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A B S T R A C T

Land cover validation plays an important role in the process of generating and distributing land cover thematic
maps, which is usually implemented by high cost of sample interpretation with remotely sensed images or field
survey. With an increasing availability of geo-tagged landscape photos, the automatic photo recognition
methodologies, e.g., deep learning, can be effectively utilised for land cover applications. However, they have
hardly been utilised in validation processes, as challenges remain in sample selection and classification for highly
heterogeneous photos. This study proposed an approach to employ geo-tagged photos for land cover validation
by using the deep learning technology. The approach first identified photos automatically based on the VGG-16
network. Then, samples for validation were selected and further classified by considering photos distribution and
classification probabilities. The implementations were conducted for the validation of the GlobeLand30 land
cover product in a heterogeneous area, western California. Experimental results represented promises in land
cover validation, given that GlobeLand30 showed an overall accuracy of 83.80% with classified samples, which
was close to the validation result of 80.45% based on visual interpretation. Additionally, the performances of
deep learning based on ResNet-50 and AlexNet were also quantified, revealing no substantial differences in final
validation results. The proposed approach ensures geo-tagged photo quality, and supports the sample classifi-
cation strategy by considering photo distribution, with accuracy improvement from 72.07% to 79.33% com-
pared with solely considering the single nearest photo. Consequently, the presented approach proves the fea-
sibility of deep learning technology on land cover information identification of geo-tagged photos, and has a
great potential to support and improve the efficiency of land cover validation.

1. Introduction

Land cover is an indispensable variable of biophysical materials on
the earth surface (Chen et al., 2017; Fritz et al., 2017), and it has served
as an essential variable in environmental monitoring, the management
of natural resources, urban planning and many other applications
(Feddema et al., 2005; Foley et al., 2005). The land cover maps are
usually produced by the automatic classification of remotely sensed
images (Natya and Rehna, 2016). Because of landscape variability and
the uncertainty of map production methods, validating the accuracy of
land cover map production is of vital importance in the process of map
generation (Foody, 2002; Yang et al., 2017). Conventionally, land cover
maps are validated by visual interpretations, in which ground truth is
selected and classified based on remotely sensed images or field surveys
and then compared with land cover maps to obtain validation accuracy
(Strahler et al., 2006). However, evaluating land cover maps by clas-
sifying all samples manually is a complex, laborious process, especially

for areas that are not reachable or interpretable (Fonte et al., 2015).
Increasingly available geo-tagged photos generated from crowd-

sourced data, such as photos from Geo-Wiki, Panoramio and Flickr,
have been utilised widely in land cover/land use applications. Leung
and Newsam (2012) utilised bag of visual words (BoW) and probabil-
istic latent semantic analysis (pLSA) to understand image and text
features in geo-tagged photos for land use classification. In terms of
land cover analysis, a study proposed by Estima et al. (2014) extracted
useful information for land cover classification through the expert
classification of Flickr photos. In addition, Oba et al. (2014) improved
the classification efficiency of land cover by automatically extracting
the image features and textual information of photos. As the afore-
mentioned studies have revealed the usability of geo-tagged photos,
efforts have been made to incorporate these photos into land cover
accuracy assessment. A programme named the Degree Confluence
Project provides geo-tagged photos at all of the degree confluences,
which helps the validation process of existing land cover maps (Foody
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and Boyd, 2013; Iwao et al., 2006). Moreover, photos from Flickr and
Panoramio have also been investigated with both distribution and
quality evaluations for land cover assessments (Estima and Painho,
2013b, 2014). Despite these progresses, challenges still remain in ap-
plying geo-tagged photos for land cover validation. On the one hand,
strategies are required to effectively extract information from geo-
tagged photos for their utilisation in accuracy assessments (Strahler
et al., 2006). On the other hand, due to the spatial heterogeneity of geo-
tagged photos, approaches of sample selection validation and classifi-
cation should be proposed by considering the image features and spatial
distributions of photos.

