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ABSTRACT

G uided transect sampling is primarily intended for the sampling of sparse, geographically
scattered, populations for which there exist no list of the units. Basically, it consists of a two
stage design, using wide strips in the first stage and a subsampling procedure in each strip in
the second stage. The subsampling is guided by prior information, e.g. in the form of remote
sensing image data. Different strategies can be used for the guidance, resulting in different
probabilities of inclusion of population units, and consequently in slightly different
estimators.
The general principle for second stage subsampling guidance can be coupled with a
number of methods for how the samples should be selected along the "guided route". Strip
sampling, line transect sampling, adaptive cluster sampling, and plot sampling are examples
of methods that can be used. However, in the theoretical set-up of the method, it is assumed
that all objects in grid- cells passed by the survey transect are found. The grid- cells, covering
the entire area under study, also contain the covariate data that are used for directing the
sampling effort.

INTRODUCTION

I n sampling, existing information about the population studied or about some covariate can be
utilized in many ways to enhance the precision of the estimate of the parameter of interest.
Techniques such as stratification and PPS use the information for the sample selection, while,
e.g., ratio or regression estimators use the information for estimation purposes (e.g. Cochran
1977). The two ways of using prior information can be combined.
Sparse populations, for which there exist no list, generally pose substantial problems in
sampling. This is the case in forestry, e.g. when studying elements of importance for biodiver
sity or a population of some threatened species. To be able to find enough sampling units for
the precision to be acceptable, large areas must be covered. G enerally, methods like line
transect sampling (Burnham et al. 198 0) or strip surveying (e.g. Uimas & Fries 199 5) are used
for the purpose, rather than the plot based methods of timber cruising. Still, inventories tend to
be expensive and/or provide imprecise results.
I n this paper, a method thought to be efficient for the sampling of sparse populations is
presented. The method, guided transect sampling, is basically a two- stage design in which
wide strips are laid out in the first stage. I n the second stage, the subsampling within strips is
guided by prior information, e.g. in the form of remote sensing image data. The method has
some similarities with the covariate- directed sampling approach proposed by Patil et al.
( 199 6).

THE METHOD
An overview of the method, in its basic form, is given in Figure 1 below. I n the forest area
delineated, strips too wide to be entirely surveyed are first randomly laid out. Secondly, a
route for the subsampling within each strip is guided by prior information. The details of this
guidance are described below.
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FIGURE 1 . A general outline of guided transect sampling. A first stage sampling of wide strips
(left) is followed by a second stage guided subsampling within each strip (right).
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The entire area of interest is partitioned into grid cells of some suitable size, e.g. 20 by 20
meters (or possibly rectangular to simplify the field work). For each such cell, a covariate
value is assessed prior to the sampling. E.g., the covariate could be the estimated volume of
deciduous trees in case the population under study is known to prefer deciduous forests to
coniferous forests. Such prior volume estimates can be obtained by, e.g., using satellite data
and the kNN- method (e.g. Nilsson 1997).
I n order to facilitate the theoretical description of the method, an assumption is made that
all sampling units are detected and counted/measured once the surveyor enters the grid cell
they are situated in. Also, the method relies on use of G PS, differential in real time, for the
guidance of the surveyor through the forest. However, in simple cases it should also be
possible to use a compass and a measuring tape.
The first stage strips are laid out randomly, with the restriction that they should match with
the system of grid cells. The second stage is a subsampling of grid- cells along a survey line
within each first stage strip. Many different strategies can be used for determining where the
second- stage transect should be located. One basic idea is, however, that the grid- cells in
some manner should be selected with probabilities proportional to their covariate values.
Another basic idea is that the field-work should not be too complicated, implying that the
survey transect should be some, more or less, connected curve from the beginning to the end
of a strip. This is also the reason for introducing the first stage strips. Without them, the
survey lines within the forest area would tend to be complicated. Finally, the idea is also to
use some line- based inventory rather than plots in order to obtain a more efficient search for
individuals of the sparse population. I n this theoretical description of the method, a strip
survey is approximated by a continuous survey of neighboring grid-cells. The surveyor is
assumed to perform an entire search for objects in all grid- cells entered.
Conforming to all this, many different strategies for the subsampling within each strip can
still be identified. Some straightforward possibilities are:
i) R andom walk (Markovian) with the probability to enter a neighboring cell, in the direction
of the survey line, given by the cell's covariate value (Figure 2a).
ii) As (i) but allowing the surveyor to step from a particular cell to any of the grid- cells in
front. That is, "big steps" are allowed, since the surveyor in this case may go directly from
one side of the strip to the other. The strip will no longer be connected (Figure 2b ).
iii) R andom simulation of entire transects through a strip (without considering the covariate
data at this stage). Transition is only allowed to neighboring cells. A large number of
transects are simulated. For each one, the sum of cell- wise covariate values is calculated.
This sum, or some transformation of it, is used for selecting one particular transect by PPS
(Figure 2c).
To make the method useful from a practical point of view, the grid- cells should generally be
rectangular (very elongated in the direction of the strips) in order to avoid too much
zigzagging for the surveyor. An alternative to this would be to assign higher probabilities for
straight continuation than for changing to another row in the grid- cell system. However, in all
figures in this theoretical desciption of the method, square grid- cells are used.
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FIGURE 2 . Different principles for guiding the subsampling. I n (a) transition is only allowed to
neighboring cells, in (b) transition is allowed to any onward cell, while in (c) entire transects
are simulated. I n (a) and (b), the probabilities of transition (the p- values) are determined from
the covariate values (x- values) in the next stage, denoted i. I n (c), entire transects are deter
mined from the sum (Q-values) of covariates in grid- cells visited.
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The choice of principle for the guidance will affect the precision of the method. The first
principle (i) may appear appealing from a practical and computational point of view. The risk
is, however, that this rather short- sighted approach will not be very efficient. The reason is
outlined in Figure3 .

