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Abstract—Unmanned aerial vehicles (UAVs) have the potential
to obtain high-resolution aerial imagery at frequent intervals, mak-
ing them a valuable tool for urban planners who require up-to-date
basemaps. Supervised classification methods can be exploited to
translate the UAV data into such basemaps. However, these meth-
ods require labeled training samples, the collection of which may
be complex and time consuming. Existing spatial datasets can be
exploited to provide the training labels, but these often contain
errors due to differences in the date or resolution of the dataset
from which these outdated labels were obtained. In this paper,
we propose an approach for updating basemaps using global and
local contextual cues to automatically remove unreliable samples
from the training set, and thereby, improve the classification accu-
racy. Using UAV datasets over Kigali, Rwanda, and Dar es Salaam,
Tanzania, we demonstrate how the amount of mislabeled training
samples can be reduced by 44.1% and 35.5%, respectively, lead-
ing to a classification accuracy of 92.1% in Kigali and 91.3% in
Dar es Salaam. To achieve the same accuracy in Dar es Salaam,
between 50000 and 60000 manually labeled image segments would
be needed. This demonstrates that the proposed approach of using
outdated spatial data to provide labels and iteratively removing
unreliable samples is aviable method for obtaining high classifica-
tion accuracies whilereducing the costly step of acquiring labeled
training samples.

Index Terms—Basemap updating, image classification, informal
settlements, label noise, random forests, unmanned aerial vehicles
(UAVs), urban planning.

I. INTRODUCTION

THE utilization of geospatial information to support urban
planning is becoming common practice worldwide. A fun-

damental building block is the basemap (or topographic map),
which provides information regarding the location of elemental
objects of the urban fabric. As a foundation for many urban
planning activities, it is imperative that this basemap provides
accurate and up-to-date information. This is not always the case,
as changes in an urban setting may occur more rapidly than the
updating of such basemaps, which traditionally occurs through
the manual digitization of satellite or airborne imagery. This is
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particularly relevant for informal settlements, which tend to be
very dynamic urban environments.

Recent technological developments regarding data acquisi-
tion platforms such as unmanned aerial vehicles (UAVs), also
known as remotely piloted aerial systems, display potential for
quickly delivering high-quality spatial data for geomatics appli-
cations [1]. UAVs are capable of bringing imagery with a spatial
resolution of mere centimeters and accurate 3-D information to
urban planners at a low cost. However, the area that can be cov-
ered by a single flight is currently limited due to the technical
characteristics of the type of UAVs commonly used for mapping
activities [1] and national legislation often limits the maximum
area that can be covered by a single flight [2]. UAVs are, there-
fore, especially suited for mapping tasks that require multiple
acquisitions over a limited study area, such as incremental map
updating.

In order to exploit the information contained in remotely
sensed imagery, the images are usually translated into vector-
based semantic information such as the basemaps mentioned
previously. In many situations, basemap updating through
UAV imagery is performed through manual digitization of new
features [3], possibly even involving stakeholders through a
participatory mapping approach [4]. An alternative strategy to
digitization is the extraction of semantic information through
supervised image classification methods.

Supervised classification methods make use of representative
training samples to characterize the common characteristics and
variability of objects pertaining to each semantic class. Based
on the observed distributions of the samples in a defined feature
space, a classification model is constructed. This model allows
labels to be assigned to new, unlabeled samples. Supervised
classification algorithms have been successfully applied in a
number of studies to extract semantic information from UAV
imagery of urban scenes. Some studies divide the orthoimagery
into a grid of coarser resolution, and use a pretrained library to
propose which urban objects may be present within each grid
cell [5]. Other studies include 3-D features from the point cloud
or digital surface model (DSM) to support the image-based fea-
tures, e.g., [6] and [7]. The application of morphological filters
of adaptive sizes on the DSM result in useful features for iden-
tifying urban objects with differing scales and can complement
the information contained in the imagery [8].

One of the main difficulties in classifying subdecimeter reso-
lution imagery obtained through UAV platforms is the spectral
and spatial variability of urban objects (e.g., [5] and [8]). It is
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possible to address the spectral variability by clustering all the
pixels in an unsupervised manner and using a majority voting of
the reference labels per cluster to label the pixels [9]. Unfortu-
nately, the collection of these reference labels is expensive, time
consuming, and requires a relatively high level of knowledge to
ensure that they are representative of the class distributions.

