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Abstract—-Previously described sigma schemes for the estimation of dispersion parameters in low wind-
speed situations are evaluated statistically with the data obtained in a series of diffusion experiments
(conducted by U.S. National Oceanic and Atmospheric Administration) under stable and low wind-speed
conditions. The qualitative performances of the sigma schemes were intercompared in an earlier study using
the same data. Various performance measures for the statistical evaluation of air-quality models are
described.

The evaluation exercise is carried out, essentially, on seven versions of a K-theory-based model which
differed from one another in the choice of dispersion parameters (sigma schemes). The analysis based on
selected statistical measures indicated consistency in the qualitative and quantitative performances of the
schemes. The performances are evaluated for the peak concentrations as well as for the overall concentra-
tion distribution. Those schemes which are based on the approach of dividing the hourly test period into
smaller intervals exhibit better performance in predicting the peak as well as the lateral spread. The blocked
bootstrap resampling technique was adopted to investigate the statistical significance of the differences in
performances of each of the schemes by computing 95% confidence limits on the parameters FB, NMSE
and R.

Key word index: Statistical analysis, model evaluation, low wind dispersion, sigma schemes.

INTRODUCTION

The dispersion of a tracer in weak and variable wind
conditions (typically U < 2 ms- 1) results in a concen-
tration field which generally has non-Gaussian shape
(nature) (Yamamoto et al., 1986). As a result, the
application of Gaussian models in their primitive
form is known to give erroneous results in such atmo-
spheric situations. However, for most regulatory pur-
poses, Gaussian or modified Gaussian models still
find wide usage because of numerous apparent ad-
vantages (EPA, 1978; EPRI, 1982; Juda-Rezler, 1989;
Zannetti, 1990). One of the most important para-
meters in plume dispersion modelling is the plume
growth, more commonly referred to as dispersion
coefficients ((7). The conventional (standard) methods
for the estimation of dispersion coefficients normally
lead to overprediction of the concentration peak and
underprediction of the plume spread in dealing with
low wind-speed situations (Kristensen et al., 1981).
Several modifications have been suggested over the
years to overcome this problem (Sagendorf and Dick-
son, 1974; Zannetti, 1981; Cirillo and Poli, 1992;
Sharan et al., 1995). In most of the cases, the solution
based on K-theory has been utilized to study various
schemes for the estimation of dispersion para-
meters in low wind conditions. Sagendorf and Dickson

(1974) have used the standard Gaussian plume for-
mula, whereas Zannetti (1981) has proposed an algo-
rithm for the treatment of low winds using Gaussian
puff approach. Cirillo and Poli (1992) have intercom-
pared four semiempirical models (out of which three
are based on Gaussian approach) under low wind-
speed, stable conditions. Sharan et al. (1995) have used
a modified analytical solution of K-theory-based ad-
vection-diffusion equation including the downwind
diffusion term for the comparison of sigma schemes in
low wind conditions. They have provided a detailed
description of each scheme and intercompared their
performances, in a qualitative sense, using concentra-
tion data measured in a series of diffusion experiments
conducted by U.S. National Oceanic and Atmo-
spheric Administration (NOAA) under inversion con-
ditions and light winds (Sagendorf and Dickson,
1974).

In the last decade or so there has been a great deal
of emphasis on assessing/evaluating performance of
air-quality models (Weil and Jepsen, 1977; Fox, 1981;
Venkatram, 1982; Smith, 1984; Cox and Tikvart,
1990; Hanna et al., 1991). More recently, Weil et
al. (1992) have provided an exhaustive review of
air-quality model evaluations. Most of the model
evaluation exercises essentially deal with opera-
tional performance evaluation and model physics
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verification. In addition, the performance of two or
more models are intercompared. A study on compari-
son of three plume rise models has been done by
Kumar et al. (1991) using some statistical measures.

In this paper, we have evaluated quantitatively,
using key statistical measures (Hanna et al., 1991), the
use of various sigma schemes described by Sharan et
al. (1995). The aim is to establish superiority of one
scheme over the others in a statistical sense and to see
if the outcome of this study is consistent with the
findings of qualitative intercomparison performed by
Sharan et al. (1995). In other words, seven versions of
a K-theory-based model which differed from each
other only in the choice (estimation) of the dispersion
parameters have been evaluated.

