on IDD switching transients on the supply rails. We show that it is possible

to identify defective devices by analyzing the transient signals measured at test points on paths not sensi-

tized from the defect site. The small signal variations generated at these test points are analyzed in both the

time and frequency domain. Linear regression analysis is used to show the presence of correlation in these

signals across the outputs of defect-free devices. However, there is a definite lack of correlation between

output signals of defective devices with bridging and open drain defects. We present an automatic proce-

dure based on the mean and standard deviation of regression residuals that is able to distinguish between

defect-free and defective devices.

1.0  Introduction
Transient Signal Analysis (TSA) [1] is a parametric approach to testing digital integrated circuits.

Defect detection is accomplished in TSA by analyzing the transient signals of a device measured simulta-

neously at multiple test points. The approach offers two distinct advantages over other logic and paramet-

ric testing methods. First, device coupling mechanisms permit the detection of defects at test points that are

not on logic signal propagation paths from the defect site (off-path nodes) [2][3]. Consequently, direct

observation of logic faults is not necessary in TSA. Second, the cross-correlation of multiple test point sig-

nals allows signal variations caused by process tolerances to be distinguished from those caused by

defects. This is true because process tolerance effects tend to be global, causing signal changes on all test

points of the device. In contrast, signal variations caused by a defect tend to be regional and more pro-

nounced on test points closest to the defect site [4].

In this paper, we focus on the development of a statistical method that can be used to automate the

TSA testing process. We introduce Signature Waveforms (SWs) as a means of capturing signal variations

between defect-free and defective devices and formulate two statistics based on a compact representation
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of the SWs called Trapezoidal Rule Areas (TRAs). We evaluate the effectiveness of the TRAs in capturing

the signal variations observable in the SWs separately in the time and frequency domain. The evaluation is

performed by analyzing the TRAs from test point pairing of defect-free and defective devices using linear

regression. The regression line computed for each pairing of the TRAs of defect-free devices tracks the

variations introduced by process tolerances. The deviations or residuals of the TRAs of defective devices

are computed with respect to the regression lines and summarized in two statistics, the absolute mean and

standard deviation. The statistics computed for defect-free and defective devices are compared to deter-

mine the effectiveness of the TRAs in capturing the signal variations introduced by defects.

The analysis is performed using the time, Fourier magnitude and phase SWs obtained from four hard-

ware experiments. One experiment is used as a control experiment to evaluate error in the estimates of the

regression lines. The results of the three remaining experiments show that the phase TRAs are consistent

with the signal behavior observed in the SWs and are best able to capture the variations produced by

defects. Based on these results, we propose an algorithm that can be used to automate the detection of

defects and discuss other issues important to the further development of TSA as a device testing method.

The remainder of this paper is organized as follows. Section 2.0 provides background and the motiva-

tion for our research. In Section 3.0, we describe the hardware experiments and the defect types and loca-

tions. In Section 4.0, the TSA testing method is described. Section 5.0 presents an analysis of regression

line estimation error. In Section 6.0, we evaluate the effectiveness of the different TRAs representations in

capturing the signal variations of defects. Section 7.0 presents a summary and conclusions.

2.0  Background and Motivation
Parametric device testing strategies [5][6] are based on the analysis of a circuit’s parametric properties,

for example, propagation delay, magnitude of quiescent supply current or transient response. Parametric

methods have been shown to be more effective than conventional logic based methods in detecting com-

mon types of CMOS defects [7][8]. Many types of parametric tests have been proposed [9] but recent

research interest has focused primarily on three types; IDDQ [10], IDD [11], and delay fault testing [12][13]. 

IDDQ is based on the measurement of an IC’s supply current when all nodes have stabilized to a quies-

cent value [14]. IDDQ has been shown to be an effective diagnostic technique for CMOS bridging defects,

but is not applicable to all types of CMOS defects [15]. Although defect observability is significantly
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improved by the addition of IDDQ to logic tests, IDDQ is handicapped by the necessarily slow test vector

application rates, the limited resolution achievable for large ICs and the restricted class of CMOS circuits

to which it is applicable. Recently, concerns have been raised over the applicability of IDDQ to deep sub-

micron technologies [16].

