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Abstract

An approach of enhancing yield in the production of piezoresistive pressure sensors for automotive applications is described. The main idea is
to introduce an advanced pre-check, which sorts out potentially bad sensors before the actual calibration. The sorting algorithm is performed in
two steps. In the first step, the linear correlation coefficient for the pre-checked sensor is calculated and compared to a margin initially estimated on
the basis of the production first series and continuously adjusted during the mass production in accordance with the quality management strategy.
In the second step, the actual values of coefficients of the pre-checked sensor are compared with the values of the reference coefficients. Both
conditions must be met to enter the evaluated sensor in the calibration procedure. Empirical data from sensor production are given to illustrate the

advantage of the described approach.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

In manufacturing of modern electronic devices achieving and
maintaining high yield level is a challenging task, which depends
on the capability of identifying and correcting repetitive failure
mechanisms. In most industries, yield has been defined as the
number of products that can be sold divided by the number of
products that can be made. The true yield number, however, is
the number of functional and reliable products — shipped and
paid for — minus the number of innocent bystanders (the per-
fectly good products rejected in the testing process) divided by
the total manufactured [1]. Yield Enhancement defined as the
process of improving the baseline yield for a given technology
generation from R&D yield level to mature yield is one of the
strategic topics of International Technology Roadmap for Semi-
conductors [2]. The concept is based on yield learning, which is
acollection and application of knowledge of manufacturing pro-
cess in order to improve device yield through the identification
and resolution of systematic and random manufacturing events.
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Although primarily focused on semiconductor wafer technology
the concept of yield improvement is general and can be applied
to other electronic technologies.

Electronic sensors are massively involved in modern
industrial automation applications. While sensor design and fab-
rication techniques including yield reports have been published
in numerous papers, little publicity has been given in particu-
lar to the yield enhancement. One of the most time consuming
steps in sensor production is calibration. Each sensor is individ-
ually exposed to several reference input signals and its transfer
function is calibrated such that electrical output signal corre-
sponds to the measured physical signal within the prescribed
tolerance ranges. Significant loss in total production yield may
result from the loss in calibration system. The calibration sys-
tem has finite number of calibration places. Every sensor, which
has failed after calibration represents missed opportunity to pro-
duce a good part and diminishes overall yield of the production
process.

In this paper we describe the approach of enhancing yield in
the production of piezoresistive pressure sensors for automotive
applications. The main idea is to introduce an advanced calibra-
tion pre-check based on continuous learning from the calibration
results of the past production. The process is schematically
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Fig. 1. MAP (manifold absolute pressure) sensor production.

depicted in Fig. 1 and will be described in more details in
subsequent sections.

2. Automotive pressure sensor

A major obstacle in piezoresistive sensors compensation and
calibration is the wide range of errors they exhibit. Primary error
sources are [3]: strong, non-linear dependence of the full-scale
signal on temperature (up to 1%/K), large initial offset (up to
100% of full scale or more at low pressure sensors), and strong
drift of offset with temperature (packaging influence). In order
to get the desired characteristic of the final product different
algorithms and design strategies for calibration and temperature
compensation are employed [4,5].

In our case, the pressure-sensing element is a silicon piezore-
sistive transducer shown in Fig. 2 and the calibration circuit is

e SO

Fig. 2. Silicon piezoresistive transducer.

sketched in Fig. 3. The implanted piezoresistive structure forms
a Wheatstone bridge. Provided in die form, the silicon dice is
bonded on Pyrex socle. The complete measurement structure is
mounted on a ceramic substrate. The sealed Pyrex socle allows
using the sensor for absolute pressure measurement with vacuum
as reference pressure. This type of pressure sensor consists of a
micro-machined silicon diaphragm with diffused piezoresistive
strain gauges.

The bridge resistance between Vcc and ground is con-
stant over the operating pressure range. However, the bridge
resistance changes with temperature at typically 800 ppm/°C
rate. When the bridge excitation is constant-current source,
the bridge voltage Vp is proportional to the bridge resis-
tance. The bridge resistance change results in a bridge voltage
change, which can be used as temperature signal for temperature
compensation.