For geo-tagged photo classification, visual interpretations by vo-
lunteers have been utilised in previous studies. Antoniou et al. (2016)
proved the usability of photos in land cover applications by visually
interpreting geo-tagged photos from Flickr, Panoramio and Geograph.
On the other hand, they also discussed the high time requirements and
difficulties associated with manual classification, as well as the feasi-
bility of proposing automatic approaches. This hypothesis has been
supported and proved by other studies. Leung and Newsam (2015) and
Sitthi et al. (2016) extracted colour, edge and other features from
photos to build an automatic photo classification model. Furthermore,
deep learning technologies reveal significant advances in the field of
image recognition. Specifically, the convolutional neural network
(CNN) (Fukushima and Miyake, 1982) has become the most promising
algorithm and has resulted in satisfactory performances in a range of
image classification problems. Handwritten digital recognition has
made significant achievements by learning high-level features from the
MNIST dataset (available at http://yann.lecun.com/exdb/mnist/)
(LeCun et al., 1998). In addition, CNN model training based on the
ImageNet (available at http://www.image-net.org/) and Places (avail-
able at http://places.csail.mit.edu/) databases have improved the ac-
curacy and efficiency of object and scene recognition (Russakovsky
et al., 2015; Zhou et al., 2014). The state-of-the-art deep learning
technology of photo recognition offers an alternative opportunity for
the automatic classification of ground information. In fact, studies
proposed by Zhu and Newsam (2015) and Xu et al. (2017) have in-
vestigated the usability of different CNN models for the identification of
land cover classes from geo-tagged photos. Although deep learning
provides an efficient approach for extracting land cover information,
the classified photos are still unable to be directly applied to validation.
As classification probabilities are usually obtained for each geo-tagged
photo, selecting and classifying samples for validation by considering
both photo locations and classified probabilities remains a problem.

For sample selection, strategies are usually considered to generate
unbiased and representative samples for validation (Congalton and
Green, 2008; Tong et al., 2011; Xie et al., 2015). However, the un-
certainty and unreliability of the assessed accuracy may occur when
samples are constructed with variable methods, which may lead to a
more time-consuming and expensive process of selecting high-quality
reference data (Fonte et al., 2015). When selecting samples based on
crowdsourced data, including geo-tagged photos, for accuracy assess-
ment, current studies mainly focus on the following two aspects. On the
one hand, geo-tagged photos from pre-defined sample locations have
been collected in several studies to validate existing land cover maps
(Foody and Boyd, 2013; Iwao et al., 2006). As samples were selected
regardless of the photo distribution, more efforts were required to
identify those samples for which effective photos were difficult to ob-
tain. On the other hand, pixel-by-pixel comparisons were performed in
many of the studies, with the total data as validation samples (Hou
et al., 2015; Xing et al., 2017a). As a result, too many inefficient sam-
ples were selected, especially in regions with a high density of photos.
Accordingly, effective sample selection strategies for existing photos are
inevitable. However, sample selection cannot be fully achieved by
conventional sampling design methods, as the methods usually select
samples based on land cover variety and thus ignore photo availability
(Olofsson et al., 2012, 2014; Stehman, 2009). In fact, sample selection

can be extremely affected by the spatial distribution of geo-tagged
photos, because accuracy is more convincible in regions containing
effective photos for validation. Consequently, sample selection, espe-
cially sample allocation, should be applied based on the distribution of
geo-tagged photos.

For sample classification, the land cover class should be determined
for each location where samples are selected. The identified land cover
class in each sample plays a vitally important role in validation, as it is
considered as ground truth and determines the quality of the existing
land cover maps. In the conventional validation process, it is usually
regarded as an interpretation issue, in which land cover information
corresponding to each sample is directly extracted through remotely
sensed images or field surveys (Lillesand et al., 2014; Tong et al., 2013).
Meanwhile, land cover information extracted from crowdsourced data,
including geo-tagged photos, can facilitate the sample classification
process. Currently, approaches proposed by existing studies mainly
concentrate on classifying independent land cover samples based on
isolated crowdsourced data, such as the nearest photo to one sample,
regardless data distributions (Hou et al., 2015; Xing et al., 2017a).
However, because of the spatial heterogeneity of land cover landscapes,
samples are usually unable to be correctly delineated based on limited
geo-tagged photos. For example, a sample in a water body may be
surrounded by several geo-tagged photos which are located in artificial
surfaces. Given this tendency for sample misclassification, the distance
between the sample and the photos should be taken into consideration
to measure the confidence of the classification result. Moreover, image
features also indicate the probability of one land cover class, as the
surrounding photos in artificial surfaces may reflect the existence of
water bodies. Accordingly, both the image features and photo dis-
tribution are significant indicators for sample classification.

The aforementioned three stages indicate the major challenges in
employing geo-tagged photos for land cover validation; the first chal-
lenge is constructing an automatic photo classification model and ex-
tracting effective information for the accuracy assessment, the second
challenge is selecting effective samples via fitting the geo-tagged photo
distribution, and the third challenge is sample classification based on
land cover information extracted from the photos. To address these
issues, this paper proposes a novel method for land cover validation
using geo-tagged photos. The remainder of the paper is organised as
follows. Section 2 elaborates the proposed framework of employing
geo-tagged photos for land cover validation. The experiment perfor-
mance with Flickr photos collected in western California is described in
Section 3. Section 4 discusses the quality of the geo-tagged photos, the
utilisation of the CNN models, photo collection and classification with
more land cover classes, the sample selection strategy based on photo
distribution, the time gap between the map production and photo se-
lection, and building a common validation database with geo-tagged
photos. Section 5 concludes this study and presents the future work of
our research.