CONCENTRATION FORMULA AND BRIEF DESCRIPTION

OF SCHEMES

The formula used for computing the mean concen-
tration, C, at any receptor point (x, y, z) in space due
to a source of strength Q located at a height H above
the ground is given by

C{x,y,z,H) =

where

Qxe*

2nUaxoyGz 9 J (1)

(Z + H)2

V is the mean wind-speed which is obtained at the
measurement height (4 m) and ax, trr and az are the
dispersion coefficients in the alongwind, crosswind
and vertical directions. The significant difference be-
tween concentration formula given by equation (1)
and the standard Gaussian plume formula is that the
former includes alongwind diffusion. Differences in
the way the dispersion coefficients (tr's) are estimated
lead to different sigma schemes. A brief account of the
dispersion schemes evaluated in this study is as fol-
lows.

(a) Standard (S): For calculating hourly concentra-
tions using equation (I), the estimation of dispersion
coefficients, ax, cry, trz, from Pasquill-Gifford (P-G)
curves is based on a single atmospheric stability deter-
mined from vertical temperature gradient (Sagendorf
and Dickson, 1974).

(b) Split sigma (SS): Here, the vertical dispersion
coefficient, trz, is determined as in S scheme, whereas
the estimation of horizontal dispersion coefficients, cry,
try, is based on stability determined from standard
deviation of horizontal wind direction, tr0, over the
test period. The expressions used for estimating trx,
try and trz are again based on P--G curves (Sharan
et al., 1995).

(c) Split sigma theta (SST): It differs from the pre-
vious schemes only in the estimation of trx and try

which is done using relationships (Cirillo and Poli,
1992) in terms of hyperbolic functions of tr0 and the
downwind distance from the source

ax = X [-cosh(tr2) - (2)

(3)

In this and the previous two schemes, each hourly test
period is treated as a single interval and the average
concentrations are computed in a single step.

(d) Segmented plume (I) (SPI): In this scheme, each
hourly test period is divided into smaller intervals
(2 min duration), then concentrations are computed
for each subinterval and finally averaged over the
entire test period. The vertical dispersion coefficient,
trz, is estimated as in the earlier schemes, whereas
horizontal coefficients are based on an empirical
curve local to the experimental site (Sagendorf and
Dickson, 1974):

= ay = O.O17aox° (4)

(e) Segmented plume (11) (SPII): It is the same as
the SPI scheme except that trx and cry are estimated for
every subinterval as in the SST scheme.

(f) Short-term averaging (STA): This is essentially
a kind of segmented plume approach wherein disper-
sion coefficients for each subinterval are estimated as
in S scheme using P-G curves.

(g) Umin Approach (UMIN): This approach basi-
cally involves artificial dilution of the plume if the
windspeed goes below a certain limit, say Umin, which
is generally the minimum threshold of the anemo-
meter used.

The behaviour of each scheme for a typical case
(Test 8, Arc # 400 m) of large lateral spread with
multiple peaks in the concentration distribution is
depicted in Figs la and b. From this figure, one can
have a broad idea of the qualitative behaviour (nature
of performance) of the individual schemes relative to
each other and to the observations. It may be noted
that these schemes differ only in the specification of
horizontal dispersion. There is not much choice for
varying vertical spread in absence of relevant onsite
data. For a detailed description of these schemes, one
can refer to Sharan et al. (1995), Zannetti (1981) and
Sagendorf and Dickson (1974).

DESCRIPTION OF STATISTICAL MEASURES

Performance measures are used to quantify the
differences between predictions and observations.
A comparison of performance measures helps to de-
termine if one model is significantly better than the
other. The commonly used statistical performance
measures are

(i) Fractional bias (FB)
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Fig. l(a). Normalized concentration, CU/Q(m -Z), distribution by hourly based schemes (S, SS, SST,
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(ii) Normalized mean square error (NMSE)
(iii) Correlation coefficient, R, or coefficient of de-

termination, R2

(iv) Fraction within a factor of two (percentage of
predictions within a factor of two of the ob-
served value) (FAC2).