At given ambient temperature 7 and applied pressure p, the
differential output voltage V), is proportional to the bridge volt-
age Vp. Sensitivity S is sensor characteristics and is temperature
dependant.

Vo = pS(T)VB ey

The sensitivity S decreases with temperature due to the tem-
perature dependence of piezoresistive coefficients in sensor’s
silicon structure.

I

Vi =Vr(T)
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Fig. 3. Typical digitally calibrated pressure sensor.
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The temperature compensation and calibration are done by
two-chip digital sensor signal conditioner. Sensor bridge is
piezoresistive silicon pressure sensor with vacuum as reference
to measure absolute pressures.

As shown in Fig. 3, sensor bridge is connected to a digital
sensor signal conditioner. The main task for the signal condi-
tioning electronics is to correct errors induced in the sensing
element by stimuli other than the primary sensing parameter.
Magnitudes of errors vary from unit to unit, requiring calibra-
tion process in which each sensor is individually measured over
the required operating range. Calibration is based on a numeri-
cal model, which can be defined by a multidimensional Taylor’s
series [6]. Calibration coefficients are represented by constants
in Taylor’s series. Based on the test data and calibration algo-
rithm, the digital signal conditioning electronic circuit for each
sensor is programmed with digital calibration coefficients stored
in the internal calibration memory. Digital programming pro-
cedure minimizes sensor, interface, and electronics errors and
makes external calibration components or laser trimming unnec-
essary.

In our case, a semi-custom ASIC is optimized for ratiometric
differential sensors. Differential bridge signal is amplified with
chopper-stabilized programmable gain amplifier, programmable
to three differential gains (15.66, 24 and 42) and then converted
with a single 12-bitinput ADC. The 16-bit RISC microcontroller
performs permanent correction calculation based on the pres-
sure and temperature measurement. The corrected output signal
is generated by a 11-bit output DAC. The temperature is sensed
optionally through off-chip or on-chip diode. The correction
processor has 16-bit ALU and (16 x 16 bit) RAM, (1k x 16)-bit
instruction ROM and (12 x 16)-bit parameter EEPROM. The
correction formula is based on seven calibration coefficients
stored in an EEPROM. The EEPROM stores the configuration
word, calibration coefficients, upper and lower output signal
limits and customer specific identifiers. Provided I2C inter-
face serves for calibration purposes and the corrected sensor
signal is also available as 12-bit digital word. The sensor sig-
nal conditioner implemented by ZMD31020 [8] is placed on a
ceramic substrate together with silicon piezoresistive pressure
die. To compensate sensor temperature errors, ZMD31020 is
equipped by an external diode or by an on-chip pn-junction.
Since the ceramic substrate provides high thermal conductiv-
ity and the pressure die is placed close to ZMD31020 both
chips have the same temperature and internal pn-junction can be
utilized [4].

The MAP (manifold absolute pressure) sensor, described in
our case, is used for automotive applications. In particular, it
takes part in the internal combustion engine’s electronic control
system. The manifold absolute pressure measurement is critical
to an engine’s electronic control unit (ECU) in order to cal-
culate fuel and spark requirements. MAP sensor measures the
“absolute pressure” (not manifold vacuum) in the engine’s intake
manifold. The mass of the air entering the engine is directly pro-
portional to its density, which is directly proportional to the air’s
absolute pressure, and inversely proportional to the air’s absolute
temperature. Besides, MAP sensor can also be used to measure
the barometric absolute pressure. [3]

3. Calibration algorithms

Numerous correction equations are available for sensor cor-
rection. The choice mostly depends on the behavior and nature
of the uncorrected output of the sensor represented by the raw
AD readout. The most appropriate compensation and calibration
equation is based on the physics of the sensor element and its
interfacing electronic circuit.

