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SUMMARY. This article considers using sequential procedures to determine the amount of survey effort 
required in a line transect survey in order to achieve a certain precision level in estimating the abundance 
of a biological population. Sequential procedures are constructed for both parametric and nonparametric 
animal abundance estimators. The criterion used to derive the stopping rules is the width of confidence 
intervals for the animal abundance. For each estimator considered, we develop stopping rules based on the 
asymptotic distributions and the bootstrap. A sequential analysis on an aerial survey of the southern bluefin 
tuna indicates substantial saving of survey effort can be made by employment of the proposed sequential 
procedures. This savings of survey effort is also observed in a simulation study designed to evaluate the 
empirical performance of the proposed sequential procedures. 
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1. Introduction 
Aerial line transect surveys for the commercially valuable 
southern bluefin tuna have been conducted over the Great 
Australia Bight as part of a recruitment monitoring program 
for juvenile tuna within a trilateral framework among Aus- 
tralia, Japan, and New Zealand. The aerial surveys have been 
conducted in the summer months since 1991 to provide 
prompt and fishery-independent information on the level of 
tuna abundance; see Chen (1996a,b) for more information on 
the surveys as well as their statistical analyses. Line transect 
surveys are a popular sampling method for estimating the 
abundance of a biological population. Comprehensive reviews 
on these surveys are available in Seber (1982) and Buckland et 
al. (1993). In a line transect survey, randomly allocated tran- 
sect lines of length L are placed within a survey region. Prop 
erly trained observers are employed to traverse the transect 
lines and make detections of the target population. All the 
detections made while traveling along the lines are counted 
and the perpendicular distances of detected objects to the 
transect line are measured, which carry vital information on 
the detection pattern and the distribution of the population 
relative to the transect line. Seber (1982) and Buckland et 
al. (1993) provide details on how to formulate an abundance 
estimate based on these detected distances. 

The focus of this article is on determination of L, the total 
length of transect lines. In a typical line transect study, L has 
been fixed and the focus of the study has been on estimation of 
the animal abundance D = N / A ,  where N is the unknown size 
of a population in a region with area A. Obviously, L should 

be long enough to allow a sufficient amount of information to 
be gathered to make an accurate estimation of D. At the same 
time, we do not want to waste the survey effort because some 
surveys are quite expensive to conduct. For the tuna aerial 
survey, the leasing and running costs of the airplane together 
with maintaining a survey crew on call every day (waiting for 
good weather) during the survey period is very high. There 
are discussions in Seber (1982) and Buckland et al. (1993) 
about how to choose L. A pilot survey is suggested to create 
a pilot estimator for D. The length L is chosen to make the 
coefficient of variation smaller than a predetermined level. 

This article considers sequential procedures to determine 
the amount of survey effort L without conducting a pilot sur- 
vey. The sequential procedures are formulated for both para- 
metric and nonparametric animal abundance estimators and 
are based on the length of confidence intervals for D. For 
each type of estimator, large-sample stopping rules based on 
an asymptotic distribution and finite-sample stopping rules 
based on the bootstrap are considered. It is revealed that, 
for the parametric estimator, the minimum survey effort de- 
pends on the shape and the scale parameters of the detection 
function. For the nonparametric estimator, the dependence 
of the stopping rule on the underlying detection mechanism 
is largely reduced, implying the robustness of the nonpara- 
metric rule. A simulation presented in Section 7 shows that 
the parametric sequential rule needs less survey effort than 
the nonparametric rule, provided corrected parametric mod- 
els are used, and the finite-sample sequential rules based on 
the bootstrap reduce the survey effort of the asymptotic rules. 
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The article is structured as follows. In Section 2, we re- 
view parametric and nonparametric estimators for D in line 
transect surveys. A general sequential procedure based on 
the length of confidence intervals is introduced in Section 3. 
Large-sample stopping rules based on the asymptotic distri- 
butions of the estimators are developed in Section 4, whereas 
the bootstrap-based finite-sample stopping rules are consid- 
ered in Section 5 .  A sequential analysis of a data set from 
the tuna aerial survey is given in Section 6. Results from a 
simulation study are reported in Section 7. 