These statistical measures are defined using the fol-
lowing notation. Let Cp denote the predicted concen-
tration using a sigma scheme and Co be the corres-
ponding observed concentration. Let n be the total
number of paired observations and predictions for
each scheme,

(i) Fractional bias is given by

o.5(rr0 + Tp)
(5)

where overbars denote the mean values. It provides
information on the tendency of the model to overesti-
mate or underestimate the observed concentrations.
The possible values of FB lie between — 2 and + 2
and the desired value is zero,

(ii) Normalized mean square error is defined as

NMSE =
(Co - Cp)

2

(6)

This provides information on the overall deviations
between predicted and observed concentrations. It is
a dimensionless statistic and its value should be as
small as possible for a good scheme.

(iii) Correlation coefficient describes the degree of
association or agreement between the variables and is
defined as

i
--Q)

R =

(co-~o)(cp-~) (7)

The square of correlation coefficient is called coeffi-
cient of determination Rz. Its value lies between 0 and
1 and for good performance of a model it should be
close to unity.

(iv) Fraction within a factor of two (FAC2) is de-
fined as

FAC2 = fraction of the data for which

0.5 <. (Cp/Co)~ < 2. (8)

Two more statistical measures, geometric mean bias
(MG) and geometric mean variance (VG), find rel-
evance when the range of values of Cp and Co in a data
set is sufficiently large. They are defined as

MG = exp(IK~o - I~

VG = exp[( lnC o - InC p ) 2 ] .

(9)

(10)

As the large values of Cp and Co strongly influence the
statistics FB, NMSE and R, whereas small values do
not, these two performance measures (MG and VG)
are preferred in such a situation. The relative merits of
the performance measures FB and NMSE vs MG and
VG are explained in greater detail by Hanna et al.
(1991).

The performance measures defined above by equa-
tions (5)-(10) are merely different measures of the
variation of a data set consisting of prediction-obser-
vation pairs, which can be used to guide our inter-
pretation of the results of various schemes. Some
measures may be more appropriate than the others
depending on the situation at hand.

METHODOLOGY

The data used in this study were taken over flat and even
terrain during stable atmosphere and light wind (min.
V = 0.8 ms - 1 , max. U = 1.9ms-1 at 4m) conditions. The
tracer was released at a height of 1.5 m and collected at
0.76 m above the ground by samplers placed on three cir-
cular arcs of radii 100, 200 and 400 m from the release
point. Meterological data were provided by a multilevel 61m
tower located on the 200 m arc. Ten out of 14 hourly tests
conducted yielded useful data for analysis (Sagendorf and
Dickson, 1974). Except for one, all of them represented stable
atmospheric conditions.

The statistical measures serve as useful tools to compare
the performances of various models/schemes. From the stat-
istical measures described above, FB, NMSE, R and FAC2
which are the most commonly used for model evaluation
(Hanna, 1988, Tangirala et al., 1992), were chosen for the
present analysis. These measures were computed for each of
the schemes being evaluated by using each scheme's predic-
tions of normalized concentration (CU/Q) values and com-
paring them with the corresponding observed values.

The statistical measures were computed for the entire data
set (combined arcs) as well as for each circular arc separately.
Thus, we have formed four groups of data (group 1: com-
bined arcs, group 2: 100 m arc, group 3: 200 m arc, group 4:
400 m arc). The results from the statistical program (Hanna
et al., 1991) have been obtained in two parts: first, the
performances of the schemes for the peak concentration
(observed and computed); second, the overall performance of
the schemes for the whole concentration distribution.

In order to investigate the statistical significance of the
differences in performances of each of the sigma schemes, the
blocked bootstrap resampling has been adopted (Efron,
1982; Hanna, 1989), considering 3 blocks of data at 100, 200
and 400 m arcs, respectively. The number of bootstrap sam-
ples extracted to infer the confidence limits is 1000. For
a comprehensive evaluation of the sigma schemes, confid-
ence limits on the parameters FB, NMSE and R were com-
puted following the bootstrap resampling procedure.