Several dynamic supply current IDD-based approaches have since been proposed to overcome the lim-

itations caused by the static nature of the IDDQ test [11][17][18][19][20]. In general, these IDD-based meth-

ods are not hampered by the slow test application rates and are not as sensitive to design styles as IDDQ,

however, circuit size and topology are still factors that affect the defect resolution of these schemes. Also,

these methods do not provide a means of accounting for process tolerances and are therefore subject to

aliasing problems.

Alternatively, delay fault testing takes advantage of the fact that many CMOS defects cause a change

in the propagation delay of signals along sensitized paths [8]. Since the test is dynamic and regional, delay

fault testing does not suffer from slow test vector application rates, as is true of IDDQ, and is not as sensi-

tive to circuit size, like IDD. One of the difficulties with delay fault testing is that test vector generation is

complicated due to static and dynamic hazards [21]. Also, since the number of possible paths in a circuit is

much larger than the number of paths that are typically tested, the effectiveness of a delay fault test is

dependent on the propagation delay of the tested paths and the delay defect size, for path delay fault test-

ing, and the accuracy of the test equipment, for gate delay fault testing [23]. Lastly, Pierzynska and Pilarski

have shown that a non-robust test can detect a delay fault undetectable by any robust test [22]. Franco and

McCluskey [24] and others [25][26][27] have proposed extensions to delay fault testing that address some

of these difficulties.

Recently, Ma, et al. [28] and others [7][8][29][30] evaluated a large number of test methodologies and

determined that a combination of several test strategies may be necessary in order to find all defective

devices. In particular, Ma, et al. discovered that IDDQ cannot detect all kinds of defects and must be used

with some kind of dynamic voltage test. Our technique, Transient Signal Analysis (TSA), with its advan-

tages in defect detection and process insensitivity, is proposed as an addition to this test suite.

3.0  Experiment Summary
In this section, we present a summary of the experiment setup and show the types and locations of the
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defects that we introduced into a set of test devices. We conducted hardware experiments on ICs with

bridging and open drain defects. Of the four basic CMOS defect types--bridges, opens, gate oxide shorts

and parametric defects--bridges have been selected due to their ubiquity and open drains have been

selected because they represent one of the most difficult of CMOS defects to detect reliably. 

The hardware experiments were conducted on three versions of the ISCAS85 c432 benchmark circuit:

a version with intentionally inserted bridging defects, a version with intentionally inserted open drain

defects and a defect-free version [31]. Four devices of each version were fabricated through MOSIS. The

four defect-free devices and one set of either the open drain or bridging defective devices were used in

each experiment. Four experiments were conducted, two bridging experiments labeled Internodal-Bridging

and Feedback-Bridging, and two open drain experiments labeled Open-Drain and Control.

The primary outputs of the c432 are labeled 223 through 432 as shown along the bottom of Figure 1.

The test points are twenty-two µm2 metal-2 pads placed on the output nodes of the gates driving the seven

primary outputs. The measurements were taken at a Karl Suss probe station using a PicoProbe, model 12C,

with a 100 FF and 1 MΩ load. IDD was measured at the core logic VDD pin through a 10 Ohm resistor. A

digitizing oscilloscope with a bandwidth of 1 GHz was used to collect a 2048 point waveform from each of

the test points. The experiments were run at 11 MHz, about half the maximum operating frequency of the

devices.

Figure 2 shows portions of the schematic diagram from the c432 for the bridging experiments. Only

those sensitized paths affected by the defect are shown. The input stimulus for the Internodal Bridging

experiment toggles PI 66. The dotted line in the figure represents the bridging defect which was created in

the layout by inserting a first-level to second-level metal contact between the output lines of a 4-input

223 329 370 421 430 432VDD
PAD PAD

GNDGND 86431

Core Logic of ISCAS c432 

invinv inv nor nand nand nand

Test Points

... ...

Figure 1. Location of the test points on the c432.

