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Abstract

In active learning, it is typically assumed that all instances require the same
amount of effort to label and that the cost of labeling an instance is independent
of other selected instances. In spatially distributed datasuch as hyperspectral im-
agery for land-cover classification, the act of labeling a point (i.e., determining the
land-type) may involve physically traveling to a location and determining ground
truth. In this case, both assumptions about label acquisition costs made by tradi-
tional active learning are broken, since costs will depend on physical locations and
accessibility of all the visited points. This paper formulates and analyzes the novel
problem of performing active learning on spatial data wherelabel acquisition costs
are proportional to distance traveled.

1 Introduction

In active learning, one attempts to maximize classifier performance for a given number of labeled
training points by allowing the active learning algorithm to choose which points should be labeled.
It is often assumed that: 1) the cost of acquiring the label for a particular point is independent of the
label acquisition cost for all other points and that 2) labelacquisition costs for all points are equal.

Costs that are non-uniform and are dependent on other pointschosen for labeling may arise when
applying active learning to spatially distributed data. For example, for classification of land-cover
using hyperspectral data [6], acquiring labels may involvetraveling to a particular location and
performing some sort of test such as determining the type of land at that point or collecting various
samples, such as soil, water, or foliage samples, that require physical access. Traveling to this
point incurs some type of cost (e.g., gas or time) proportional to the distance traveled. The distance
traveled also depends on the order in which one visits the points that need to be labeled, meaning
that the label acquisition cost for a particular point is dependent on other, previously visited points.

In this paper, we examine a method for incorporating non-uniform, dependent label acquisition
costs into an uncertainty sampling [8] approach to active learning. We show that active learning
with spatially dependent costs can be addressed by combining uncertainty sampling with techniques
used to solve the traveling salesman problem (and its variant, the traveling salesman problem with
profits).

2 Active learning for spatial data

As in “standard” active learning, active learning on spatial data occurs in an iterative fashion where,
on each iterationi, points from some unlabeled setU are selected by the active learner based on
some criteria, labeled by some oracle, and then placed in thelabeled setL. In this paper, we study
two different but related scenarios for active learning on spatial data.
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In the first scenario, on iterationi, the algorithm chooses a fixed number of points to label and
provides the labeler a path to travel between the points, beginning and ending at the same “home
location” on each iteration1. Once the labels have been obtained, the algorithm retrainson the set of
labeled pointsL, and the process repeats. The goal is to produce a classifier that reduces empirical
errors while minimizing data acquisition costs.

The second scenario also involves a “home location” where the labeler begins and ends on each iter-
ation. However, instead of labeling a fixed number of points on each iteration, the labeler continues
to label points until some traveling budget is expended. In this paper, the traveling budget is the
amount of time available for traveling, sample gathering and labeling each day.

For the sake of discussion, we will refer to the first scenarioas spatial active learning with a fixed
batch size and refer to the second scenario as spatial activelearning with a fixed traveling budget.
The two problems are essentially the same except for different constraints; the solutions to these two
problems are therefore quite similar.

We will use the following notation. On theith iteration, the algorithm selectsni points for labeling.
In the first scenario,ni is constrained to be equal to a fixed batch sizenfix on each iteration. In the
second scenario,ni depends on some traveling budget which we will denote astmax. The actual
cost of traveling and labeling points for theith iteration will be denoted asti. ti depends on the total
distancedi traveled on theith iteration, the speeds of the labeler’s vehicle, the cost of labeling a
single pointcl, and the number of points labeledni. In particular,

ti = (di/s) + (cl ∗ ni) (1)

and the constraint is thatti < tmax. We will measureti, tmax, andcl in units of time,di in units of
length, ands in units of length/time.

Finally, we will use uncertainty scores for each point inU as is done in uncertainty sampling. We
will denote the uncertainty score for thejth point inU asu(j).

2.1 Combining active learning with the traveling salesman problem.

A simple but somewhat naive approach for incorporating spatially related label acquisition costs
with active learning to solve the scenario with fixed batch sizenfix is to do the following:

1. On each iteration, based on active learning criteria (e.g., uncertainty sampling or random
point selection), selectnfix points to label

2. Use a solution to the traveling salesman problem (TSP) to find the shortest path from home
through all of thenfix selected points

We consider this method naive because all spatial information is ignored when choosing the initial
nfix points. While thesenfix points may be highly informative (e.g., as measured by theiruncer-
tainty scores), it may be less costly to selectnfix points which are closer to each other. We use this
approach as a baseline for comparisons.