RESULTS AND DISCUSSION

Performance for peak concentration

It is important to examine/evaluate the perfor-
mance of a model in predicting high-ground-level
concentrations to ensure compliance with air-quality
regulations (Weil et al., 1992). The statistical analysis
is performed on the maximum-observed and
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maximum-predicted normalized concentrations for
each scheme at each arc. For a particular arc, the
observed and the predicted peak concentrations need
not be at the same location. That is, the peak values
(predicted and observed) could be unpaired in space
and time. This feature is not so uncommon and,
therefore, model evaluation exercise is sometimes re-
stricted to maximum observed and predicted concen-
trations for each hour and on each monitoring arc
(Smith, 1984; Hanna, 1993). Hanna (1993) discussed
this feature while attempting to quantify uncertainties
in air-quality model evaluations.

The results for the peak concentration performance
are given in Tables 1-4 with each table containing the
computed statistical measures for one of the four data
groups. In Table 1 for the entire data set, three out of
four measures indicate better performance of the SPII
scheme relative to others. That is, segmented plume
(II) scheme has lower FB and NMSE as compared to
other schemes and 76% of the cases are predicted
within a factor of two, although the correlation coef-
ficient R is relatively low for this scheme. This scheme
has been given the top ranking during the qualitative
intercomparison (Sharan et al., 1995) also. It is closely
followed by the scheme SPI which predicts 73% of the
observations of peak concentrations within a factor of
two. The poor correlation coefficient for SPII (Table
1) and also SPI can be attributed to the following.
These two schemes are designed to explain, primarily,
the multipeak nature in a relatively large lateral
spread concentration distribution which results dur-
ing weak and variable wind situations. They take into
account ao value for horizontal dispersion. The objec-
tive of STA also is the same as that of SPII and SPI
but it does not use or0 value for horizontal dispersion.
S (standard) is clearly the least desirable scheme for
peak concentrations and SS (split sigma) scheme is an
obvious improvement over it. The UMIN approach
also provides better performance than the scheme S.
According to the statistics in Table 1, the perfor-
mances of the remaining schemes, namely, SST, SPI
and STA are roughly close to each other.

Tables 2 and 3, which give statistics for 100 and
200 m arcs, provide almost the same ranking of the
schemes as given by Table 1 for combined arcs. On
the other hand, the statistics for 400 m arc (Table 4)
present a somewhat different picture. The scheme SS
gives the best performance for peak concentration
prediction. The SST and the UMIN schemes provide
improvement over the scheme S which is still the least
favourable for peak concentration. For 400 m arc, the
SP! scheme is better than the SPII and the STA
schemes.

Thus, as far as predictions of peak concentrations
are concerned, in most of the cases (three out of four
data groups) the scheme SPII appears to give the best
results and is followed by the SPI, the SS, and the STA
schemes. All the data groups indicate poorest perfor-
mance by the scheme S. Based on these results,
any modification in a particular scheme cannot be

Table 1. Computed statistical measures for peak concentra-
tions (combined arcs, n = 33)

Scheme NMSE FAC2 FB

sSS
SST
SPI
SPII
STA
UMIN

5.75
0.63
1.01
0.71
0.63
0.78
4.63

0.593
0.680
0.641
0.365
0.420
0.689
0.689

0.OO0
0.697
0.576
0.727
0.758
0.576
0.273

- 1 . 4 4 7
- 0.299

0.589
- 0 . 1 9 7

0.042
0.497

- 1.242

Table 2. Same as 1 but (Block 1: 100 m arc, n = 11)

Scheme NMSE R FAC2 FB

s
SS
SST
SPI
SPII
STA
UMIN

4.25
0.64
0.87
0.71
0.62
0.69
3.70

0.238
0.441
0.404

- 0 . 1 7 8
- 0 . 1 1 6

0.438
0.509

0.OO0
0.636
0.545
0.636
0.727
0.545
0.091

- 1.419
- 0 . 3 3 1

0.555
- 0.225
- 0.005

0.467
- 1.298

Table 3. Same as 1 but (Block 2: 200 m arc, n = 11)

Scheme NMSE R FAC2 FB

s
SS
SST
SPI
SPII
STA
UMIN

6.37
0.27
0.61
0.31
0.26
0.41
4.01

0.452
0.805
0.702
0.291
0.435
0.841
0.514

0.000
0.636
0.727
0.727
0.727
0.818
0.182

- t.511
- 0.353

0.535
- 0.258
- 0.009

0.440
- 1.246

Table 4. Same as 1 but (Block 3: 400 m arc, n = 11)