Rather than manually labeling training samples, it is also
feasible to use existing spatial datasets to provide the labels. For
example, vector data from existing basemaps or sources such
as OpenStreetMap could be used [10], [11]. However, there are
likely to be changes in the scene if there is a time lapse between
the collection of the vector data at t0 and the newly acquired
UAV imagery at t1 . Furthermore, the existing vector informa-
tion may have been digitized over imagery of a lower spatial
resolution, causing misalignments when superimposed over the
UAV imagery. Therefore, if existing spatial data are utilized to
provide the training samples, it must be taken into account that
a number of the training labels are likely to be incorrect.

Various strategies have been developed to deal with such
errors in the training sample labels, i.e., label noise. A recent
overview of the effect of label noise on classification algorithms
[12] observed that there are following three main strategies to
address this issue:

1) utilizing noise-robust classification algorithms;
2) data cleansing to remove potentially noisy labels from the

training data;
3) explicitly modeling label noise.
Other strategies have been developed to specifically combat

label noise for remote sensing applications. For example, by
modeling label noise by combining noise robust logistic regres-
sion and conditional tandom fields (CRFs) for updating geospa-
tial databases [13]; or by using the contextual information in a
semisupervised setting in order to assess the reliability of train-
ing samples and obtain a classification algorithm that is more
robust to mislabeled training samples [14].

In this paper, we utilize a data cleansing strategy that exploits
context to identify samples, which are likely to have an incorrect
label. Research from the fields of computer vision [15] and the
human visual system [16] indicate that both global and local
contextual cues are important for object recognition. Global
context has to do with the statistics of the image as a whole. The
underlying idea is that similar but disjoint objects in a single
study area will have similar variations. So, by using existing
labels over the entire scene, the classifier uses global statistics
of the study area to identify the common variations of these
objects in a feature space. Objects that are mislabeled are likely
to fall outside of these common variations, causing the classifier
to be uncertain about the output label. Local context has to do
with the similarity of neighboring samples. Generally speaking,
neighboring pixels or segments that have similar characteristics
could be expected to belong to the same semantic class [17]. This
forms the basis of the contrast-sensitive Potts model, which is
commonly used in image analysis techniques such as CRFs to
ensure a smooth labeling (e.g., [18]).

Object- or segment-based labeling, as opposed to pixel-based
labelling, gives a single label to a group of pixels. Such a con-
tiguous group of pixels with similar characteristics, is known

as an image segment. This technique forms the basis of object-
based image analysis (OBIA) [19], and could also be interpreted
as a way to ensure smooth labels [17]. It has been advocated
that OBIA is especially suitable for remote sensing applications
where the object of interest is larger than the spatial resolution of
the image [19]. It has been one of the most common techniques
for slum identification from high resolution satellite imagery,
though parameter tuning is important to avoid over- or under-
segmentation [20]. In light of the difficulty of tuning image
segmentation parameters, superpixels could be used [21]. These
are in essence an oversegmentation of the image. Superpixel-
based image analysis lowers the data redundancy and can speed
up classification tasks compared to pixel-based strategies, while
avoiding errors due to undetected object boundaries in cases of
undersegmentation.

The main motivation behind this study is to combine both
the global contextual uncertainty (i.e., class representation and
object variability within the scene) with the local contextual
consistency (i.e., similar neighbors having similar classes) to
automatically identify and remove noisy labels from training
data. By iteratively training supervised classifiers and removing
potentially mislabeled samples after each iteration, the training
sample set is iteratively cleaned and the accuracy of the clas-
sification model is improved. This allows existing vector out-
lines to be exploited as labels for newly acquired UAV imagery,
thereby, reducing the need for the collection of costly training
samples and speeding up the basemap updating workflow. The
adopted methodology combines various aspects of the state-of-
the-art in remote sensing of urban areas and image processing,
such as OBIA, the integration of 2-D and 3-D features, and the
inclusion of contextual information to improve classification
accuracies.

The proposed technique is demonstrated through two applica-
tions. The first uses recently acquired UAV imagery and outdated
building outlines of an informal settlement in Kigali, Rwanda.
The second application demonstrates how the same method can
be applied to improve the accuracy of crowd-sourced data. More
specifically, to verify the building outlines of an informal settle-
ment in Dar es Salaam, Tanzania, which were digitized by com-
munity members using OpenStreetMap. Various experimental
setups demonstrate the necessity of using both global and local
contextual cues, the sensitivity of the proposed method to the
proportion of training labels that are incorrect, and approximate
the number of training samples that would need to be manually
labeled in order to obtain the same classification accuracy as the
automated workflow.