FIGURE 3 . The risk of using guiding principle (i). The "hot- spot" in the lower right part of the
strip will usually be missed due to the spatial pattern of covariate data.

Due to the spatial distribution of grid- cells with high covariate values, the surveyor will in this
example very seldom find the potential "hot-spot" in the lower right part of the strip if guiding
strategy (i) is used. This problem is avoided if strategy (ii) is used. A problem with this
strategy is, however, that it is somewhat impractical in the field, since the surveyor will often
be instructed to move from one side of the strip to the other. To enhance the strategy, the
probabilities could be weighted by the distance one would have to move, but this will not be
further discussed here. Another possibility would be to perform measurements also when
moving "vertically".
Strategy (iii) is probably a good compromise. I t will lead to "connected" transects, and
problems as the one in Figure 3 will be avoided. The computational burden will, however, be
substantial.

ESTIMATION

Whatever strategy is used for guiding the subsampling, the same general principle can be used
for the estimation of population parameters such as the population total. The general principle
is to use the Horvitz- Thompson (HT) estimator, by which a population total is always
unbiasedly estimated as:
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Here, Yi is the quantity of interest on the i111 unit sampled, 7ti its probability of inclusion, and n
is the number of objects in the sample. The probabilities of inclusion of different grid-cells,
and thus the probabilities of inclusion of population units in these grid- cells, will vary

5

depending on what strategy is used for guiding the subsampling and also on the width and
number of strips used. The derivation of the probabilities of inclusion of grid- cells will now
be described for the three cases. Knowing these probabilities, the HT- estimator can be used
for estimating a population total.
To derive the probabilities, the situation is first studied conditioned on the outcome of the
first stage layout of strips. That is, the probability of inclusion of a grid- cell within a given
strip is first studied. Then, the probability of inclusion of a grid-cell given the entire design is
derived. The conditional probabilities of inclusion are called eij, i being an index for grid- cell
column ("stage") and j an index for grid-cell row ("state").
Case (i): To obtain the conditional probability of inclusion for a particular grid- cell in the first
case, recursive calculations must be made starting from the beginning of the strip. The grid
cell to enter the strip in is selected by PPS among all possible cells in stage 1 . The conditional
probability of inclusion for state j in stage 1 is consequently, with x being the covariate value:

Looking next at the conditional probabilities of inclusion for grid- cells in stage 2, these
depend on the probabilities of inclusion of cells in the first stage. The following recursive
formula could be used from stage 2 onwards, to the end of the strip:

I n this formula, N_1 is the set of neighbors to grid- cell ij in stage i- 1 (usually consisting of
three cells, but at the boundaries of the strip only two). Moreover M is the set of neighbors to
the grid- cell (i- 1 )m in stage i, giving the possible transitions from cell (i- 1 )m onwards.
Case (ii): I n this case, no recursive calculations are needed since the conditional probability of
inclusion of a grid- cell depends only on the covariate values of the grid- cells in that particular
stage. The probabilities are given by:

Case (iii): In this case entire transects are first simulated without considering covariate
information. Next, covariate data for cells passed are summed, and perhaps transformed,
giving a value Qk for the entire transect k. A large number of transects are simulated and one
of them selected PPS to the Q- values. The conditional probability of inclusion of grid- cell ij
will in this case be:

Here, S is the set of transects that pass grid-cell ij, and K is the set of all transects simulated.
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So far, the conditional probabilities of inclusion of grid- cells have been derived. To arrive at
unconditional probabilities, the first stage random layout of strips must also be considered.
Different approaches to unbiased estimation can be identified here. One possibility is to
use the conditional probabilities to estimate the population "subtotal" within each strip and
then to use standard teclmiques from strip sampling to calculate the overall population total
for the forest area.
Another possibility would be to recognize that the conditional probability of inclusion of a
grid-cell can be very different depending on what strip it happens to belong to. This is due to
that the environment of the grid- cell, within the strip, affects how often a transect will pass it.
Consequently, conditional probabilities should be calculated for a specific grid- cell for all
possible ways in which a strip may be laid out (8 0 if the grid- cell is outside the strip). Then,
the unconditional probability of inclusion is the average of the conditional probabilities, if all
potential strips are equally likely.
I n case more than one strip is randomly laid out, the single strip probability of inclusion
should be multiplied by the number of strips to obtain the expected number of inclusions of a
grid- cell (which is used just as the probability of inclusion in the HT- estimator).
=

ASSESSING THE PRECISION

So far, no studies have been made concerning the properties of guided transect sampling, such
as assessment of the precision of the method. One way to assess the precision would be to
simulate different populations and assume a stochastic model for the relationship between
population units and covariate data. G iven such an outcome of a "forest", the formula for the
true variance of the HT- estimator could be used to assess the precision in an "ideal" case. The
variance of the HT- estimator is:
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To calculate this variance for a given design and "forest", the individual probabilities of
inclusion of each grid- cell should be calculated, as well as the joint probabilities of inclusion
of each pair of grid-cells (niJ The y- values are the quantities of interest for the population
units and N is the total number of individuals in the population. Calculation of ni-values is
made according to the principles outlined above. Calculation of nii- values can be made in the
same general manner (looking at one pair of grid- cells at the time). For large grid- cell
matrices, the computational effort required could be substantial.

DISCUSSION

The basic method outlined can be adjusted and extended in many ways. E.g., all cells along
the transect need not be inventoried. I n case the population is not too sparse, a subsample of
grid- cells, or circular plots, along the transect would be more efficient.
For practical reasons, the approach outlined is not very appropriate. I t would probably be
very laborious to perform the inventory in grid- cells along the transect. To make the method
more useful from a fieldwork point of view, strip sampling or line transect sampling would
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probably be better alternatives. Moreover, the G PS-guidance cannot be expected to be very
accurate. At least some ten meters deviation from the line must often be expected. Still, the
guidance principle outlined could probably be used as an adequate approximation.
The cost of inventory could probably also be considered in a non- standard way. I ncluding
a digital elevation model, e.g., the cost of moving from one grid- cell to the other could be
included and movements upwards or downwards in steep terrain be avoided.
Moreover, PPS could be used not only for selecting the route through strips, but also for
selecting the strips. These could, e.g., be selected with probability proportional to their total
covariate values.
Adaptive designs would also be a challenge. Adaptive cluster sampling (Thompson 1992)
would be possible to include without too much difficulty. Adaptive designs with regard to
how the probabilities of transition from one grid-cell to the next should be selected would be
substantially more difficult, yet interesting, to address.
The covariate data should in many cases also be possible to use for estimation purposes in,
e.g., ratio or regression estimators.
Finally, an alternative approach would be to let the surveyor choose his route through the
first stage strips subjectively. U sing intuition and knowledge about the objects or species
searched for, the surveyor should select a route providing a high probability for finding units
of the population. The G PS would record the route selected, and, possibly, the probability of
inclusion of units could be estimated using a model for the relationship between covariate data
and the subjective choice of route. A simpler way of estimation would be to define strata from
the covariate information and use poststratification, although units in the strata are
subjectively selected.
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