Scheme NMSE R FAC2 FB

sSS
SST
SPI
SPII
STA
UMIN

4.96
0.17
1.37
0.20
0.35
1.00
2.64

0.405
0.736
0.528
0.688
0.755
0.704
0.400

0.OO0
0.818
0.455
0.818
0.818
0.364
0.545

- 1.392
- 0.069

0.812
0.032
0.313
0.713

- 0.984

suggested as each scheme is already an improvement
over one or more schemes in the group. All of these
schemes are based on a single model and, therefore,
one can think of some modification at the model
formulation level.

For the confidence limits analyses based on boot-
strap resampling procedure, the seductive 95% con-
fidence limits and the robust 95% confidence limits
are computed. The seductive 95% confidence limits
are based on the 2.5 and 97.5% points on the cu-
mulative distribution function and the robust 95%
confidence limits are based on the usual Students
t-approach using calculated mean and standard
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Fig. 2. 95% confidence limits on NMSE of peak (solid line)
and overall (dashed line) concentrations for each of the
schemes. The figure represents results unpaired in space but

paired in time.

deviation (Hanna et al. 1991). The results of confi-
dence limits analyses for peak concentrations (un-
paired in space), shown in Fig. 2, indicate that none of
the ranges of values of NMSE representing 95% con-
fidence limits for the schemes considered here en-
compass zero. The mean value and the 95% confi-
dence limits on NMSE less than one are generally

considered to be reasonably good (Kumar et al.,
1991). Figure 2 indicates that, except for the schemes
S and UMIN, all others more or less follow this
criterion (see solid lines) and the lengths of the confi-
dence intervals are also small. Figure 3 shows the
fractional bias FB (with its 95% confidence limits) and
the normalized mean square error NMSE of peak
concentrations for each of the schemes. The dotted
lines represent "factor of two" and the solid curve
represents the "minimum" NMSE curve for given FB
(NMSE = 4FB2/(4 - FBZ)). The figure reveals that
for the schemes SPI and SPII, the FBs are not signifi-
cantly different from zero at the 95% confidence level.
In other words, for the measure FB, the predictions of
maximum concentrations from all the schemes except
segmented plume (I) and segmented plume (II) are
significantly different from the observations at the
95% confidence level (5% level of significance). How-
ever, the confidence intervals (indicated in Fig. 3) of all
the schemes lie approximately along the "minimum"
NMSE curve and the "factor of two" lines include
the mean FB values for all schemes except S and
UMIN.

By calculating ANMSE, AFB and AR between
scheme pairs, one can determine if there are signifi-
cant differences among the predictions of various
schemes (i.e. whether any of the scheme-to-scheme
differences in the performance measures are signifi-
cantly different from zero). The results of 21 scheme
pairs show the following using robust 95% confidence
limits:

B.O

7.0 -

6.0 -

5.0 -

q.O -

3.0 -

2.0 -

1.0 -

0 .0
1.5 2.0- 2 . 0 - 1 . 5 - 1 . 0 - 0 . 5 0 . 0 0 . 5 1.0

FB {WITH 95-PERCENT C . I . )

OVERPREOICTION UNOERPREDICTION

Fig. 3. FB (with its 95% confidence limits) and NMSE of peak concentrations for each of the schemes. The
dotted lines indicate "factor of two", whereas the solid curve is the "minimum" NMSE curve given by

NMSE = 4 FB2/(4 — FB2). The figure indicates results unpaired in space but paired in time.
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Fig. 4. 95% confidence limits on ANMSE of peak concentrations for each of the scheme pairs.

(a) ANMSE: The peak concentration predictions
by the schemes S and UMIN are significantly differ-
ent from the corresponding predictions by the other
schemes as shown in Fig. 4 which presents the
differences in NMSE (with its 95% confidence
limits) between scheme pairs. At the 95% confidence
level, NMSE indicates that the schemes SS, SST,
SPI, SPII and STA do not differ from each other
significantly in their predictions of maximum concen-
trations.