VDD

GND
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NAND gate and an inverter. In the defect-free devices, a static hazard causes a pulse to propagate to POs

421 and 430 along paths shown shaded in the figure. Since the output of the inverter driven by PI 56 is low,

the bridge eliminates the pulse in the bridging defective devices. The left side of Figure 2 shows the sensi-

tized paths for the Feedback Bridging experiment. Although the defect is on a sensitized path driving PO

432, the circuit operates logically correctly under this test sequence. The bridging defect is shown in the

figure as a dotted line but is physically represented as an extra piece of second-level metal between the out-

puts of two 4-input NAND gates.

Figure 3 shows the sensitized paths through the defective gates for the Open Drain (top) and Control
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experiments (bottom). The left side of Figure 3 shows an open drain defect in the transistor-level schematic

diagram of a 4-input NAND gate. A three micron wide piece of first-level metal has been removed

between the p-transistor drain pairs. Both of the open drain experiments test this type of defect in two dif-

ferent NAND gates in the circuit. The test sequence for the Open-Drain experiment generates a number of

pulses which are created by a static hazard in the defect-free devices but eliminated by the defect in the

open drain devices. The Control experiment was designed to test the change in loading capacitance intro-

duced by the defect on POs 329 and 370. The open drain, in this case, removes approximately 19% of the

total output load capacitance.

Table 1 enumerates the four experiments that were conducted on the c432. The second and third col-

umns indicate the number and identity of the devices with DF indicating Defect-Free, OD indicating Open-

Drain and BR indicating BRidging. The last column indicates whether or not a change in parametric

behavior is measurable among the devices of Device Set 2 under the test sequence. As noted in the table,

the test sequence for the Control experiment does not produce measurable changes in parametric behavior

of the Open-Drain devices. Since the Open-Drain devices behave like defect-free devices under these con-

ditions, we use this experiment as a control experiment to evaluate the error in the regression line esti-

mates. We later show that these same Open-Drain devices can be identified as defective when tested using

an input stimulus that causes a fault (Open-Drain experiment). 

Since the emphasis of these experiments is on the measuring the coupled variations introduced by the

parametric faults at the test points, we analyze only the transient signals of test points that are not directly

affected by parametric faults. For example, with respect to Figures 2 and 3, we analyze the signals of test

points 223, 329, 370, 431, 432 and IDD of the Internodal-Bridging experiment, test points 223, 329, 370,

421, 430, 431 and IDD of the Feedback-Bridging experiment and test points 223, 329, 370, 431 and IDD of

Experiment Device
Set 1

Device
Set 2

Test sequence elicits
 a parametric fault in

Device Set 2

Control 4 DF 4 OD No
Internodal-Bridging 4 DF 4 BR Yes
Feedback-Bridging 4 DF 4 BR Yes

Open-Drain 4 DF 4 OD Yes

Table 1: Logic behavior of defective devices in the four experiments.
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both the Open Drain and Control experiments. We restricted the test points in the Control experiment to

those analyzed in the Open Drain experiment in order to reduce undesirable sources of variation between

the results of these experiments. We discuss this further in Section 5.0.

4.0  Testing Method
In this section, we describe the TSA testing method and the statistics used in the analysis. We intro-

duce Signature Waveforms as a means of capturing signal variations between devices. A simple integration

procedure is used to condense the information contained in Signature Waveforms into a single value called

a Trapezoidal Rule Area or TRA. We then define standardized residuals in the context of scatter plots and

develop a defect detection criteria using the mean and standard deviation of standardized residuals.

We use Signature Waveforms or SWs to capture signals variations between devices as shown in Fig-

ure 4. The plot labeled “Raw Waveforms” depicts the transient waveforms of two devices. The waveforms

shown along the top of the plot were measured on test points that were driven by a sensitized path. The

waveforms shown along the bottom were measured on non-sensitized test points. We create Time Domain

Signature Waveforms from these pairs of transient waveforms by subtracting the test device waveform

from the standard device waveform. The difference waveforms, shown in the right plot of Figure 4, are
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shaded along a zero baseline in order to emphasize the signal variations.

The Sensitized SW, shown in the right plot of Figure 4, accurately captures propagation delay differ-

ences between the Standard and Test devices while the Non-Sensitized SW illustrates that significant sig-

nal variation occurs on non-sensitized test points as well. However, the time domain Signature Waveforms

do not allow individual frequency component variations to be examined. Therefore, we also analyze the

frequency domain representation of the transient signals by creating frequency domain Signature Wave-

forms as shown Figure 5. The magnitude and phase components produced by a Discrete Fourier Transform

of the raw time domain waveforms are shown as waveforms in the left plot. Magnitude and Phase SWs on

the right are created by subtracting the test device magnitude and phase values from the corresponding val-

ues of the standard device.