In general, sensor transfer function can be expressed by a
multidimensional Taylor series [7,6]:

F(xla-XZa "'7xn)
D(YD?2) D)

= ZZ . ’Zci’j""’p[xl — Hl]i[x2 _ Hz]j' [xn — H, 1P

i=0 j=0  p=0
2

Typical pressure sensor compensation takes two parameters:
digitized pressure voltage V), from the pressure sensor element
and digitized temperature feedback signal Vt (Fig. 3). The tem-
perature signal is extracted from the pressure-sensing element or
generated by a separate temperature sensor. Measured voltages
are digitized and converted by using higher order, multisegment
calculation of formula (2).

Silicon piezoresistive sensors have normally linear responses
in the range below 0.1% FSO for pressure ranges around 1 bar
and above. For automotive applications it is sufficient to use
cubic polynomial approximation for pressure signal and lin-
ear function for temperature signal (3). The errors limiting final
accuracy are in this case thermal hysteresis and sensor repeata-
bility.

2 1 ) )
F(xp,xT)ZZZCZ'J[)C[,—H,']Z[XT—H]]] 3)

i=0 j=0

Full operating range is divided into several segments by using
piecewise polynomial segmentation.

Sensor signal conditioner has its calibration algorithm based
on formula (3). The algorithm is optimized for the employed
microcontroller. General form of sensor function is transferred
to very specific formula, Eq. (4), based on raw, integer ADC
readouts and scaled for minimal numerical errors and minimal
required memory space for storing calibration coefficients [8,9].
Numerical operations are reduced to integer algebra within 16-
bit precision.

dxp + 2_24a0x?, +a; + 2_9a2xT + 2_18a3x%

as + 2_9a5xT + 2_18616)6%

F(xp, x7) = 212
“4)
Eq. (4) is rewritten to form (3) in (5)

Co + Cixp + Coxy + Caxy + Cyxg
Csxt + C6x%~

F(xp, x7) = (&)

Calculations are performed with minimal table size (number
of polynomials) at maximal accuracy. There are other methods
for approximation of sensor transfer function, like cubic splines
[10]. The drawback of splines is larger number of multiplications
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Fig. 4. Pressure sensor calibration equipment.

required for same output resulting in prolonged sensor signal
delays and slower output signal update rate.

Transfer function approximation is adjusted to the target cal-
ibration range for each device. This is done by specifying the
values of the calibration coefficients C; stored in the DSSC
internal non-volatile memory.

4. Calibration procedure

Calibration procedure is a process of determining coefficients
in formula (5) by means of collected raw measurements from the
pressure sensor bridge. The sequence of measurements is called
calibration scenario. Each pressure sensor type has its own cal-
ibration scenario, which is defined in the product development
phase. Scenario provides the shortest possible calibration time
to obtain the required final accuracy for the specific sensor type.

Pressure sensors are calibrated in groups (128 sensors, in our
case) at the same time. There is no general rule for determining
the calibration lot size. It depends on calibration complex-
ity, required production throughput and volume, calibration
sensor type and requirements, etc. Normally, the calibration
equipment is flexible to suit different requirements. Calibra-
tion system consists of a data acquisition station, temperature
chamber and controlled pressure source. Readouts are acquired
in sequence from each individual sensor. During this scanning
process, the environment conditions must be stable to avoid
measurement-induced errors in input vectors for calibration
coefficient calculation. Elements of the calibration set-up are
shown in Fig. 4.

Standard calibration scenario with three pressure points
and three temperature points {3P/3T} has 19 steps as shown
in Table 1. Non-calibrated sensors are exposed to three dif-
ferent temperatures inside climatic chamber. During the first
two steps, the calibration places are populated with assembled

non-calibrated parts, hopefully without failures. The data for
coefficient calculation is collected only after the whole scenario
is completed (i.e., all sensors must be exposed to all temperature
and pressure points).