This baseline algorithm is somewhat clumsy to extend for thescenario where there is a fixed trav-
eling budget since it is unknown how many pointsni to label on a particular iteration. In order to
keep a similar baseline for both scenarios, we use this somewhat inefficient approach:

1. Based on the labeling budgettmax, estimate the maximum number of pointsnmax that
could be labeled per iteration if one ignores traveling costs; that is, letnmax = tmax/cl

2. Setni = nmax

3. Find the total costti for labeling allni points while traveling along an optimal path (as
found using a solution to TSP) through allni points, starting and ending at home

4. If ti > tmax, setni = ni − 1 and repeat previous step; otherwise, ask oracle for labels of
currentni points

We will refer to this baseline algorithm as “random/TSP” if random sampling is used to select points
or “US/TSP” if uncertainty sampling is used to select points.

1This home location may correspond to where the labeler’s vehicle is stored/refueled or the labeler’s base
of operations.

2



2.2 Combining active learning with traveling salesman withprofits.

The traveling salesman problem with profits (TSPP) is a variant of TSP. In TSPP, each city that
the salesman can travel to has a profit associated with visiting that city, and the salesman is not
required to visit every city. The goal is to find an optimal path through some subset of the cities that
maximizes total profit under some constraint.

Our approach for performing active learning on spatial datais to transform the problem into a travel-
ing salesman problem with profits. On each iteration of active learning, the cities that can potentially
be visited by the salesman (or labeler) are the points in the unlabeled setU . The profit associated
with visiting an unlabeled point is set equal to the uncertainty score of that particular unlabeled
point. That is,p(j) = u(j), wherep(j) is the profit for visiting thejth unlabeled point andu(j) is
the uncertainty score of thejth unlabeled point.

The constraint under which the salesman must travel differsfor our two scenarios of fixed batch size
and fixed traveling budget per iteration. In the fixed batch size scenario, the constraint is that the
salesman can only visitnfix points per iteration. In the fixed traveling budget scenario, the salesman
can visit a variable number of cities per iteration as long asthe total time required to travel along all
cities and reach home is less than the traveling budgettmax for that iteration.

The traveling salesman with profits has been studied extensively [2], and fits quite well into the
problem of active learning with spatial costs. We refer to this approach as “US/TSPP”.

2.3 A generalization of active learning with traveling salesman with profits.

Empirically, we found a variant of US/TSPP to be useful: instead of supplying all possible unlabeled
points to the traveling salesman with profits algorithm, only the topm points with the highest un-
certainty scores (wherem ≥ ni) are used. The advantages of this variation on our frameworkis that
it is computationally more efficient and does well at tradingoff between maximizing classification
performance and minimizing distance traveled. We refer to this approach as “US/TSPP (filtered)”.

More formally, our approach is as follows:

1. Input: number of points to considerm, labeled setL, unlabeled setU , constraintnfix (for
scenario with fixed batch size) ortmax (for scenario with fixed traveling budget)

2. Iterate

(a) Assign uncertainty scoresu to all points inU
(b) Select the min(m, |U|) points with the highest uncertainty scores where|U| is the

number of points inU ; let this set of unlabeled candidate points be denoted asUC

(c) Set the profit for visiting thejth point inUC to the uncertainty score of that point
(d) Select points fromUC and create a path through these points using a solution to TSPP

that satisfies traveling constraints (eithernfix or tmax depending on the scenario)

For the scenario with fixed batch size, this method generalizes both US/TSP and US/TSPP. Note
that if m = nfix, then this approach reduces to US/TSP, while ifm is equal to the number of points
in U , then this approach reduces to US/TSPP.

3 Experiments

3.1 Solving TSP and TSPP

In this section, we discuss heuristics for solving the traveling salesman problem and traveling sales-
man problem with profits in more detail. These specific algorithms are necessary for understanding
our experiments. However, our solutions do not require a specific solution to TSP or TSPP, so other
approaches can be readily substituted within the frameworkproposed in this paper.

The traveling salesman problem has been widely studied[7],and many solutions have been proposed.
We will use the following terminology and notation. Each city that the salesman travels to is denoted
as a nodev(i), wherev(i) is theith city. In addition, the salesman must start and end at some home

3



locationv(0). Finally, the distance between two nodesi andj is denoted byd(i, j), whered(0, j)
would represent the distance from the “home” location to thejth point.

We use the following heuristic, chosen because the solutionis quite fast and also because of readily
available code2. Our heuristic for solving the traveling salesman problem works as follows. The
algorithm begins by randomly initializing a path through all points. The algorithm then proceeds
to try to improve the path by repeatedly using 2-opt and 2.5-opt. One problem with this heuristic
is determining when to terminate the algorithm. We found through preliminary experiments that
setting the max number of iterations to 10,000 was quite fastfor a moderate number of nodes (i.e.,
less than 100) and resulted in convergence to a good solution.