In order to simplify waveform post-processing, we compress the multi-point SWs into a single floating

point value by computing the area under their curves using a Trapezoidal Rule integration method. We call

the area value result a TRA. We recognize that the compaction process can result in waveform aliasing.

Aliasing occurs when two or more SWs with different temporal or spectral attributes produce the same

TRA. In TSA, we reduce the impact of this problem by using distribution moments of multiple test points

TRAs as the defect detection criteria as described below. 

Figure 6 shows the Fourier Phase SWs from two non-sensitized test points, 329 and 432, of an hard-

ware experiment involving one standard and seven test devices. The top-most waveform is the output trace

of a defect-free device that is used as the standard. The SWs of three additional defect-free devices are

labeled DF#x while the SWs of four BRidging defective devices are labeled BR#x. The TRAs shown to the

right of each plot are computed over the portion of the frequency range between 10 to 250 MHz.

Figure 6. Example Fourier Phase SWs and TRAs from test points 329 and 432.
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The statistics that we use to detect defects are based on standardized residuals. Standardized residuals

are derived from two dimensional scatter plots of TRAs. For example, Figure 7 depicts a scatter plot

derived from test points 329 and 432. The x and y values of the data points are given by the two columns of

TRAs shown in Figure 6. We compute a least squares estimate of the regression line, ,

through the defect-free data points, DF#1, DF#2 and DF#3. The parameters b0 and b1 of the regression line

are estimated by the expressions 

Residuals are computed as the distance along the y axis between the data points and the regression line

as shown for data points BR#3 and DF#2 in Figure 4. The residuals are standardized using the expression 

where MSE is defined as the mean square error or sample variance of the three DF#x residuals. The

residuals the BR#x data points are also standardized using this value.

In [1][4], we show that a high degree of linear correlation exists among the data points of defect-free
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devices. This is consistent with our observations that variations in SWs resulting from process tolerance

effects occur in all test point signals. Therefore, the regression line tracks process tolerance effects and, in

the absence of unmodeled random variables such as measurement noise and intra-device process toler-

ances, the data points of defect-free devices would be co-linear. Instead, the data points of defect-free

devices are distributed around the regression line and define a region that we call the process tolerance

zone, as shown by 95% confidence limits in Figure 7. It is in this region that we expect to find the data

points of defect-free devices.

In contrast, we have observed that defects introduce additional variation in the SWs of defective

devices that varies depending on the state and position of the test point with respect to the defect site. As

shown in Figure 7, this causes the data points of defective devices to fall outside of the process tolerance

zone. Therefore, the standardized residuals of defective devices capture uncorrelated variation that results

from defects in addition to the variation common to all data points, namely, that due to measurement noise,

intra-device process tolerances and error in the regression line estimate.

Our defect detection criteria is based on two statistics, the absolute mean, |µ|, and standard deviation,

σ, of standardized residuals. Figure 8 is a graphical illustration that aids in the visualization of these statis-

tics. In this example, the transient signals from six test points are used in the analysis. Fifteen scatter plots
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similar to the one shown in Figure 7 are derived using all pairings of the TRAs of the six test points. The

fifteen scatter plots are shown superimposed in Figure 8 with all but the data points belonging to one

device removed. The scatter plots have been reoriented in order to make the regression lines from the indi-

vidual scatter plots coincide. |µ| is computed as the mean of the absolute value of the standardized residu-

als. σ is computed in the usual way using the mean of the standardized residuals. |µ| and σ measure the

mean of the absolute deviation and the dispersion, respectively, of the data points around the regression

lines. The analytical expressions for |µ| and σ are given as

σ is a more powerful defect identification criteria when the signal variations caused by the defect are

present in only a few test point signals. In this case, the non-robustness of the metric to outliers is a desir-

able property. |µ| is more robust to measurement error but less sensitive to defective device outliers.