If a failure is detected during calibration (for example, fail-
ures due to infant mortality, parametric failures, etc.), it is not
possible to simply replace the failed sensor and continue with
the scenario. Complete process has to be restarted from step 3
in Table 1. Consequently, replacement of bad sensors detected
during calibration would cause enormous delays. It is therefore
advisable to completely finish the running calibration even with
some bad sensors. On the other hand, early detection of potential
failures may have a significant impact on achieving high yield
in mass production.

Table 1
Calibration steps for {3P/3T} scenario

Step number Operation Time taken (min)
1 Set-up 2
2 Pre-check 2
3 T1 stabilization 15
4 P1 measurement 1
5 P2 measurement 1
6 P3 measurement 1
7 DAC calibration 3
8 T2 stabilization 15
9 P1 measurement 1

10 P2 measurement 1

11 P3 measurement 1

12 DAC calibration 3

13 T3 stabilization 15

14 P1 measurement 1

15 P2 measurement 1

16 P3 measurement 1

17 DAC calibration 3

18 Programming 1

19 Final test 4
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Cumulative time and cost during calibration process for cali-
brating 128 sensors is shown in Fig. 5. Set-up and pre-check are
finished quickly. The curve exhibits rapid rise after step 3. Every
temperature stabilization step requires significant time interval.
Complete calibration process is finished in about 70 min for typ-
ical {3P/3T} calibration scenario. The presented scenario is just
one of the possible calibration progressions. Other possible sce-
narios run at two pressure and temperature points. More than
three measuring points on each axis are needed for higher tar-
geted accuracy (Table 2). For standard industrial or automotive
pressure sensors, scenario with three pressure points (N, =3)
and two temperature points (N7 = 3) is sufficient for the accuracy
0.5%.

MAP sensor requires {3P/3T} scenario in order to acquire
data for solving the system of polynomial equations to derive
coefficients Cy, ; from Eq. (5). Since pressure sweep is an order of
magnitude faster than temperature sweep it is optimal to avoid
multiple, unnecessary temperature transitions. Normally, tem-
perature is set and after stabilization, pressure sweep is done to
collect raw sensor responses (Table 1).

Before calibration, sensors are stored at room temperature.
Since no temperature stabilization is allowed to keep any addi-
tional delays as short as possible, sensors are pre-checked at
room temperature on docking working place. General sensor
transfer function (3) is simplified to a single temperature point:

2
F(xp, xr) =Y Ciolx, — HY (xr — Ho)
i=0

(6)

Table 2
Target accuracy of some other possible scenarios

Scenario N, Nt Typical target accuracy (%)
{2pP2T} 2 2 1

{3P/2T} 3 2 0.5

{3P/3T} 3 3 0.2

{4P/3T} 4 3 0.1

g. 5. Typical pressure sensor calibration timing.

This simplified formula is the basis for sorting algorithms
presented in this paper.

5. Calibration yield improvement

When pressure sensors are produced in high volume (automo-
tive or medical applications), the manufacturing yield becomes
a major economic factor. Not only achieved yield, but also the
ability to rapidly achieve high yields is of crucial importance.
High volume production of pressure sensors is usually based on a
limited number of different types. While in most cases common
circuit design, calibration algorithm and testing are employed
there are, however, variations in housing and pressure range.
Whenever a new sensor type is introduced, the yield drops at the
beginning. A rapid yield ramp-up phase is required to catch the
economic goals.

Normally, there are three distinctive sets of activities in the
process of improving the yield: detection of yield loss, identi-
fication of the failure source (defect diagnosis) and corrective
actions [11]. Due to the specific nature of pressure sensor pro-
duction it is imperative to improve calibration yield since it has
a direct consequence on the actual manufacturing yield. Cali-
bration yield is the ratio between good parts after final test in
calibration N, and total number of calibration positions avail-
able Ny. It is assumed that calibration system is 100% occupied
which is true for mass production.

Np

No (7

]7 =

Calibration yield can be improved by optimizing the number
of sensors calibrated in a batch and by advanced pre-checking.