We use a variant of the H2 heuristic originally presented in [3] to solve the traveling salesman with
profits problem. Our modified algorithm is as follows:

1. Initialization: initialize path to consist ofv(0) (i.e., the home node) and the pointj that
minimizesd(0,j)+d(j,0)

p(j) wherep(j) is the profit obtained for visiting nodej

2. Iterate until the number of nodes (not countingv(0)) in the path is equal tonfix (fixed batch
size constraint) or until the total traveling budget exceeds tmax (fixed budget constraint):
Add point that minimizesd(i,j)+d(j,k)−d(i,k)

p(j) for some pointv(j) not in current path and
consecutive pointsv(i) andv(k) in path

3. Optimize path using solution to TSP described above

As with our method for solving the traveling salesman problem, this algorithm was chosen since it
was simple to implement and because it was fast enough for experimentation.

3.2 Datasets.

Land cover classification by hyperspectral image (HSI) dataanalysis has become an important part
of remote sensing research[6]. The proposed method was evaluated on hyperspectral images taken
from two geographically different locations: NASA’s John F. Kennedy Space Center(KSC) and
the Okavango Delta in Botswana. We will call the two datasetsthe KSC and Botswana datasets,
respectively. The goal of these datasets is to correctly classify types of land. The KSC dataset,
containing 13 classes, consists of 176 bands (i.e., features) in a hyperspectral image of size512×614
pixels with 18m spatial resolution. The Botswana dataset, which contains 14 classes, consists of 145
bands in an image of size1476 × 256 pixels with 30m spatial resolution. Figure 1 shows images of
Botswana and KSC with their corresponding class maps. The grey areas in the figure denote areas
which have “no label” while remaining colors correspond to particular class labels. As can be seen
in this figure, only a small fraction of the entire region actually has class labels due to the expense
of creating a fully labeled dataset. KSC map has only 5211 labeled points out of 314368 pixels, and
Botswana map has 3248 labeled out of 377856 pixels. Aside from their use in preprocessing (see
discussion of max-cut below), areas without labels are ignored during experimentation.

We preprocess the data in two ways that are known to be effective for classifying hyperspectral
data. First we utilized spatial information in addition to the spectral information, via the max-cut
algorithm described in [1], where a pixel’s feature vector is augmented with features from neighbor-
ing pixels whose spectral features are similar to the pixel of interest. The max-cut algorithm takes
advantage of unsupervised information and provides a way toidentify pixels that are close both in
physical and spectral spaces, and produces more accurate and stable classification results for spatial
data. Second, we applied best-basis feature reduction which exploits the high correlation between
certain adjacent spectral bands, and is tailored for hyperspectral data analysis [5].

In each dataset, each data point has a location as determinedby two coordinates. We use the Eu-
clidean distance between coordinates as the distance required to travel between two points.

2Our experiments were run using a modified version of the code used in the Matlab demonstration of the
traveling salesman problem (travel.m)

4



(a) Botswana

(b) KSC

Figure 1:Botswana and KSC images with class maps

3.3 Experimental setup.

We use LDA as the classifier in our experiments and use uncertainty scoresu inversely proportional
to the margin between the largest posterior probability andsecond largest posterior probability as
predicted by LDA. We have also run several experiments on two-class problems using both LDA
and SVMs, where uncertainty scores for SVMs are inversely proportional to the distance of a point
from the separating hyperplane. Trends for two-class problems for both LDA and SVMs are similar
to trends for the full, multiclass problem using LDA, so we omit these results for sake of brevity.

We partition the data into training and test sets using five runs of ten-fold cross-validation and aver-
age the results. In particular, we use stratified sampling such that each fold has the same proportion
of points from each class. Once the training and test sets have been created, 5% of the training data
is randomly selected and labeled to form the initial labeledsetL, the remaining unlabeled training
data is placed inU , and a “home” location is randomly selected fromL. We use the best-basis
feature reduction method to create a set of 120 features.

We run two sets of experiments. In the first set of experiments, we address the scenario where a
fixed number of points are labeled on each iteration. In theseexperiments, the number of pointsnfix

labeled on each iteration is set to 10 points, and labeling costs are measured in terms of distance. In
the second set of experiments, we address the scenario with fixed traveling budget. In this scenario,
labeling costs are measured in units of time, where the constraint on each iteration is that the timeti
spent traveling and labeling points on theith iteration is less thantmax. As mentioned,ti depends
on the vehicles average speeds and the cost for labeling a single pointcl. Experimentally, we tried
a variety of values fors andcl, but found that specific values do not seem to affect general trends
much. Because of space constraints, we present results onlyfor the case wheres = 80.5 kilometers
per hour3, cl = 10 minutes, andtmax = 8 hours. Finally, US/TSPP(filtered) requires a parameterm
to determine the number of points inUC , which we simply set to100 in all experiments. Although
we did not investigate this, additional tuning ofm may be useful.