Table 2 shows an example of a statistics table that we use to report results. The Device ID is given in

Experiment

Device Id |µ| σ
BR#1 29.81 91.46
BR#2 42.82 78.37
BR#3 37.28 70.11
BR#4 21.26 27.94
DFMax 0.82 0.80

Table 2: Example |µ| and σ statistics table.
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the left-most column while the second and third columns give the |µ| and σ statistics. The bottom row

shows the maximum value computed for one of the three defect-free devices. By comparing the last row of

values with the values in the rows above them, we can evaluate the significance of the difference between

the defect-free devices and each of the defective devices. For example, the maximum |µ| and σ statistics of

the defect-free devices are given as 0.82 and 0.80, respectively. The minimum |µ| and σ statistics are

shown for BR#4 as 21.26 and 27.94 which are a factor of at least twenty larger than the maximum defect-

free statistics. In the next section, we show that the |µ| and σ statistics of defective devices are significantly

larger than those of defect-free devices and that the regression line estimates are reasonably approximated.

5.0  Regression Line Error Analysis
In this section, we estimate of the error in the regression lines using the |µ| and σ statistics of the Con-

trol experiment. The test sequence used in the Control experiment does not cause a logic fault in either the

defect-free or defective devices and, therefore, the TRAs of both device sets capture only the signal varia-

tions of process tolerance effects and measurement noise. The regression lines are computed using the

DF#x devices and the error evaluated by comparing the |µ| and σ OD#x statistics with the values computed

for the DF#x devices. The analysis is performed separately using the time, magnitude and phase TRAs.

The expectation is that the |µ| and σ statistics of the OD#x devices will be larger than the DF#x statis-

tics by an amount proportional to the error in the estimates of the regression lines. However, the signifi-

cance of the error is difficult to evaluate without a context. We address this deficiency by presenting the

results of the Open-Drain experiment as well. Since the test sequence used in the Open-Drain experiment

causes a logic fault, the |µ| and σ statistics additionally capture the regional variation caused by the defect.

Again, we expect the |µ| and σ statistics of the OD#x devices to be larger than the DF#x statistics. More

important in this analysis, however, is the difference between the two sets of OD#x statistics under each

test sequence. In this case, the error in the regression line estimates is present in both sets of statistics and

can be compared in magnitude with the difference between the two sets of OD#x statistics.
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Table 3 shows the Time Domain |µ| and σ statistics of the Control and Open-Drain experiments com-

puted using the TRAs of test points 329, 370, 431 and IDD. The test sequence of the Open-Drain experi-

ment causes a logic fault on test points 421, 430 and 432. Consequently, these test points are excluded in

the analysis. 223 is also excluded because of measurement error, but is an important result of its own as

discussed in [4]. 

The shaded cells shown along the bottom of columns two and three are the maximum of the three |µ|

and σ statistics of the defect-free devices and are given as 0.79 and 0.57, respectively. The shaded |µ| and σ

statistics of the OD#x devices in these columns are also the maximum values and are given as 4.04 and

9.19. This indicates that the OD |µ| statistic is larger than the DF value by a factor of 5.1 and the σ statistic

is larger by a factor of 16.1. As discussed above, these statistics indirectly measure the error in the esti-

mates of the regression lines.

Columns four and five of Table 3 shows the |µ| and σ statistics of the Open-Drain experiment. In these

results, the minimum |µ| and σ statistics are shaded since we are interested in evaluating the worst case or

the smallest difference between the two sets of OD#x statistics. The minimum values are given by device

OD#3 as 4.32 and 9.07. The values obtained in the Control experiment of 4.04 and 9.19 make it difficult to

identify the variation introduced by the defect in these results. This is true because the width of the region

between the two sets of OD#x statistics is only 0.28 for |µ| and is less than zero for the σ. Therefore, the

Time Domain analysis does not adequately distinguish between the signal behaviors caused by defects and

Control Exp. Open-Drain Exp.

 Device Id |µ| σ |µ| σ
OD#1 3.85 9.19 23.01 92.42
OD#2 4.04 7.89 10.85 33.67
OD#3 3.20 4.23 4.32 9.07
OD#4 2.58 3.53 10.95 37.13
DFMax 0.79 0.57 0.64 0.55

Table 3: Statistical results using Time Domain TRAs of test point pairings 329, 370, 431 and IDD for the 
Control and Open-Drain experiments.
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those caused by process tolerance effects.