II. PROPOSED METHOD

The proposed method takes image segments with descriptive
features from the newly acquired dataset and an initial class
label obtained from the outdated basemap data as input. Then,
it applies three steps to identify samples with unreliable labels
and remove these from the training set. These three steps (steps
4–6 in Fig. 1) are: prefiltering the image segments based on the
uniformity of noisy labels acquired at t0 for each segment from
the images at t1 , performing a supervised classification, and
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Fig. 1. Workflow of the proposed method for automatically identifying unreliable labels when using existing spatial data to provide training labels for the
classification of UAV data.

Algorithm 1: iterRF-LG.

Inputs: S = {s1 , s2 , . . . , sn} image segments with
features from t1 , R ⊆ S subset of segments which are used
as training samples, Ck = {ck1 , ck2 , . . . , ckn} segment
labels at iteration k, user-defined number of iterations
kmax , local contextual consistency threshold ψmin , global
contextual uncertainty threshold θmin .
Procedure:

1. Set R = S and initialize C0 with noisy training labels
from t0

2. If uniformity (si) < minimum uniformity criterion,
remove si from R

For k = 1 : kmax .
3. Train a random forest classifier using segments in R

and labels from Ck−1

4. Apply the classification model to S and update Ck .
5. If cki �= ck−1

i OR ψi < ψmin OR θi < θmin , remove
si from R

Outputs: improved segment labels Ckm a x .

finally, removing unreliable training samples. Here, uniformity
refers to the percentage of pixels in an image segment, which are
assigned the label of the most prominent class within that seg-
ment. Label reliability is based on the label consistency, local
contextual consistency, and global contextual uncertainty. The
last two steps (classification and removing unreliable training
samples) are repeated iteratively to improve the classification
model. This improved classification model can then be used to
assign a class label to each image segment and obtain a classified
map.

In the following section, we explain how the proposed method
works. We use the notation S = {s1 , s2 , . . . sn} for the n seg-
ments in the image acquired at t1 and R ⊆ S to the set of seg-
ments which are used to train the classifier. Each image segment
si has an area Ai , a feature vector xi obtained from the image
dataset at t1 , and a class label cki where k refers to the iteration.
For example, c0i indicates the class label of si according noisy
labels acquired at t0 , and c1i refers to the label assigned to si
after the first iteration of the algorithm. Ei refers to the set of
all image segments adjacent to si and li,j refers to the length of
the shared border between si and sj ∈ Ei . Pseudocode for the

algorithm is provided in Algorithm 1. Please note that this sec-
tion describes the general workflow of the proposed method,
whereas the exact implementation employed for our UAV
datasets (including image segmentation and feature extraction)
is described in Section III-B. Experimental Analysis.

The reasoning behind the prefiltering step (i.e., step 4 in
Fig. 1) is that the building outlines at t0 may not always align
with the image segments obtained from the imagery at t1 ,
causing these image segments to contain conflicting labels.
Therefore, as an initial simple filtering mechanism, only “pure”
segments where the percentage of labels from a single class
meets a user-defined threshold are selected for the training set
R used to develop the classification model. The segments that
do not meet this purity criterion are only incorporated at the end
of the workflow, when the final classification model is used to
classify the entire image and obtain the final classification map.

For the supervised classification step, we propose to use ran-
dom forests [22] as they have been demonstrated to be more
robust to label noise compared to other classification methods
[12], [23] and they can easily deal with large numbers of train-
ing samples, which is useful as all the segments are labeled in
this application of map updating. Furthermore, it is intuitive to
derive a confidence measure for the prediction, which is needed
for the global contextual uncertainty criterion.

Then, the label consistency, local contextual consistency, and
global contextual uncertainty are used to remove unreliable
training samples. Label consistency implies that the label of
a training sample is consistent with the label assigned at the
previous iteration, i.e., cki = ck−1

i . For example, if one segment
represents a building at t1 , it may be nonbuilding according to
the outdated basemap labels at t0 . However, as the features of
the segment are likely to be similar to other buildings in the area,
it could feasibly be classified as building in the second iteration.
Therefore, segments where a label is inconsistent causes it to be
removed from the training set. This strategy has been previously
employed for data cleansing techniques [24], [25], but may
be dangerous when used on its own as it may also remove
potentially informative samples [26], [27].