In general, the execution time of US/TSPP is much slower thanUS/TSP or US/TSPP(filtered). For
much larger datasets, it is possible that US/TSPP may becometoo slow. However, US/TSPP(filtered)
will not have scaling issues if one keeps the number of filtered points low. Regardless, in the problem
setting being considered, the time required to label pointsis much larger than the time required to
execute the active learning algorithm, so a detailed study on execution times is outside the scope of
this paper.

4 Results

Results are presented in figure 2 and table 1. For both scenarios (fixed batch size and fixed traveling
budget), the general trends and shapes of the curves in the results are quite similar.

3i.e., roughly 50 miles per hour.
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Table 1: Averages and standard deviations for specific points for scenario with fixed batch size (top
two tables) and scenario with fixed traveling budget (bottomtwo tables)

dataset activeLearner errorRateAt50KM errorRateAt100KM errorRateAt250KM
ksc random/TSP 0.1231 (0.0160) 0.1143 (0.0150) 0.1000 (0.0154)
ksc US/TSP 0.1114 (0.0130) 0.0954 (0.0954) 0.0688 (0.0126)
ksc US/TSPP(filt) 0.1032 (0.0157) 0.0870 (0.0124) 0.0606 (0.0118)
ksc US/TSPP 0.0974 (0.0138) 0.0868 (0.0135) 0.0701 (0.0141)
bots random/TSP 0.2555 (0.0376) 0.2022 (0.0333) 0.1215 (0.0225)
bots US/TSP 0.2447 (0.0391) 0.1852 (0.0311) 0.0970 (0.0176)
bots US/TSPP(filt) 0.1471 (0.0373) 0.0990 (0.0246) 0.0513 (0.0182)
bots US/TSPP 0.0947 (0.0247) 0.0733 (0.0215) 0.0521 (0.0189)
dataset activeLearner errorRateAt25 hours errorRateAt50hours errorRateAt100 hours
ksc random/TSP 0.1137 (0.0150) 0.1015 (0.0127) 0.0911 (0.0119)
ksc US/TSP 0.0956 (0.0114) 0.0734 (0.0079) 0.0515 (0.0094)
ksc US/TSPP(filt) 0.0886 (0.0086) 0.0655 (0.0082) 0.0465 (0.0087)
ksc US/TSPP 0.0912 (0.0142) 0.0752 (0.0154) 0.0592 (0.0153)
bots random/TSP 0.1353 (0.0270) 0.1268 (0.0235) 0.0783 (0.0112)
bots US/TSP 0.1292 (0.0187) 0.1109 (0.0155) 0.0557 (0.0127)
bots US/TSPP(filt) 0.1150 (0.0257) 0.0689 (0.0150) 0.0363 (0.0130)
bots US/TSPP 0.0760 (0.0250) 0.0590 (0.0169) 0.0450 (0.0147)
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Figure 2:Average results; top row contains results for scenario I (fixed number of points per iteration) while
bottom row contains results for scenario II (fixed budget periteration)

In the graphs in figure 2, we have modified the traditional “banana curve” format of active learning
in order to take into account different label acquisition costs. In this case, the horizontal axis is
proportional to the total cost (e.g., distance traveled or time expended) needed to labelL. Thus, a
point on the curve represents the cost expended by a labeler in order for the classifier to achieve
a certain level of performance as measured by error rate on the test set. A number of interesting
observations can be drawn from this type of figure. Unlike a traditional curve in active learning, the
right-most point of each curve on each graph will be at a different place. This point corresponds to
where all the points originally inU have been labeled (we have denoted this point with an “X” in
the graphs for ease of visibility). The fact that different curves end at different places indicates that
each method requires different amounts of effort to label all of U .
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(a) random/TSP (b) US/TSP (c) US/TSPP (filtered) (d) US/TSPP

Figure 3:Example paths for each of the methods in our experiments

Based on this right-most point, in terms of minimizing the total cost to label all ofU , US/TSPP out-
performs US/TSPP (filtered) which outperforms US/TSP whichoutperforms random sampling on
both datasets for both scenarios. This shows that our proposed approach, US/TSPP always reduces
total labeling effort compared to US/TSP when labeling all of U , and that US/TSPP (filtered) lies
somewhere in-between. In many cases, this reduction is quite large. For example, the cost for label-
ing all of U using US/TSPP is, on average, less than half the cost if usingUS/TSP. For the sake of
illustration, we have plotted four example paths on the KSC dataset4, with one path for each tested
method, in figure 3. Here, the distance saved by US/TSPP and US/TSPP(filtered) over random/TSP
and US/TSP is also apparent.