(b) AFB: Considering the confidence limits in-
dicated in Fig. 5, all the pairs except SS-SPI have AFB

significantly different from zero at the 95% confidence
level.

(c) AR: Based on AR calculations, the performance
of SPI is significantly different from that of SS, SST
and STA and the same is true when SPII is paired
with SS and STA (see Fig. 6).

Overall performance for complete data

The computed statistics for the four data groups
considering the complete concentration distribution
are given in Tables 5-8. Table 5 which gives the
computed measures for combined arcs reveals that

Fig. 5. Same as Fig. 4 but for AFB.
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Table 5. Computed statistical measures for whole concen- Table 8. Same as 5 but (Block 3: 400 m arc, n = 202)
tration distribution (combined arcs, n = 695)

Scheme NMSE FAC2 FB
Scheme NMSE R FAC2 FB

s
ss
SST
SPI
SPII
STA
UMIN

18.58
4.43
2.80
2.34
2.35
2.16

14.26

0.152
0.384
0.529
0.559
0.539
0.590
0.262

0.019
0.160
0.295
0,355
0,407
0,407
0,059

0.289
0.212
0.378
0.223
0.205
0.259
0.201

S
SS
SST
SPI
SPII
STA
UMIN

16.83
3.20
2.51
2.37
2.22
2.25

11.17

0.106
0.388
0.555
0.490
0.519
0.566
0.167

0.030
0.168
0.317
0.356
0.401
0.431
0.064

0.385
0.287
0.448
0.331
0.325
0.377
0.538

Table 6. Same as 5 but (Block 1: 100m arc, n = 271)

Scheme

S
SS
SST
SPI
SPII
STA
UMIN

NMSE

15.37
4.29
2.77
2.21
2.26
2.08

11.87

R

0.137
0.345
0.485
0.531
0.497
0.542
0.252

FAC2

0.011
0.155
0.244
0.325
0.373
0.373
0.048

FB

0.343
0.281
0.455
0.283
0.258
0.309
0.135

Table 7. Same as 5 but (Block 2: 200 m arc, n = 222)

Scheme

S
SS
SST
SPI
SPII
STA
UMIN

NMSE

18.50
3.06
1.70
1.59
1.49
1.29

12.39

R

0.151
0.407
0.553
0.558
0.562
0.632
0.230

FAC2

0.018
0.158
0.338
0.392
0.455
0.428
0.068

FB

0.147
0.055
0.208
0.066
0.055
0.114
0.185

three out of four statistics favour STA as the best
scheme. Amongst the four statistics, the least variation
is seen in the FB values over various schemes. In this
context, FB does not appear to be a robust measure
and could lead to erroneous conclusions. For ex-
ample, the UMIN approach has second ranking from
bottom based on NMSE, R and FAC2 (i.e. large
NMSE, small R and small FAC2) but has top ranking
based on FB (least value of FB). It appears that large
overpredictions at some locations are balanced by
large underpredictions at other locations in the pro-
cess of taking arithmetic mean of all predicted concen-
trations. Thus, here FB is not an important statistic in
relative ranking of schemes like S and UMIN as it is
already known from qualitative analysis (Sharan et
al., 1995) that these two schemes have a tendency of
overprediction at the plume centerline and under-
prediction away from the centreline. The perfor-
mances of SPI and SPII are nearly the same and are
close to that of STA as shown by the values of the
statistics because all of them are based on the same
approach of dividing the test period into smaller inter-
vals for concentration computation. The scheme
S gives the poorest performance. UMIN has relatively
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better statistics than S, but otherwise it is equally bad.
SST performs better than SS, which in turn is a con-
siderable improvement over S and UMIN.

A careful examination of Tables 6, 7 and 8, which
display complete statistics for 100,200 and 400 m arcs,
indicates that the statistics are generally better at
200 m arc than at 100 and 400 m arcs. This may be due
to the fact that the wind data used in the analysis were
from the 200 m arc. The statistics at 400 m arc are not
considerably different from those at 100 m arc. These
differences in the peformances at various downwind
distances could be attributable to the fact that all the
schemes being evaluated in this study are based on
a single model which assumes homogeneous and sta-
tionary conditions. But, the dispersion processes un-
der weak wind and stable conditions usually lack
homogeneity and stationarity.