The underlying idea of the second criterion, local contex-
tual consistency, is that if there are misalignments in the object
boundaries at t0 and at t1 , then the correctly labeled parts of
the object may be used to identify neighboring mislabeled seg-
ments [see the example in Fig. 2(a)]. This is implemented by
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Fig. 2. Illustrative examples from the Kigali dataset showing the interplay between the local contextual consistency (b), (e) and global contextual uncertainty
criteria (c), (f). The local contextual consistency is especially useful for updating object boundaries (a)–(c), whereas the global contextual uncertainty is required
to capture new objects (d)–(f).

comparing the labels of neighboring pixels or image segments,
and introducing a penalty for neighbors that have different labels
but similar feature vectors. We exploit the idea of edge poten-
tials commonly adopted in CRFs, and define our contextual
consistency criterion using a contrast-sensitive Potts model [28]

φ
(
cki , c

k
j ,xi ,xj

)
=

{
exp

[−βxi − xj 2
]
, if cki �= ckj

1, if cki = ckj
(1)

where cki and ckj indicate the class labels and xi and xj the
feature vectors of two neighboring image segments si and
sj . This assigns a value of 1 to edges between neighbors of
the same class, and exp[−β‖xi − xj‖2 ] to edges between
neighbors adhering to different classes, where β equals the
average square gradient between all neighboring segments as
in [18]. The local contextual consistency index of segment si
(ψi) is the weighted sum of (1) for all neighboring segments

ψi =
∑

(i,j )∈Ei

wi,j · φ(cki , c
k
j ,xi ,xj ) (2)

where wi,j is the relative weight of the neighboring segment sj .
The relative weight (wi,j ) of each neighbors’ edge potential is

normalized by border length and relative size of the neighbors
[29] as follows:

wi,j =
li,j ·Aj∑

(i,j )∈Ei
li,j ·Aj

. (3)

This increases the influence of neighboring segments that
share a longer border and larger neighboring segments, as larger
segments are presumed to provide more stable feature values.
Note that ψi penalizes similar segments with different labels,
but it does not indicate which of the two neighbors is likely to
be correct and which is likely to have the noisy label. Therefore,
we only remove the samples for which both the local contextual
consistency and the classifier uncertainty fall below a defined
threshold. Furthermore, it is important to note that (1) only looks
at neighboring segments that have different labels. This is useful
for updating building outlines, but not in detecting new objects
that are isolated. For example, if a building appears at t1 in the
middle of an area, which was entirely labelled as nonbuilding
at t0 , ψi will not be suitable for identifying mislabeled training
samples [i.e., Fig. 2(e)].

In such situations, mislabeled training samples can be iden-
tified by taking into account the global contextual uncertainty
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of segment si (θi). That is to say that the classification model
describes the statistical attributes of the objects outlined by the
outdated vector data at t0 in the feature space derived from the
imagery at t1 . If a sample is mislabeled by the provided labels,
then it is likely to lie closer to its true label in the feature space
and may, therefore, cause the classifier to be uncertain about
the assignation of the label. If a group of neighboring segments
consistently have a high uncertainty according to the classifi-
cation model, they are likely to be mislabeled. Therefore, we
calculate the weighted average of the classifier uncertainty over
all neighboring segments

θi =
∑

(i,j )∈Ej

wi,j · ukj (4)

where wi,j is again the relative weight between neighboring
segments si and sj as defined in (2) (i.e., the same weights
are used for both the local contextual consistency and global
contextual uncertainty) and ukj is the classifier uncertainty for
segment sj at iteration k. Note that although both ψi and θi
change at each iteration, we omit the superscript k in order to
simplify the notation.

We propose utilize random forests for the supervised classifi-
cation task. Random forests consist of a group of classification
trees, where each tree is trained using a random subset of the
training samples and each decision node depends on a random
subset of the features [22]. In the testing stage, a sample passes
through each tree and each tree casts a vote for the label of the
most prominent class of training samples, which ended up at
that leaf. The final label of the sample is determined through
a majority voting of the results of each tree in the forest. The
uncertainty can easily be calculated as the fraction of reference
samples of the leaf that have the most prominent label multiplied
for each tree in the forest. For binary classification problems,
ukj ranges from 0.5 to 1 with higher values representing more
confident predictions.