Table 4 shows the |µ| and σ statistics computed using the Magnitude TRAs of the Control and Open-

Drain experiments. The maximum Control |µ| and σ statistics are 7.31 and 7.33, respectively, which is a

factor of ten larger than the maximums computed for the defect-free devices. The minimum |µ| and σ sta-

tistics shown shaded on the right side of Table 4 are 10.23 and 10.46. Although the region between the two

sets of statistics is non-zero in both cases, the tolerance is less than half of the regression line error esti-

mate. Similar to conclusions drawn from the Time Domain results, the Magnitude results do not ade-

quately distinguish between the signal behaviors caused by defects and those caused by process tolerance

effects.

Table 5 shows the |µ| and σ statistics computed using the Phase TRAs of the Control and Open-Drain

experiments. The maximum OD#x |µ| and σ statistics are 3.29 and 4.21, respectively. Although this factor

is approximately five times the expected value of |µ| and twenty-five times the expected value of σ, the

minimum |µ| and σ statistics shown for the Open-Drain experiment are 248.29 and 425.62. These values

are larger than OD#x statistics of the Control experiment by a factor greater than seventy-five. Therefore,

Control Exp. Open-Drain Exp.

Device Id |µ| σ |µ| σ
OD#1 3.97 3.47 10.95 13.19
OD#2 7.31 7.33 38.84 76.99
OD#3 1.12 1.43 10.23 10.46
OD#4 4.61 4.42 12.58 14.46
DFMax 0.74 0.82 0.70 0.74

Table 4: Statistical results using Fourier Magnitude TRAs of test point pairings 329, 370, 431 and IDD for the 
Control and Open-Drain experiments.

Control Exp. Open-Drain Exp.

 Device Id µ σ µ σ
OD#1 2.88 3.57 248.29 425.62
OD#2 3.29 4.21 272.43 434.79
OD#3 1.48 1.63 327.77 556.87
OD#4 2.96 3.01 306.71 514.93
DFMax 0.75 0.18 0.73 0.80

Table 5: Statistical results using Fourier Phase TRAs of test point pairings 329, 370, 431 and IDD for the 
Control and Open-Drain experiments.
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the Phase analysis is most useful in distinguishing between the two types of variations.

6.0  Defect Detection using Regression Analysis
In this section, we present the results of two additional experiments conducted on a second set of

defective devices with intentionally inserted bridging defects. Since the |µ| and σ statistics are based on

standardized residuals, a meaningful comparison of these results with the statistics computed in the previ-

ous section is possible. Again, we demonstrate that the phase TRAs are best able to capture the variations

produced by defects. Based on the results of regression analysis, we propose an algorithm that can be used

to automate TSA.

For convenience of reference, we repeat the |µ| and σ statistics computed for the Control and Open-

Drain experiments in the previous section and present the |µ| and σ statistics in separate tables. Tables 6

and 7 show a summary of the Time Domain |µ| and σ statistics, respectively. The left-most column identi-

fies the device with, OD indicating Open-Drain and BR indicating BRidging. The |µ| and σ statistics of

each of the four experiments are shown in columns two through five. The shaded value in column two is

the maximum among the defective device values while the shaded values in columns three, four and five

|µ| Experiment

Device Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 3.85 23.01 29.81 18.56
OD/BR#2 4.04 10.85 42.82 10.62
OD/BR#3 3.20 4.32 37.28 26.12
OD/BR#4 2.58 10.95 21.26 23.53

DFMax 0.79 0.64 0.82 0.59

Table 6: Summary of Time Domain |µ| Statistics.

σ Experiment

Device Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 9.19 92.42 91.46 88.98
OD/BR#2 7.89 33.67 78.37 36.79
OD/BR#3 4.23 9.07 70.11 66.73
OD/BR#4 3.53 37.13 27.94 104.86

DFMax 0.57 0.55 0.80 0.62

Table 7: Summary of Time Domain σ Statistics.
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are the minimum values. The bottom row depicts the maximum Defect-Free |µ| and σ statistics for each

experiment. 