2. Line Transect Estimation 
Suppose there are n~ detections made after traveling the tran- 
sect lines of length L and X i ,  X z ,  . . . , X,, are the perpen- 
dicular sighting distances with f as their common probabil- 
ity density function. Here we write n~ t o  emphasis that the 
number of sightings depends on L. Let g(z), commonly called 
the detection function, be the conditional probability func- 
tion of detecting an object given that the object is at a per- 
pendicular distance z from the transect line and let w be the 
maximum perpendicular sighting distance. Only a proportion, 
say Po, of the objects is detectable. Assume that f is uni- 
form in [-w, w]. Standard line transect survey theory shows 
that PO = w-l]? g(z)dz and D = E(n)/{2LJ? g(z )dz ) .  
Then the usual assumption g(0) = 1 means that 10" g(z)dz = 
{ f ( O ) ) - l  and D = E(n)f(0)/{2L}, which leads to a general 
estimator for D ,  

where f(0) is an estimator for f ( 0 ) .  
Parametric and nonparametric estimators for f ( 0 )  have 

been developed in line transect surveys. The parametric es- 
timation is made within the general exponential power series 
model established by Pollock (1978), which assumes 

f(.) = f ( 0 )  exP{-(./X)P), > 0 P > 0 ,  (2) 

where f ( 0 )  = {X(l + l/p)}-' and X and p are the scale 
and the shape parameters, respectively. Maximum likelihood 
estimators for the parameters and hence an estimator for f ( 0 )  
by substitution can be found in Pollock (1978). 

There are basically two nonparametric estimators. One is 
based on the Fourier series expansion with a key function as 
proposed in Buckland et al. (1993). The other is the kernel 
smoothing estimator proposed by Chen (1996a) and Mack and 
Quang (1998). In this article, we consider the kernel estimator 
when developing nonparametric sequential rules. 

3. A Framework for Sequential Analysis 
In this section, we propose sequential procedures to determine 
L without conducting a pilot survey. The sequential proce- 
dures reflect a predetermined level of precision required in es- 
timating D and produces stopping rules. The stopping rules 
are evaluated constantly during the survey, and once satisfied, 
the survey is stopped. The criterion used for developing the 
procedures is the length of a confidence interval for D with 
certain confidence level, say 95% . This criterion has been 
used in Carroll (1976) for probability density estimation. 

For a line transect estimator & given in (l), either para- 
metric or nonparametric, we assume 

(a) bias2(D) = o{var(D)}; 

(b) the estimator b has an asymptotic normal distribution 

(c) f ' (0 )  = 0 and f " ( z )  exists for any z; 
(d) d o )  = 1; 
(e) E(n) = NPo and var(n) = yE(n),  where y is a dispersion 

a s L - + c o ;  

parameter. 

Condition (a) means that the squared bias is of a smaller 
order than the variance and limits the effect of the bias on 
the coverage of confidence intervals. The above condition is 
satisfied by the parametric estimator under the general ex- 
ponential power series model. For the nonparametric kernel 
estimators, the condition may be satisfied by a bias correc- 
tion given in Chen (1996a). Conditions (b)-(e) are standard 
conditions in line transect surveys. When the distribution of 
the biological population is random, n should be Poisson dis- 
tributed and y = 1. There is a tendency of clustering in biolog- 
ical populations, which makes y > 1. In the latter case, y can 
be estimated by independent replication of transect lines and 
the number of sightings made on each replicate (cf., Buckland 
et al., 1993). 

We write D L ,  f ~ ( 0 ) ,  and var(dL) to emphasize the role of 
L on these quantities. A equal-tailed confidence interval for 
D derived from DL with confidence level 1 - cy is 

where s ^ D ( f i ~ )  is an estimator for the standard deviation of 
D and /31-ap and Pal2 are the (1 - a/2)th and the a/2th 
percentiles of the Studentized estimator 

t L  = { f i L  - D ) /  J%, 
h 

respectively. The standard deviation S D ( D L )  can be cons- 
tructed based on the following general formula for the variance 
of D L ,  which is valid regardless of which estimator is used for 
f ( 0 ) :  

var{DL) 
r 

x {I + o(1)). 