The balance between the number of parts in a batch and the
cost of establishing conditions for such parallel process gives
the optimal number of simultaneous calibrations. When the
number of sensors calibrated in a batch is low, total production
time for specific production volume may become prohibitively
large. On the other hand, the cost and complexity of calibration
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system grow with the number of sensors simultaneously
processed (Fig. 6).

Conventional pre-check (step 2 in Table 1) sorts out only
totally failed sensors. They are replaced with potentially good
ones in the calibration system and the calibration procedure con-
tinues with step 3. Calibration is a time consuming task hence
in order to be effective it should be performed on potentially
good devices. Sensor bridges with large offsets or very small
sensitivity cannot be calibrated. Calibration algorithm and its
implementation in DSSC have limiting capability. Limitations
come from different sources within the calibration electronic
circuit (like saturation voltages) or limited precision resulted
in numerical errors (e.g., integer division with small numbers).
Every failed sensor occupying any of the 128 available cali-
bration places increases yield loss. Identification of potentially
bad sensors in the early pre-check phase is a prerequisite for
calibration yield improvement.

The main challenge addressed in this paper is to find the
set of pre-check parameters to sort out potentially bad sensors,
which are out of calibration range. The objective is to find ranges
for pre-check coefficients of expression (6) and their correlation
to failures, which would distinguish possibly bad sensors from
those which can be calibrated early in the pre-check phase two.

In such an advanced pre-checking, pre-check coefficients are
calculated from the measurements performed at pressure sweep
at room temperature. At the beginning of the sorting process,
the limits are wide open allowing all sensors to pass the pre-
check test. During early production stages for specific (or new)
pressure sensor type these limits are continuously adjusted on
the basis of correlation between the sensors failed after calibra-
tion and the values of pre-check coefficients. Ranges become
more narrow and close to the optimal values. During the learn-
ing process it is possible to trim the sorting algorithm to be
stricter and sort out even some sensors, which might be good at
the end of calibration. The opposite direction of manual algo-
rithm trimming results in relaxed margins allowing to pass even

some bad sensors, which helps to avoid unnecessary loses on
the expense of increased average calibration time. The line for
sorting is not always sharp. Implemented algorithm presented in
this paper allows flexible margins. An important feature is that
it eliminates human errors due to wrong or subjective decisions.

6. Pre-check sorting background

Sorting algorithm is based on the measurements obtained at
single, room temperature only. Consequently sensor character-
istic (3) is simplified to

2

Fip,x) = 3 Cpolixy — Hilllxr — Hol ®)
i=0

Measurements for pre-check are performed at N, pressure
points. Normal praxis is to measure at the offset pressure and at
two different pressure points (N, =2), one close to the middle
of the range and one near the full scale.

Assume that we have measured Ny sensors of the same type.
Each sensor can be characterized at fixed room temperature with
three coefficients from formula (8): Cqo, C10 and Cyg. Notice that
the second index is O as the temperature is not changing and we
are working at room temperature only. At specific time point in
production the set of pre-check parameters is collected and used
as a learning set table:

Coo,1 Cio1 Co0,1
Coo2  Cio2  Cop2

Mpc = | | ) ) &)
Coo,ny  Cro,ny  Co0,ny

First line in the learning set table Mpc describes characteris-
tics at room temperature of the first measured sensor, next line,
the second sensor from earlier production and so on. The above
learning set will be used for pre-checking a new sensor with the
following pre-check coefficients:

Cpcx = {Coo,Nx+1, C10,Nx+1, C20,Nx+1} (10)

The sorting algorithm uses custom function s(Mpc), which
calculates the probability of failure of each pre-checked sen-
sor after calibration. Sorting function is specific for each sensor
type and is based on the implementation of the corresponding
calibration algorithm. Practical example is shown in the next sec-
tion. Function s(Mpc) borrows some ideas from the algorithms
reported in [12]. From theoretical point of view, optimal coef-
ficient sorting algorithm for active feedback learning problems
requires an exhaustive search of all possible subsets of pre-check
coefficients of the chosen cardinality. For a large number of
coefficients, this is may become quite impractical.