Now, we consider the outcome of confidence limits
analyses for the entire concentration distribution
(paired in space). The 95% confidence intervals for the
range of values of NMSE for none of the schemes
contain zero as suggested by Fig. 2. Figure 7 which is
similar to Fig. 3 reveals that the FB values, represent-
ing 95% confidence limits, for schemes S and UMIN
only encompass zero, but as already argued FB is not
a robust statistic for relative ranking of such schemes.
However, it is seen from the figure that 95 % confid-
ence intervals for all the schemes lie within the "factor
of two" lines, although they are further away from the
"minimum" NMSE curve compared to the peak con-
centration analysis (Fig. 3).

Based on the confidence limits analyses on scheme
pairs, we have the following results (overall concen-
tration predictions paired in space) by calculating
ANMSE, AFB and AR.

(a) ANMSE: As is evident from Fig. 8, the overall
performances of the schemes SPI, SPII and STA are
not significantly different from each other based on
95% confidence intervals on ANMSE. The same is
true for peak concentrations analysis (Fig. 4) also.
ANMSE for the remaining scheme pairs is signifi-
cantly different from zero.

(b) AFB: Figure 9, which gives 95% confidence
intervals on AFB (for overall concentration distribu-
tion), indicates that the scheme SST paired with the
remaining schemes barring S and UMIN exhibit AFB
significantly different from zero. Besides these, AFB
for the pair SPII-STA is shown to be significantly
different from zero. In general, it is seen that the
schemes paired with S and UMIN have large confid-
ence intervals on ANMSE (Figs 4 and 8) and AFB
(Figs 5 and 9) relative to others. This is because the
performances of these two schemes are considerably
different (overprediction of the peak value and under-
prediction of the lateral spread) compared to other
schemes. Similar conclusions have been drawn in the
earlier study (Sharan et al., 1995) also.

(c) AR: Referring to Fig. 10, the confidence limits
analysis on correlation coefficient for overall concen-
tration distribution indicates that at 95% confidence
level, the performance of SPI is not significantly differ-
ent from that of SST, SPII and STA. Further, AR for
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given by NMSE = 4 FB2/(4 — FB2). The figure shows results paired in space and time.
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the pair SST, SPII is not significantly different from
zero. The 95% confidence intervals on AR for the
remaining pairs do not cross zero (Fig. 10).

CONCLUSIONS

The ranking of sigma schemes remained more or
less (generally) consistent for each of the statistical
measures considered. But, wherever the rankings
changed with the statistical measure used, it became
important to consider all the measures rather than

relying on a single measure. The analysis of the results
and intercomparisons have highlighted the use of stat-
istical measures in selecting an appropriate and best-
performing sigma scheme.

The results of this quantitative performance evalu-
ation exercise have been found nearly consistent with
those of the qualitative intercomparison of Sharan et
al. (1995). In the peak concentration analysis, the
scheme SPII has compared (statistically) better to the
observations than the other schemes and is closely
followed by the schemes SPI and STA. On the other
hand, the overall concentration distribution analysis
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indicates that STA is the most preferred scheme,
which is closely followed by the two segmented plume
schemes (SPI and SPII). These three schemes (STA,
SPI and SPII) provide better results as they are con-
siderably successful in simulating the frequently ob-
served multiple peaks in the concentration distribu-
tion by dividing the hourly test period into smaller
intervals. It can be concluded from the performance of
SPII and STA that segmenting the plume is more
important than identifying correctly the horizontal
spread parameter.

The highly overpredicting trend by the schemes
S and UMIN for peak concentrations is clearly in-
dicated by the large NMSE and small FAC2 values.
Thus, these two are the least-preferred schemes and
are not recommended for use in stable and light wind
conditions. Further, the statistics reveal significant
improvement by the schemes SS and SST over S and
UMIN. This is due to the fact that the horizontal
dispersion has been estimated more realistically in
terms of a0 by SS and SST.

The statistical significance of the differences be-
tween the results of individual schemes and scheme
pairs has been assessed by the bootstrap resampling
method.
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