The sequential procedure considered in this article is to find 
the smallest L1 such that the length of the above confidence 
interval is 

where do is a desired length of the confidence interval repre- 
senting a level of precision in the estimation of D.  The se- 
quential rule is to stop the survey at L = L1. Although the 
above rule gives an impression of instant stoppage, the ter- 
mination of a survey can be facilitated after one transect line 
or even after one survey day to allow time to test whether 
(4) has been met or not. The rule can be modified to stop if 
L 2 max{lo, L l } ,  where Lo represent a predetermined mini- 
mum survey effort, in order to gain minimum sample coverage 
of the study area. This modification limits the chance of the 
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survey being terminated prematurely, although our simula- 
tion reported in Section 7 indicates (4) performs generally 
well. 

4. Asymptotic Stopping Rules 
The asymptotic stopping rules for the parametric and the 
kernel estimators are based on the asymptotic normality of 
DL as L + 03. Here the standard normal percentile 2, is 
used to approximate ,&, the exact percentile of f i ~  used in 

4.1 Stopping Rule for the Parametric Estimator 
The parametric estimator assumes f has the parametric form 
given in (2). From Pollock (1978), (XL!$L), the maximum 
likelihood estimators of A and p, are the roots of the following 
equations: 

(4). 

- 

1 

where $(.) is the digamma function. The parametric estimator 
for D is 

15 

1 

05 1 

where 3 is an estimate for the dispersion parameter, the 
estimation of which has been discussed in Section 3. 

The asymptotic stopping rule for the parametric estimator 
is to stop the survey if 

2Z142s^D(bPL) I do 

The relationship between L and the detection parameters 
can be revealed from ( 5 ) ;  i.e., for a fixed abundance density 
D and L ,  var(DpL) depends on 

71(& P, 7 )  = r 2 ( X ,  P) l f  (0)  + rf (0)  

= a x ,  P ) W l +  UP) + Y / { W l +  1 / P ) l .  

Clearly, the larger the q(X,p, y), the larger the variance, the 
longer distance we need to  travel. 

We plot the q function in Figure 1, with panels (a) and (b) 
for the surface and the contour plots of q(A,p, l ) ,  respectively, 
and panels (c) and (d) for those of q(A,p, 5). The ranges for 
p and X are [0,4] and [1,4], respectively. It shows that the 
increase of y only slightly increases the height of the surface 
without affecting its shape much. The q function is unimodal 
with respect to the shape parameter p, with a mode at around 
p = 0.75, and is monotonic decreasing with respect to A. 

(b) oamma=i 

3 5  
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(d) gamma=5 
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Figure 1. Surface and contour plots of q(A,p, y) function. 

These imply that the larger the shape parameter p (p 2 1) 
and the larger the scale parameter, the smaller the variance, 
and thus a smaller L is required. Indeed, an observer with an 
exponential detection pattern (p = 1) will need more sampling 
effort than an observer with a half normal detection pattern 
(p = a) ,  provided both have the same scale of observation. 

4.2 Stopping Rule f o r  Kernel Estimator 
A kernel density estimator for the probability density function 
of the sighting distance f(z) is 

(7) 
where K is a kernel function and h L  is the smoothing band- 
width, which controls the amount of smoothness. Compre- 
hensive reviews and practical implementations of the kernel 
density estimation are available in Silverman (1986). 

The kernel estimator is a result of applying the standard 
kernel estimator on an extended sighting sample and contains 
both the original sighting distance X i , .  . . , XnL and their 
reflections - X i ,  . . . , -Xn,, The modification would be 
unnecessary if the signs of the sighting distances are kept in 
the original data. 

From (7), a kernel estimator for f ( 0 )  is 

The corresponding estimator of D is 

The properties of D k  have been studied in Chen (1996a), 
including various methods for choosing hL. The optimal 
bandwidth that minimizes the mean squared error of f k ~ ( 0 )  
is h~ = Co(n~)-~/', where CO is a constant free of L. If the 
Gaussian kernel is used and f is not too far away from a half 



266 Biornetrics, June 2002 

normal density, then hL can be chosen as 

hL = 0 . 8 1 2 ~ ( ~ ) ( ~ ~ ) - ~ / ~ ,  

where A ( L )  = min{a(L),IQ(L)/1.34} and a(L)  and IQ(L) 
are the standard deviation and the interquantile range of the 
reflected sighting sample, respectively. 