In our case, a limited set of coefficients allows us to sim-
plify function s(Mpc) and to perform sorting algorithm within
reasonable time limits.

Assume the finite number Ny of calibrated sensors with pre-
check set of coefficients Mpc and the unknown sensor under
evaluation with pre-check set of coefficients (10).
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The sorting algorithm first calculates the reference set of
sorting coefficients from the learning set (9) in the following
way:

1 Ny Nx Nx
s(Mpe) = - > €00 Croi Y _Cny.i (11)
i=1 i=1

i=1

The result is the reference set Cr representing the mean value
of all calibration coefficients.

Cr={Co0 Co1 Coo) 12)

Next, the linear correlation coefficient r (also called the
product-moment correlation coefficient, or Pearson’s r) between
the unknown sensor coefficients Cpcx (10) and the average set
CR is calculated

_ Y = X)(yi — )
r =
\/Z?:l(xi - X \/Z:‘l:l(yi -7’

In the above expression, x; are coefficients in Cpcy (10), y;
are the average reference coefficients in the set s(Mpc) (12).
Average values X and Yof sets Cpcy and s(Mpc), respectively,
are calculated by

13)

Np Ny

11
Y = N—pN—XZZCjO,,- (14)

i=1 j=1

The linear correlation coefficient r has values in the range
in the interval [—1,1]. Its value is close to one when the coeffi-
cients of the pre-checked sensor are in good correlation with the
average reference coefficients.

The sorting algorithm is performed in two steps. In the first
step, the linear correlation coefficient r for the pre-checked sen-
sor is calculated and compared to a margin ppc.

The value of ppc is initially estimated on the basis of the pro-
duction first series and continuously adjusted during the mass
production in accordance with the quality management strategy.
Depending on the type, production volume and sensor character-
istics, adjustments can be performed manually or autonomously
within the calibration software. If

r(Cr, Cpcx) > ppC (15)

the sensor is passed to the second step otherwise it is replaced
by a known good part. In the second step, the actual values of
coefficients of the pre-checked sensor are compared with the
values of the reference coefficients. Only the largest coefficient
is compared with the corresponding reference coefficient

Cpcmax = max(CR) (16)

Assuming a predefined acceptance tolerance epc the evalu-
ated coefficient must lie within the interval

Cpcmax(l — epc) > Cxiyaxo > Cpemax(l + epc) (17)

Both conditions (15) and (17) must be met to enter the eval-
uated sensor in the calibration procedure. Failed sensors are
replaced with good parts and the calibration starts only by sen-
sors that passed the pre-check procedure. For this purpose it is

Precheck
Failures? Replace  fa------ Known good
parts
¥
Calibration

Fig.7. Single pass pre-check procedure uses a pool of good pre-checked sensors
to replace the failed parts.

necessary to have some pool of good pre-checked sensors on
stock. Some small additional time is needed when the failed
sensors at pre-check are replaced in a single pass pre-check
procedure as shown in Fig. 7.

7. Test results

The calibration phase in MAP sensor production (Fig. 1)
employs modular calibration system consisting of several sensor
calibrator modules shown in Fig. 8. A calibrator module provides
interfacing to maximum 16 sensors. Each sensor is individu-
ally addressed and controlled by the instrumentation electronics.
Interface provides the following control functions for each indi-
vidual sensor being calibrated: power supply switching, 12C
and single wire interface for each sensor, output voltage mea-
surement with 16-bit precision and valve control for switching
pressure or other actuators. The module is operated via RS-485
interface. Each module has its own 8-bit address, which allows
up to 255 slave modules on same bus. Interconnection is done
with four wires (two differential RS-485 lines and unregulated
12 V power supply). Sensor calibrator modules are connected to
a single master module, with interfacing options to standard test
equipment: ethernet with TCP/IP, USB or serial port. The data
acquisition application is prepared in LabView.