As indicated in columns four and five of Tables 6 and 7, the Time Domain |µ| and σ statistics com-

puted for the BR#x devices are moderately larger on average than the values shown in column three for the

OD#x devices. Moreover, the difference between the maximum OD#x statistics under the Control test

sequence and the minimum BR#x statistics indicates that the Time Domain TRAs were able to capture

some of the regional variation caused by the defect. For example, the maximum σ statistic in column 2 is

9.19 while the minimum σ statistics in columns four and five are 27.94 and 36.79 yielding differences of

18.75 and 27.60, a factor of at least two larger than the error in the regression line estimates.

Tables 8 and 9 show a summary of the Magnitude |µ| and σ statistics, respectively. Similar conclusions

to those given for the time domain results can be made here. Although it is true that in all cases, the mini-

mum values of columns three through five are larger than the values in column two, the difference is not

significant in all cases to reliably identify the defective devices. Notably, the minimum |µ| statistics for all

experiments are less than a factor of two larger than the regression line error estimate while the same is true

|µ| Experiment

Device/Experiment Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 3.97 10.95 9.70 13.40
OD/BR#2 7.31 38.84 12.05 15.89
OD/BR#3 1.12 10.23 20.85 54.97
OD/BR#4 4.61 12.58 20.48 17.05

DFMax 0.74 0.70 0.79 0.67

Table 8: Summary of Magnitude |µ| Statistics.

σ Experiment

Device/Experiment Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 3.47 13.19 13.00 45.70
OD/BR#2 7.33 76.99 20.88 53.69
OD/BR#3 1.43 10.46 42.20 205.75
OD/BR#4 4.42 14.46 28.16 55.68

DFMax 0.82 0.74 0.65 0.66

Table 9: Summary of Magnitude σ Statistics.



17

of the σ statistics for the Open-Drain and Internodal-Bridge experiments.

Tables 10 and 11 show a summary of the Phase |µ| and σ statistics, respectively. It is clear that the

phase results are superior to both the time and magnitude results. First, the smallest minimum |µ| statistic,

given in column five as 15.74, is nearly a factor of five larger than the regression line error estimate of 3.29

given in column two. The factor increases to nearly ten for σ in Table 11. In either case, the |µ| and σ statis-

tics computed using test sequences that provoke the defect are able to capture the signal variation to a sig-

nificant degree. This additional tolerance beyond the maximum values given in column two is important,

particularly in its relation to the 1 - α confidence limits or process tolerance zone. More specifically, the

width of this tolerance zone is directly proportional to the degree of confidence that a positive defect detec-

tion decision is correct.

Further evidence that the phase results are superior to the time and magnitude results is obtained by

ranking the experiments by the amount of signal variation introduced by each of the defects. A straightfor-

ward means of determining this rank is simply to count the number of sensitized paths disrupted by the

defect. For example, the test sequence used in the Open-Drain experiment causes faults on three sensitized

|µ| Experiment

Device/Experiment Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 2.88 248.29 66.51 15.86
OD/BR#2 3.29 272.43 77.37 25.10
OD/BR#3 1.48 327.77 60.54 38.60
OD/BR#4 2.96 306.71 94.39 15.74

DFMax 0.75 0.73 0.74 0.67

Table 10: Summary of Phase |µ| Statistics.

σ Experiment

Device/Experiment Control Open-Drain
Internodal-

Bridge
Feedback-

Bridge

OD/BR#1 3.57 425.62 214.58 48.21
OD/BR#2 4.21 434.79 227.15 91.82
OD/BR#3 1.63 556.87 117.59 120.26
OD/BR#4 3.01 514.93 303.64 40.81

DFMax 0.18 0.80 0.76 0.68

Table 11: Summary of Phase σ Statistics.
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paths. The test sequence of the Internodal-Bridging experiment causes faults on two sensitized paths while

the test sequence used in the Feedback-Bridging experiment causes a fault on a single sensitized path.

Except of a single instance, the ranks of |µ| and σ statistics correspond to this ordering as shown from left

to right along each row of columns three through five in Tables 10 and 11. This correspondence is not

unexpected since each of the faulted paths contribute to off-path signal variation. Therefore, in addition to

providing more significant statistical values, the phase results are consistent with the observed fault behav-

ior across experiments.