bias(&) = - a: j(') (0)C: { 2 ~ 1 / f ( o ) } ~ / ~  L-'I5 +o L-2 /5  

where a: = J t2K( t )d t  and var{&} = 0(LP4l5) .  Thus, 
bias2{&} # o(var{&}), as required in condition (a). To 
make the kernel estimator satisfy the condition, we use the 
bias-corrected estimator given in Chen (1996a), 

The bias of Dd, as shown in Chen (1996a), is 

( > ,  
1 
4 

where f k c ~  = f k ~ ( 0 )  - ( 1 / 2 ) f ( 2 ) ( 0 ) h ~ a ~  is a bias-corrected 
estimator for f ( O ) ,  

i=l 

is an estimator of f(2)(0) with another smoothing bandwidth 
h l ~ ,  and is the second derivative of the kernel function 
K .  The optimal h l ~  is of order np1I9. A rule of thumb for 

. It can be shown that choosing h 1 ~  is h l ~  = h ~ n ~  

R ( K )  = JK2( t )d t .  From (3), the variance of &(L)  is 

1 /5 -1 /9  

var{fkCL(o) I = ~ ~ ( o ) R ( K ) / ( ~ L ~ L )  + ~ ( n t l ) ,  where 

v 4 u  = (zL)-'o(2R(K)E(nL/hL)/E(nL) + rf(O).} 
An estimator for S D ( b k c ~ )  is 

m f i k c d  = J(2L)-1 f ikcL{2R(K) /hL + V L ( O ) } .  (8) 

Then the asymptotic stopping rule for the kernel estimator 
h 

is to stop the survey if 2Z1-,pSD(i)kc~) 5 do. 

5. Finite Sample Procedures 
The asymptotic sequential rules use the standard normal 
percentile 2, to approximate ,&, the percentile of t(b) = 
(h - D)/(Gr(h))'/'. The accuracy of the asymptotic rules 
relies on the quality of the normal approximations. In this 
section, & is approximated by the bootstrap method. Before 
the bootstrap was introduced, the asymptotic approximation 
might have been the only tool available. The bootstrap (Efron 
and Tibshirani, 1993) provides a powerful tool to profile the 
exact distribution of t ( D )  and hence or in finite samples. 

The finite-sample stopping rule for the parametric 
estimator is to stop the survey if (p1-,/2 - ,0,/2)SD(bp~) 5 
do and the stopping rule for the kernel estimator is to stop 
the survey if (,&,p - - @ , p ) S D ( 5 k C ~ )  5 do ,  where %(&) 
and S ^ D ( b k c ~ )  are given in (6) and (8). 

For the nonparametric kernel estimator, the following 
bootstrap procedure can be used for approximating /?,: 

Step 1. Generate a resample X ; ,  . . . , X z L  of the original 
sighting sample X I ,  . . . , X,, by random sampling 
with replacement from the original sample. 

h 

h 

Step 2. Calculate the Studentized estimator for DL and 
denote it as t * ( h k c ~ ) .  

Step 3. Repeat steps 1 and 2 B times and obtain t * ' ( b ) ( L ) ,  
. . . , t * B ( D k c ~ ) ,  which has been ranked in ascending 
order. 

Step 4. Approximate by the r th  "sample" percentile of 
t*l(&), . . . , t*B(L&). 

This is the so-called nonparametric bootstrap because the 
resamples are drawn from the empirical distribution of the 
original sample in step 1. For the parametric estimator DPr 
the parametric bootstrap may be used. It has exactly the same 
steps as the nonparametric bootstrap outlined above except 
that, in step 1, the bootstrap resamples are generated from a 
distribution with f(z; A,$) as its density, where A and p are 
the maximum likelihood estimates. 

We have so far assumed the sighting distance is the basic 
sampling unit. Due to  the clustering of biological populations, 
the basic sampling unit for a line transect survey may be 
transect segments or all the segments covered in 1 day. In this 
case, the bootstrap resampling carried out at step 1 should 
be modified so that the transect segments or survey days are 
resampled; see Buckland et al. (1993) and the next section for 
an implementation for the tuna survey. 