In the proposed method, the steps of supervised classification
and removing the unreliable training samples using the three
consistency criteria are repeated iteratively. The number of iter-
ations could be fixed by the user. Alternatively, the user could
automatically stop the iterations by tracking the number of sam-
ples removed from the training set or the number of samples
that have are assigned different labels compared to the previous
iteration. The accepted classification model can then be used to
classify the entire image.

III. EXPERIMENTAL ANALYSIS

A. Datasets

1) Kigali, Rwanda: The first study area concerns an infor-
mal settlement in Kigali, Rwanda [see Fig. 3(a)]. In 2015, a DJI
Phantom 2 Vision+ UAV was flown over the study area. The
images were processed with Pix4Dmapper that provided a Dig-
ital Surface Model (DSM) and a true-color orthomosaic with a
spatial resolution of 3 cm and point cloud with a density of up
to 1014 points/m². Further details regarding this dataset can be
found in [7]. A subset of 150 m × 150 m was selected for the
present analysis. The outdated building outlines were provided

by the local government as vector data, which was initially dig-
itized over a 2008 orthomosaic of 22 cm and partially updated
using 2014 Pléiades satellite imagery resampled to 50-cm pixels
[30]. True reference data were obtained by manually digitizing
the building outlines of the UAV orthomosaic. Around 11% of
the segment labels provided by the existing outlines are incorrect
according to this reference data.

2) Dar es Salaam, Tanzania: The second dataset was ob-
tained by the Dar Ramani Huria project with the support of the
World Bank.1 This project mobilizes community members and
university students to map flood-prone areas of the city. The re-
sults are used to support disaster response and are made available
to the public through OpenStreetMap. To support these mapping
activities, UAV flights were undertaken with a SenseFly eBee
mounted with a 14-MP Canon Powershot RGB camera. The
images were again processed with Pix4Dmapper to obtain a
point cloud with an average density of 50 points/m², and a 5-cm
DSM and orthomosaic. A 300 m × 300 m subset located in the
Tandale ward was used for the present analysis [see Fig. 3(b)].

For this dataset, the “noisy” labels consist of the building
outlines that were digitized over the 2015 imagery within the
Ramani Huria project. Similar to the Kigali dataset, the true
reference data were manually digitized over the subset for the
purposes of the present study. Although most objects were cor-
rectly digitized by the Ramani Huria project, a label noise of
about 10% is observed.

B. Experimental Setup

1) Image Segmentation: To segment the orthomosaic, the
SLIC superpixel algorithm was used [21]. SLIC first defines a
regular grid over the image, where the grid interval is based
on a user-defined target super-pixel size. These samples are
used to initialize a k-means clustering, where each pixel in the
image is assigned to the nearest cluster center. The proximity
to cluster centers is calculated in a 5-D space that consists of
spectral (L, a, b, values of the pixel in CIELAB colorspace) and
spatial (the x, y image coordinates) components. After all pixels
are assigned to a superpixel, the cluster centers are updated by
averaging the Labxy values of all pixels within the superpixel,
and the process is repeated. In our experimental analysis, the
target superpixel size was set to approximately 0.5 m² (i.e., 555
pixels for the Kigali dataset and 200 pixels for Dar es Salaam).
However, it was noted that a number of very small segments were
still present, which could unnecessarily slow down the image
processing workflow. Therefore, all segments with an area less
than 0.05 m² (i.e., 55 pixels for the Kigali dataset and 20 for
Dar es Salaam) were merged with the most similar neighboring
segment larger than 0.05 m². This segmentation strategy resulted
in a total of 59 812 image segments for the Kigali dataset and
103 227 segments for Dar es Salaam.

2) Feature Extraction: For each segment, the average R, G,
B color values, normalized r., g., b., and the ExG(2) vegetation
index [31] were calculated, as well as a normalized histogram
displaying the relative frequency of local binary pattern (LBP)

1http://ramanihuria.org/



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

6 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

Fig. 3. (a) Kigali and (b) Dar es Salaam datasets used in this study. The building outlines (i.e., noisy labels) from t0 are displayed in yellow over the images
acquired at t1 .

texture patterns [32] within each segment. Features from the
point cloud were also included in the classification: The num-
ber of points falling into the spatial extent of each pixel, as
well as the range and standard deviation in the elevation val-
ues of these points. Planar segment and local neighborhood
features of the highest point per pixel were also assigned to
each image pixel. Planar segments were obtained through a
surface-growing algorithm [33] and the number of points, aver-
age residual, inclination angle, and maximum height difference
of the plane above neighboring points from different segments
were included as features. The local neighborhood features were
calculated according to the framework proposed by [34]. The
values of each 3-D feature per pixel was averaged over the
image segments. These image-based and point-cloud based fea-
tures together form the set of features used for the classification
task. A more comprehensive overview of the utilized features is
provided in [35].