When a new product is introduced, production database is
created with no calibration data. Measurement results obtained

Fig. 8. Universal sensor calibrator with 16 pressure sensors.
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Table 3
Statistical summary of learning set Cr (N=1034)

Coo Cot Coz
Mean 369.37 1870.61 1169.02
Standard error 2.10 3.21 2.53
Sample variance 4548.01 10622.37 6602.36
Range 550 708 632
Maximum 637 2217 1477
Minimum 87 1509 845

C00 Histogram

Frequency

362 417 472 527 582 637
Bin

87 142 197 252 307

Fig. 9. Histogram for coefficient Cop from learning set (N =1034).

from the good sensors in zero-series serve as the basis for the
calculation of the initial learning set (9). In our case, the lot
size of the zero-series was 1088 sensors resulting in 1034 good
sensors after final calibration.

Some basic statistics relating the initial learning set are sum-
marized in Table 3. Notice that the ranges of the initial values
of coefficients are quite large due to a wide distribution of sen-
sors’ offsets. As the production quality improves, the deviation
of parameters characterizing the product converges to a sharper
distribution, which narrows the ranges of pre-check coefficients.

Histograms of learning set coefficients are given in
Figs. 9-11.

As mentioned above, preliminary data collection was per-
formed on total Na =1088 sensors from regular production.
Functional pre-check (Fig. 1) revealed 11 faulty sensors before
calibration step (Ng=11). After calibration, 43 sensors did not
pass the final test (Ngc =43). Calibration yield for zero-series
was

N
Ya = 100% — —— < — 96%
Na — Nr
CO1 Histogram
300 +
250 +

Frequency
v
(=]
+

1509 1580 1651 1721 1792 1863 1934 2005 2075 2146 2217
Bin

Fig. 10. Histogram for coefficient Cp; from learning set (N =1034).

C02 Histogram

Frequency

845 908 971 1035 1098 1161 1224 1287 1351 1414 1477
Bin

Fig. 11. Histogram for coefficient Cp from learning set (N =1034).

The feasibility study indicated that 35 sensors out of 43 failed
sensors would be detected if the advanced pre-check on the zero-
series was employed. Hence, the total number of failed parts
could be minimized to N~ = 8 and the calibration yield would
increase to 99.2%.

!/
Y = 100% — —FC__
NA — Nr

After initial promising results, the method was implemented
in the production calibration software. By using the advanced
pre-check in regular MAP sensor production the calibration
yield is now maintained above 99%. Total number of produced
sensors in the first series was Na = 13,832. The number of failed
sensors was 916, from which 793 sensors were sorted out by the
advanced pre-check. With only functional pre-check the calibra-
tion yield would be only 93.4%. The actual yield as the result of
successfully implemented advanced calibration pre-check was
99.1%. Subsequent series yield was further improved to 99.4%
by the adjustments of sorting coefficients based on continuous
learning.

Analyzing the total amount of time for calibration with and
without the advanced pre-check, we assessed that 940 ms addi-
tional delay per sensor is spent for advanced pre-check when
using 128 places for calibration. This time is negligible in com-
parison with the total calibration time (Table 1).

=99.2%

8. Conclusions

Manufacturing yield is an important issue because of its
direct connection to profitability. Achieving yield close to 100%
requires advanced and constantly improving techniques. Yield
enhancement includes detection of failures and identification
of defect sources in production process. Traditional approaches
concentrate on sample based in-line inspection and the ability to
diagnose faults and to correlate the results with possible sources
of variation or defectivity.

In massive MAP sensor production, calibration scenario takes
several minutes and its run-time optimization directly impacts
production yield. Calibration yield can be improved by optimiz-
ing the number of sensors calibrated in a batch and by advanced
pre-checking. The approach described in the paper employs fast
pre-check based on a sorting algorithm with a margin continu-
ously adjusted during production. Empirical production test data
show that a significant yield improvement is achieved with little
additional test time.
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