6. Surveys for Southern Bluefin Tuna 
We now apply the proposed sequential procedures for the 
southern bluefin tuna aerial survey data collected in 1993. 
There are 258 sightings after a total survey effort of L = 
14,065 (kilometers) from 19 survey days during a period of 2 
1/2 months. The survey is run only when certain weather 
conditions (wind speed, cloud cover, etc.) are satisfied. 
Because the leasing and running costs of the airplane together 
with maintaining a survey crew is very high, it is of great 
interest to see if the sequential procedures produce abundance 
estimates that are cost effective while maintaining the desired 
scientific precision of the estimation. Three levels of d ,  
0.0004,0.0005, and 0.0006, are used with the sequential rules. 
The results of the sequential analysis together with that of 
the full-sample analysis are presented in Table 1. Bootstrap 
estimates for D along with the standard errors are also 
provided for comparison. Because the plane flies transects 
that are mostly continuous, the daily transects rather than the 
sighting observations are the basic sampling unit, as suggested 
in Buckland et al. (1993). Thus, the resampling of survey 
days has been adopted for the bootstrap when considering 
the finite-sample rules. 

The results contained in Table 1 can be summarized as 
follows: (i) Substantial reduction in survey effort L and 
subsequently the sample size nL is realized due to the use 
of the sequential procedures, and the reduction is achieved 
at little cost of estimation precision, as shown by D. (ii) The 
employment of the bootstrap sequential procedures further 
reduce L of the asymptotic procedures. (iii) At a given d, 
the nonparametric procedure requires less effort than its 
parametric counterpart, which is because p ,  as revealed by its 
parametric estimate, is in a region that leads to high variance 
of D ,  as shown in Figure 1. (iv) The bootstrap reduces 
the difference between the parametric and nonparametric 
procedures. 
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Table 1 
Estimation of population density for tuna data with different interval length d 

Full d = 0.0006 d = 0.0005 d = 0.0004 

D P L A  
W D p L )  
i 
P 
n L  (asymptotic) 
n L  (finite sample) 
L (asymptotic) 
L (finite sample) 
Survey days (asymptotic) 
Survey days (finite sample) 

D k c ,  

S E ( D k c L )  
n L  (asymptotic) 
n~ (finite sample) 
L (asymptotic) 
L (finite sample) 
Survey days (asymptotic) 
Survey days (finite sample) 

Parametric Estimator 
0.00155 0.00151 
0.00026 0.00029 
6.5056 9.0471 
1.4391 1.8137 

258 117 
101 

14,065.62 4813.42 
3555.57 

19 6 
4 

Nonparametric Estimator 
0.00 145 0.00144 
0.00018 0.0002? 

258 117 
101 

14,065.62 4813.41 
3555.57 

19 6 
4 

0.00154 
0.00025 
7.3137 
1.5633 

223 
117 

11,011.65 
4813.42 

14 
6 

0.00149 
0.00024 

154 
123 

6540.02 
5256.02 

9 
7 

0.00 155 
0.00026 
6.5056 
1.4391 

258 
223 

14,065.62 
11,011.65 

19 
14 

0.00140 
0.00020 

223 
171 

11,011.65 
7508.78 

14 
10 

7. Simulation Results 
Monte Carlo simulations are performed to  investigate the per- 
formance of the proposed sequential procedures on the esti- 
mation of D. In each simulation, the positions of N animals 
are generated according to a Poisson distribution with inten- 
sity D in a strip with length L = 100 and width 2w = 10. 
The transect line runs through the middle of the strip, with w 
distance to each side. The exponential power series detection 

function g(x )  = exp{-(z/X)P} was used to detect the simu- 
lated population. An animal at a perpendicular distance X i  to 
the transect is detected with probability g(Xi) .  We choose the 
population size N = 500 and the detection parameters X = 2 
and p = 1.5,2,2.5. The sequential procedures are based on 
the length of the 95% confidence intervals, which are chosen 
to be d = 0.15 and 0.2. 

Tables 2 and 3 contain the average abundance estimates 

Table 2 
Sequential parametric estimation for N = 500 with different interval 

length d and shape parameter p .  The numbers inside the parentheses are 
the bootstrap (finite sample) counterparts of the quantities beside them. 