3) Initial Training Labels: The vector data from the existing
basemap are first rasterized using the same grid as the UAV
orthomosaic. Next, a majority voting is used to assign a bi-
nary label (building versus nonbuilding) to each SLIC segment,
which represents the outdated label at t0 . The true labels at t1 ,
which are used for the performance assessment, were obtained
by manually digitizing the building outlines in the UAV ortho-
mosaic, and assigning them to the image segments in the same
way.

4) Prefiltering: The previous processing steps yield: The in-
put feature data consisting of segments that are described by
radiometric, textural and geometric features derived from the
UAV data, the outdated building versus nonbuilding labels at
t0 , and true reference labels from the UAV data at t1 . In the

prefiltering step, only segments for which at least 60% of the
segment had the same label were retained. Experimental results
using a threshold of 0% (i.e., not applying the prefiltering) and
100% (i.e., only including “pure” segments in the classification)
are also provided in the results section to indicate the importance
of this pre-filtering step.

5) Iterative Supervised Classification: The next step per-
forms the iterative classification with a random forest classifier.
The number of trees is optimized through cross validation, by
randomly selecting 500 training samples, training forests with
up to 200 trees, and selecting the number of trees with the low-
est cross validation error. This optimal number of trees was then
used to train the random forest classifier using all the training
samples that was subsequently used classify the entire dataset.

6) Removal of Unreliable Training Samples: Four strategies
are applied to illustrate the importance of combining both lo-
cal and global contextual cues for identifying unreliable labels.
The first method, iterRF, does not take any contextual criteria
into account and simply uses the label consistency criterion.
The second method, iterRF-L, removes samples for which the
local contextual consistency index ψi is lower than the thresh-
old value of 0.7, whereas iterRF-G only employs the global
contextual uncertainty index θi and the same threshold value.
Finally, the proposed method iterRF-LG uses both local contex-
tual consistency and global contextual uncertainty criteria. For
all four methods, 15 iterations (of steps 5 and 6 in Fig. 1) were
performed.

7) Assessment: The four strategies are compared through
the overall accuracy (OA) of all the segments, the OA of only
the originally mislabeled segments, the number of false posi-
tives and false negatives in the training set, and the percentage
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TABLE I
ACCURACY MEASURES OF THE PROPOSED ITERATIVE STRATEGIES AFTER 15 ITERATIONS

Data Cleansing Strategy OA (%) All
Segments

OA (%) Mislabeled
Segments

False Positives
(%)

False Negatives (%) Percentage of Mislabeled
Samples in Training Set

Kigali Dataset

Using noisy labels 88.2 6.6 3.27 8.54 11.1
iterRF 88.9 7.3 2.94 8.15 11.0
iterRF-L 91.2 32.2 1.49 7.30 8.3
iterRF-G 90.1 23.6 2.14 7.79 9.1
iterRF-LG (proposed method) 92.1 47.9 1.00 6.91 6.2
iterRF-LG (no pre-filtering) 91.2 46.8 1.08 6.74 5.9
iterRF-LG (only uniform segments) 92.2 54.0 0.84 6.96 4.3

Dar es Salaam Dataset

Using noisy labels 89.0 8.5 3.73 7.28 10.0
iterRF 89.6 8.6 3.45 6.92 10.0
iterRF-L 90.4 24.6 2.85 6.78 8.45
iterRF-G 90.4 24.7 3.33 6.31 8.23
iterRF-LG (proposed method) 91.3 41.1 2.82 5.92 6.45
iterRF-LG (no pre-filtering) 91.1 37.2 2.95 5.98 6.52
iterRF-LG (only uniform segments) 90.3 52.0 2.86 6.83 3.45

of mislabeled samples in the training set. Note that the under-
lying idea of the proposed method is to eliminate the need of
collecting labeled training data by exploiting existing geospa-
tial information. Therefore, in order to compare the proposed
method to the traditional method of manually labeling training
samples for the classifier, we provide an experiment that indi-
cates how many (correct) training sample labels would need to
be collected in order to obtain the same classification accuracy.
This is done by randomly selecting tenfolds of a set number of
reference samples at t1 , constructing a random forest classifier,
and obtaining the OA. Finally, we also present the results of a
sensitivity analysis. This was performed by taking the true labels
of the Kigali dataset, and randomly changing training sample
labels to induce a noise level of 0%, 5%, 10%, 20%, 30%, 40%,
or 50%. Using these labels, iterRF-LG was again performed for
15 iterations. The average OA over three trials is reported for
each iteration and noise level.