Another question in active learning is how quickly a method reduces classification error. Looking
at the graphs, one can qualitatively make the judgement thatUS/TSPP tends to reduce the error rate
fastest. Quantitatively, one can compare the average errorrate when the labeler has not yet traveled
very far. In table 1, we have listed some error rates when the traveler has not expended much cost.
If looking at the lowest obtainable error rate, US/TSPP(filtered) is able to reduce error rate further
than US/TSPP. In general, the lowest error rate (regardlessof how much effort required to reach
that point) is comparable for US/TSPP (filtered) and US/TSP.Thus, US/TSPP(filtered) empirically
achieves an error rate as low as US/TSP and reduces error ratemore quickly than US/TSP.

Finally, in the results (particularly on the KSC dataset), we see that the error rate can be lower when
only a subset ofU has been labeled as opposed to when all ofU has been labeled. This phenomenon
has been observed in other works on active learning as well [12], where the active learner stops
learning when there is no more unlabeled samples in the margin of the current SVM model. It is
also possible to perform cross-validation(CV) on the current labeled set and stops the process before
the CV error starts to increase. Stopping the labeling process early may be useful in reducing overall
classification error, but we do not study this problem further in this paper.

5 Related work

In this paper, we take an uncertainty sampling approach to active learning. One could also take a
loss reduction approach [11]. That is, instead of setting the profit of visiting a point inU equal to
the uncertainty score for that point, one could set the profitfor visiting a point equal to the expected
reduction in loss for adding the point toL. There are several benefits to using a loss reduction
approach. For example, [10] uses a loss reduction approach on the KSC and Botswana datasets, so
it is known that loss reduction can work well for hyperspectral data. In [9], it was shown how one
can incorporate non-uniform label acquisition costs into aloss reduction type setting. However, the
method for incorporating label acquisition costs in [9] is quite different than our current work, and
we are unsure how one would extend the technique in [9] to incorporate dependent label acquisition
costs.

One major drawback of loss reduction type approaches is computational efficiency. To obtain the
expected reduction in loss for all points inU , one needs to retrain the classifier|U| ∗nc times, where
nc is the number of classes. This is particularly problematic for our hyperspectral datasets, where
KSC contains 13 classes and Botswana contains 14 classes. While there are methods of performing
loss reducing active learning more quickly [11], computational efficiency was the main reason for
favoring uncertainty sampling in our current set of experiments.

4we arbitrarily chose to plot the 25th iteration of active learning for each method for the fixed batch size
scenario.
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Finally, although many active learning strategies have been proposed during the last 15 years, there
exist few algorithms that consider spatial characteristics of unlabeled samples. [10] proposed an
active learning algorithm for hyperspectral data that adapts a classifier for spatial variation of spectral
signatures. However, it does not take into account any form of varying label acquisition costs based
on spatial data. An active learning algorithm to efficientlymodel spatial phenomena with Gaussian
process has been proposed [4], but the algorithm is used to model spatially varying quantities and is
not applicable to classification problems. We are unaware ofany active learning studies which take
spatially dependent label acquisition costs into account.

6 Conclusion

When performing active learning on spatially distributed data such as hyperspectral data or other GIS
applications, there are variable label acquisition costs involved in labeling each point. These label
acquisition costs may depend on the distance the labeler needs to travel in order to label each point
selected by active learning. Standard active learning techniques are unable to handle such variable
costs, and assume that the cost of labeling each point is uniform and that the cost of labeling each
point is independent of all other points being labeled on a particular iteration of active learning. If
the cost of labeling a point is proportional to the distance needed to travel to that point, and if the
labeler travels to several points on each iteration of active learning, then both of these assumptions
made by traditional active learning are broken.

In this paper, we have presented methods for solving this variant of active learning where label
acquisition costs are proportional to the distance required to travel to a point. We have addressed two
scenarios for spatial active learning: one where there are afixed number of points labeled on each
iteration, and one where the number of points labeled on eachiteration are dependent on some fixed
budget. Other scenarios involving spatially related labelacquisition costs are possible. In addition,
our work has implications for other areas of cost-sensitivelearning such as transfer learning.
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