Interval length Full d = 0.2 d = 0.15 

x = 2, p = 1.5 
0.483 0.480 

0.083 (0.085) 0.093 (0.116) 
178.81 (178.16) 116.98 (93.74) 
99.43 (99.44) 65.14 (52.42) 

94.4% (91.8%) 99.8% (99.6%) 

x = 2 , p = 2  
0.504 0.496 

0.067 (0.068) 0.082 (0.095) 
177.09 (177.72) 101.75 (91.79) 
99.41 (99.45) 57.23 (51.29) 

96.4% (94.4%) 100% (99.2%) 

.A = 2, p = 2.5 
0.508 0.509 

0.053 (0.054) 0.073 (0.077) 
177.68 (177.73) 94.65 (90.20) 
99.41 (99.41) 53.03 (50.73) 

97.4% (93.8%) 99.8% (99.2%) 

0.480 
0.084 (0.104) 

143.31 (105.92) 

97.4% (99.6%) 
79.74 (59.34) 

0.491 
0.073 (0.085) 

119.86 (100.49) 
67.52 (56.40) 

98.0% (97.2%) 

0.504 
0.067 (0.072) 

102.50 (95.34) 
57.46 (53.34) 
98.0% (99%) 
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Table 3 
Sequential nonparametric estimation f o r  N = 500 with dzfferent interval 

length d and shape parameter p .  The numbers inside parentheses are 
the bootstrap (finite-sample) counterparts of the quantitaes beside them.  

Interval length Full d = 0.2 d = 0.15 

n,L 
L 
W )  
Coverage 

DkcL- 
S E ( D k c L )  
n L  
L 
Coverage 

X = 2 ,  p = 1.5 
0.486 0.482 

0.070 (0.070) 0.084 (0.095) 
178.81 (178.87) 120.30 (88.99) 
99.43 (99.49) 66.70 (49.45) 

96.4% (92.8%) 98.8% (97.6%) 

X = 2 , p = 2  

0.077 (0.077) 0.091 (0.101) 

502 (502) 497 (497) 

0.502 0.497 

177.09 (176.53) 120.71 (90.73) 
99.41 (99.42) 67.78 (51.35) 

96.8% (94.8%) 99.4% (97.6%) 

X = 2 ,  p = 2.5 
0.506 0.499 

0.081 (0.080) 0.094 (0.103) 
177.68 (177.24) 123.92 (96.44) 
99.41 (99.43) 69.47 (54.44) 

97.2% (95.8%) 99.2% (96.8%) 

0.473 
0.076 (0.084) 

146.79 (112.51) 
81.93 (62.89) 

96.6% (93.2%) 

0.493 
0.079 (0.083) 

163.06 (138.13) 
91.74 (78.32) 

95.4% (92.2%) 
493 (493) 

0.499 
0.082 (0.083) 

169.20 (157.98) 
94.85 (89.08) 
93.8% (92.4%) 

D and their standard errors, the average sample size n, the 
survey effort L,  and the coverage probabilities. The paramet- 
ric results given in Table 2 also contain average estimates for 
the parameters p and A. Because the simulated points are de- 
tected independently, the basic sampling unit is each individ- 
ual point, which means that, when applying the finite-sample 
rule, the detected points are resampled in the bootstrap. 

Both Tables 2 and 3 confirm that, by paying a small price in 
the precision of estimating D ,  i.e., by increasing the length of 
the confidence intervals, there will be substantial reduction in 
the survey effort by applying both the parametric and non- 
parametric sequential procedures. In comparison with their 
full-sample counterparts, the sequential estimates of D are 
little changed, which is especially the case for the parametric 
method. The sequential estimates have larger standard error, 
which is expected because the length of the confidence interval 
has been increased. The survey effort L is further reduced by 
applying the bootstrap (finite-sample) sequential rules. When 
d = 0.2, the reduction in L ranges from 35 to 55% for the 
asymptotic parametric rule and ranges from 35 to 40% for the 
asymptotic nonparametric rule. The reduction is increased to 
around 50% by using the bootstrap. In general, we observe 
that the parametric/bootstrap rule requires less effort than 
the nonparametric/asymptotic rule. These are expected be- 
cause the parametric estimation within a correctly specified 
parametric family is more efficient than the nonparametric 
estimation. 