IV. RESULTS AND DISCUSSION

Table I provides the OA of the four different strategies for re-
moving label noise from the training set after 15 iterations. The
iterRF strategy, which only takes label consistency into account,
does not improve the results significantly. The number of mis-
labeled and the classification accuracy is relatively stable after
the first 15 iterations (see Fig. 4). The local contextual consis-
tency (iterRF-L) and global contextual uncertainty (iterRF-G)
achieve a similar accuracy for the Dar es Salaam dataset, cor-
rectly classifying about 90.4% of the image segments. Although
a comparable number of noisy labels remain in the training set
after 15 iterations (see Fig. 4), iterRF-L (91.2%) outperforms
iterRF-G (90.1%) for the Kigali dataset. However, it is clear that
the proposed method that combines all three criteria, iterRF-LG,
obtains the best performance. For both datasets, a McNemar
test with continuity correction [36] indicates that the results be-
tween iterRF-LG and the three other methods are statistically
significant (p-value of< 0.001). The proposed method correctly

Fig. 4. Number of noisy training samples remaining in the set of samples used
to train the classifier after each iteration (a) and the resulting overall accuracy
for the Kigali dataset using the four different methods for filtering the training
labels.

classifies 92.1% of the segments for the Kigali dataset, corre-
sponding to an improvement of 3.3% compared to using the
initial, noisy training labels. This improvement was 1.7% for
the Dar es Salaam dataset. The improvement is more visible
when we consider only the segments which were mislabeled in
the noisy training labels: The proposed method increased the
accuracy of these segments from 6.6% to 47.9% in the Kigali
dataset, and 8.5% to 41.1% in the Dar es Salaam dataset. Finally,
the success of the method in removing unreliable labels is visi-
ble through the reduction of the fraction of mislabeled samples
in the training data. This was effectively reduced from 11.1%
to 6.2% in the Kigali dataset (effectively removing 44.1% of
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Fig. 5. Results of the classification using the noisy labels (a), (c) and after the fifteenth iteration of iterRF-LG (b), (d) for the Kigali (a), (b) and Dar es Salaam
(c), (d) datasets.

the mislabeled samples from the training set), and from 10.0%
to 6.4% in the Dar es Salaam dataset (removing 36.0% of the
mislabeled samples).

The influence of the prefiltering step on the results of iterRF-
LG is also visible in Table I. Increasing the uniformity criterion
results in a decrease in the number of mislabeled segments in the
training data and a more accurate classification of the mislabeled
segments for both datasets. Using only pure segments (i.e., a
uniformity of 99%) in the prefiltering stage improves the OA
of the entire Kigali dataset by 0.1%, but decreases the accuracy
of the Dar es Salaam dataset by 1.0%. The results, therefore,
suggest that increasing the uniformity criterion in the prefiltering

stage reduces the number of noisy labels in the training set
and improves the classification accuracy of mislabeled samples.
However, using a strict uniformity criterion may decrease the
classification accuracy of the entire dataset, perhaps due to the
exclusion of informative training samples.

The improved results of iterRF-LG compared to the other
three methods is also visible in the output classification maps
(see Fig. 5). For example, there is a notable reduction in false
positives in the Kigali dataset. A building missed in the manual
delineation of the buildings in Dar es Salaam (see Fig. 5(c),
top left), is correctly identified through the iterRF-LG method
[see (Fig 5(d)]. In the Kigali dataset, a number of roofs are
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Fig. 6. Comparison between the overall accuracy achieved through iterRF-
LG after 15 iterations (red dashed line) and the mean overall accuracy achieved
by randomly selecting a set number of training samples with true labels (black
line) for the (a) Kigali and (b) Dar es Salaam datasets.

still not recognized by the classification model, remaining false
negatives in the iterRF-LG method [see Fig. 5(b)]. A visual
analysis of the image indicates that many of these errors are in
locations where the building extensions have been covered with
a different roofing material than the (correctly labelled) adja-
cent construction. This causes a difference in the feature vectors
of neighboring segments, and may, therefore, mislead the local
contextual consistency criterion. If this is coupled to a consistent
change in the representation of objects between t0 and t1—for
example, if building extensions consist of a new type of roofing
material that is not well represented by the existing labels—
then the global contextual uncertainty may also fail. Note that
in (1), the all segment features are weighted equally when deter-
mining the similarity between neighboring segments. Further re-
search could consider incorporating more advanced techniques
to select or weight the different features as previous research
indicated that considering 3-D and 2-D features separately may
improve image classification results [35].