The |µ| and σ statistics provide the basis on which a defect detection algorithm can be devised. We

recognize that any type of device testing method requires a test vector generation strategy and we discuss

the criteria important to TSA in the next section. Given a set of suitable test vector pairs and a set of known

defect-free devices, device testing can be carried out in a straightforward manner as follows. The regres-

sion lines of pairing between selected test point signals are derived and the |µ| and σ statistics are com-

puted under each of the test sequences. A second set of known defect-free devices are used to evaluate the

error in the regression line estimates and the process is repeated until the error is acceptably small. The

process tolerance zones based on 1 - α confidence limits are derived under each test sequence. As dis-

cussed above, these zones account for variation due to unmodeled variables such as measurement noise

and intra-device process tolerance effects. The |µ| and σ statistics of each test device are then computed

and compared against the process tolerance zone limits. If a |µ| or σ statistic falls outside of the process

tolerance zone under any of the test sequences, the device is marked as defective.

7.0  Summary and Conclusions
We presented a statistical technique to identify defects in digital integrated circuits that is based on lin-

ear regression analysis of transient signal data. The variations in the transient signals of defect-free and

defective devices are captured at multiple test points using Signature Waveforms (SWs). We devised an

efficient method of compressing the variation in SWs to a single value called a Trapezoidal Rule Area or

TRA. TRAs represent the area under the SW curves computed using a Trapezoidal Rule integration

method. 

TRAs are advantageous because they are easy to compute and reduce the time and complexity of

waveform post-processing. More importantly, however, is the linear property that we have observed in the

TRAs across devices affected only by process tolerance effects. We exploit this property in the scatter plots
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of test point pairings by computing a regression line through the defect-free data points, as a means of iso-

lating the variations caused by defects. The variations introduced by defects are captured by computing

residuals, and summarized for each device in two statistics, |µ| and σ, which measure the average deviation

and the dispersion of the residuals around the regression lines.

We used the |µ| and σ statistics to evaluate the effectiveness of the time, Fourier magnitude and phase

TRAs in capturing variations caused by defects in four hardware experiments. Since the number of test

devices in our experiments was small, we estimated the error in the regression lines using a control experi-

ment and found the regression lines to be reasonably estimated. We compared the |µ| and σ statistics of this

experiment with those obtained from three defective device experiments and determined that the phase

analysis yielded values that were consistently larger than the time domain and magnitude analysis with

respect to the regression line estimation error. For example, we measured regression line error for |µ| that

was less than a factor of five times larger than the expected value. However, the smallest |µ| statistics in the

defective device experiments was twenty-three times larger than the expected value. σ yielded factors of

twenty-four and sixty for these experiments, respectively. Therefore, the phase TRAs provide the highest

degree of confidence that a positive defect detection decision is correct.

Based on these experimental results, we proposed an algorithm to automate the detection of defects in

TSA. The algorithm is dependent on the 1 - α confidence limits or process tolerance zones derived using

larger sets of defect-free device sets. Defective devices are identified by comparing the |µ| and σ statistics

with the 1 - α confidence limits under each test sequence and, for tests in which the former exceeds the lat-

ter, the device is marked as defective. Accurate estimates of the 1 - α confidence limits are necessary

because they account for variation due to unmodeled variables such as measurement noise and intra-device

process tolerances.

We are conducting a set of modeling experiments designed to determine the relative contributions of

the primary coupling mechanisms, namely the power supply, internodal, well and substrate. A second

objective of these experiments is to better understand the relationship between variations in phase and the

presence of a defect. The sensitivity of the method to the variations caused by other types of shorting and

open defects is also under investigation in these experiments. This information will help us evaluate the

scalability of the technique to larger devices by providing the test point number and position requirements

necessary in order to attain suitable fault coverage. 
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We are also evaluating the applicability of TSA to failure analysis in these experiments. Since TSA is

based on the analysis of test point signals measured at distinct topological locations on the device, implicit

information about the location of the defect is available in the multiple test point waveforms. The variety

of defect types that we have introduced into the test devices of these experiments will allow the signal

behavior of the defects to be characterized as well.
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