Table 2 also shows that, when p increases from 1.5 to 2.5, 
the standard error of the parametric estimator SE(B,,L) de- 
creases, which confirms our early observation in Section 4.1. 
As a result, the required survey effort L decreases as p in- 

creases. The above phenomena are reversed in Table 3 for 
the nonparametric estimator, i.e., both the S E ( D k c ~ )  and the 
required survey effort L increase as p increases. The depen- 
dence of the nonparametric rules on the detection parameters 
is weaker than the parametric rules, which indicates that the 
nonparametric rules are less sensitive to the parameters. 

Both Tables 2 and 3 show that the use of the bootstrap in- 
creases the standard errors and reduces L. That this happens 
at  the same time seems contradictory, because an increased 
standard error generally means an increased survey effort in 
order to reduce the variability. To reconcile these, we report 
in Table 4 the average 00,975 - 00.025, which is the difference 
between the two bootstrap quantiles of Studentized statis- 
tics t ( D L ) .  We find the average differences of the two boot- 
strap quantiles are much smaller than 2 x 1.96, which is the 
corresponding quantile difference of N(0, l ) .  This means that 
the distribution of t ( f i L )  concentrates more around zero than 
N(0 , l ) .  Therefore, the increase variation is well compensated 
by the reduction in p0.975 - 00,025. 

8. Discussion 
The sequential procedure proposed has been found to be use- 
ful and relevant to density estimation of wildlife abundance. 
The parametric method performs better than the nonpara- 
metric method at the risk of making wrong assumptions re- 
garding the detection function. It is shown that reduction in 
the survey effort can be achieved at little cost of estimation 
precision. Furthermore, the choice of d in most wildlife exper- 
iments does not have to  be very small in order to be useful. 

In this article, we have reported on our study of univariate 
line transect surveys. After understanding the sequential pro- 
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Table 4 
Bootstrap quantile estimation Of p0.025, 00.975, and po.975 - ,&025 

Parametric bootstrap (nonparametric bootstrap) 

p = 1.5 p = 2  p = 2.5 

p0.025 -1.12 (-1.57) -1.31 (-1.69) -1.33 (-1.74) 
p0.975 1.53 (1.89) 1.76 (1.91) 1.88 (1.94) 
p0.975 - p0.025 2.65 (3.46) 3.06 (3.60) 3.20 (3.68) 

cedures in univariate line transect surveys, we can extend the 
sequential analysis to line transect surveys for clustered pop- 
ulations, which has another covariate, namely, the school size, 
in additional to the sighting distance. In this extension, the 
work of Drummer and McDonald (1987) for parametric esti- 
mation and the works of Chen (1996b) and Mack and Quang 
(1998) can be incorporated into the sequential procedures con- 
sidered in this article. When the detection of animals depends 
on a general set of covariates, similar sequential procedures 
can be developed based on the estimation method considered 
in Quang and Becker (1996). 
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RBSUME 
Cet article ktudie l’intkrdt de l’utilisation de procedures d’B 
chantillonnage skquentiel pour la dktermination de l’effort 
d’kchantillonnage requis dans une Btude par transects 1inBaires 
pour atteindre une certaine prBcision dans l’estimation de 
l’abondance de populations biologiques. Des prockdures sk- 
quentielles sont construites pour des estimateurs parame 
triques et non paramktriques de l’abondance des animaux. 
Le crithre utilisk pour decider de l’arrit est la largeur de 
l’intervalle de confiance de l’abondance. Pour chaque estima- 
teur BtudiB, nous dBveloppons des rggles d’arrit B partir de 
distributions asymptotiques et de distributions estimkes par 
la mBthode du bootstrap. Une analyse skquentielle sur des 
donnees d’une Btude aBroportBe d’une esphce de thon indique 
qu’une 6conomie substantielle d’effort d’kchantillonnage peut 

etre faite en utilisant notre prockdure. Cette Bconomie est 
aussi observBe dans une Btude par simulation destinke 2 es- 
timer la performance empirique de notre procbdure. 
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