Another set of experiments compared the proposed workflow
with a traditional workflow, where image segments must be
labeled manually. Experimental analysis indicates that approxi-
mately 600 correctly labeled training samples would be needed
in the Kigali dataset to obtain the same accuracy as iterRF-LG
after 15 iterations [see Fig. 6(a)]. For the Dar es Salaam dataset,
this is much higher, and between 50 000 and 60 000 training
samples would be needed [see Fig. 6(b)]. This could be due to
the spectral similarity of building roofs and ground in the Dar
es Salaam dataset. Furthermore, the slightly lower spatial reso-
lution of the Dar es Salaam dataset makes it difficult to capture
the texture of the corrugated iron roofs, which proved to be an
important distinguishing attribute for the Kigali dataset [7].

The large number of training samples required for the Dar
es Salaam dataset can easily be dealt with by a random

Fig. 7. Overall accuracy of iterRF-LG for the Kigali dataset after 15 iterations
with initial label noise levels ranging from 0% to 50%.

forest classifier. Other supervised classification methods, such as
support vector machine (SVM) also achieve high accuracies in
remote sensing applications [37]. Future investigations regard-
ing the use of SVM instead of random forests for the proposed
iter-LG method would require two adaptations. First, the num-
ber of training samples would need to be reduced by sampling
or using an SVM variant that is capable of dealing with large
numbers of training samples such as DC-SVM [38]. Second, a
classifier uncertainty measure (ukj ) would need to be assigned
to each training sample to calculate the global contextual uncer-
tainty. An SVM does not directly provides a probability for the
classification output, although strategies exist that use proxies
to indicate the classification certainty, e.g., [39].

Finally, the results of the sensitivity analysis for the Kigali
dataset are presented in Fig. 7. The results indicate that after 15
iterations the classification accuracy is above 93% for noise lev-
els of up to 30%. In these experiments, the noise is introduced
by switching the labels of randomly selected training labels. It
is possible that the label noise in practical applications is more
systematic (e.g., new constructions make use of a different roof-
ing material, or a concentration of adjacent mislabeled samples),
which may have a more significant impact on the results of the
proposed method.

V. CONCLUSION

In this paper, we utilize two datasets to demonstrate how ex-
isting spatial data may be exploited to obtain labeled training
samples for the application of supervised classification algo-
rithms to UAV data. Considering that a number of labels pro-
vided by this outdated spatial data will be erroneous, local,
and global image cues are used to filter out unreliable training
samples. The local contextual criterion encourages neighboring
image segments to have consistent labels. At the same time, a
global contextual criterion uses the entire scene to capture the
distribution of the semantic classes in the feature space, and is
suitable for identifying isolated new objects. Sensitivity analyses
show that classification accuracies of 93% or more are achieved,
even in the presence of up to 30% erroneous training samples.
There are two main implications of these results. The first is
that the proposed method may lead to a considerable speed-up
in the implementation of supervised classification methods for
base-map updating by reducing the need of manually labeling
image segments to train the classifier. Second, the interaction
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between the local and global cues emphasizes that the inclusion
of spatial contextual information is beneficial for data cleansing
techniques in geomatics applications.

The proposed method may also be used for a number of other
applications. For example, it could be used in a quality control
application to verify the accuracy of volunteered geographical
information such as OpenStreetMap. Furthermore, it could be
used in a domain adaptation application, where the training la-
bels are obtained from a classification model trained on a certain
study area could be applied to a similar study area for which no
data are available, rather than outdated spatial data. The main
caveat of this method is that it assumes that the noisy data labels
provided by the outdated spatial data cover all the representa-
tions of the semantic classes in the new UAV imagery. Therefore,
if an entirely new variation of an object appears between t0 and
t1 , for example if an alternative type of roof material is only
used in new constructions, the mislabeled segments will not be
filtered by the proposed method. Further developments could
explore active learning methods [40] to target such segments
and potentially improve the classification accuracy, though this
would require (limited) manual labeling.
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