2. Methodology

The exploration of utilising geo-tagged photos for land cover vali-
dation is split into three processes (shown in Fig. 1). First, a photo
classification model is built using deep learning to automatically clas-
sify the land cover of geo-tagged photos. The probabilities of the land
cover classes are calculated in the model and are considered as the
weights of classification in each photo. Second, a sample selection
strategy considering the photo distributions is proposed to determine
both the sample size and allocation in the next step. In the third stage,
the distance between the samples to the geo-tagged photos is extracted
and utilised to calculate weights of distance using an inverse distance
weighting (IDW) algorithm. Both weights of classification and weights
of distance are involved in sample classification. These samples are
utilised to assess the accuracy of land cover maps.
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2.1. Geo-tagged photo classification using the CNN model

An automatic classification model using deep learning is proposed
to classify the massive amounts of geo-tagged photos for land cover
validation. As the VGG-16 network shows a satisfactory performance in
image recognition (Dodge and Karam, 2016), it is utilised to construct
the geo-tagged photo classification model. Moreover, other CNN
models and their influence on the validation results are discussed in
Section 4.2.2.

The overall model framework for geo-tagged photo classification is
shown in Fig. 2. Two stages are proposed, including the VGG-16 net-
work construction and model training. Basically, the VGG-16 network is
built based on the architecture proposed by Simonyan and Zisserman
(2014), and geo-tagged photos with land cover classes are utilised for
model training. Based on this model, probabilities corresponding to
land cover classes in each geo-tagged photo are calculated. These
probabilities are considered as the weights of classification for the
sample classification utilised in Section 2.3.

For the VGG-16 network construction, the basic architecture of the
VGG-16 network begins with 13 convolutional layers with a padding of
1 for the 3 * 3 pixel window and 5 max-pooling layers performed with a
padding of 2 over the 2 * 2 pixel window. It is followed by 3 fully
connected layers, in which the first two fully connected layers have
4096 channels, and the channel number in the third layer is determined
by the land cover classes that are to be classified. ReLU, which re-
presents the rectified linear function, is used as the activation function
of the network. In addition, a softmax classifier is embedded as the final
layer of the classification model to predict the land cover class prob-
abilities, defined as follows:
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where fik represents the input features of the ith photos belonging to
the kth class, while∑ =

exp f( )k
K

ik1 represents the sum of high-dimensional
features that can be classified into each class. Specifically, fik is a 4096-
dimensional vector. exp (·) refers to an expectation function. The

softmax classifier is equipped with the loss function, which measures
the discrepancy between the predicted class and the labelled one based
on the sum of cross entropy. As a result, the probabilities of the ith
photo belonging to all land cover classes are defined as

= ⋯ ⋯ ∈P f P f P f P f P f P f k K( ) ( ( ), ( ), ( ) ( ) ( )), [1, ]ik i i i ik iK1 2 3 , where each
probability can be calculated via the softmax classifier and utilised as
weight of classification, one of the indicators in sample classification.

For model training, all the geo-tagged photos are first resized to
224×224 pixels to fit the pre-trained weights of the VGG-16 model, so
the rescaled photos can be used effectively for both model optimisation
and land cover prediction. Based on the constructed network, the in-
itialisation of the network weights is proposed by sampling the weights
from the normal distribution with mean and variance values of 0 and
0.1, respectively. To optimise the network weights, we adopt back-
propagation (LeCun et al., 1989) for both the convolutional layers and
fully connected layers. In particular, mini-batch gradient descent, in
which the batch size is set to 32 and learning rate is initially set to 0.01,
is utilised to minimise the loss function. The number of training itera-
tions is set to 35,000. Moreover, to prevent overfitting, dropout reg-
ularisation (Srivastava et al., 2014) is conducted for the first two fully
connected layers, with the dropout ratio set to 0.5.

Based on the photo classification model, a photo filtering process is
undertaken considering the calculated probabilities before photos are
utilised for sample selection and classification. In particular, photos
whose maximum probabilities of land cover are lower than a specific
threshold are removed from the study. Moreover, photos containing
more than one probability higher than this threshold are also excluded
from the datasets. This process prevents misclassified photos containing
more than one land cover class and keeps the most reliable photos for
land cover validation. Threshold selection and photo filtering process
evaluation are proposed in Section 3.2.

2.2. Sample selection based on geo-tagged photo distribution

Regarding to the sample selection, both sample size and allocation
should be determined. Sample size represents the total number of
samples, whereas allocation is the assignment of samples to each land
cover class.

Regarding sample size, it is important to ensure that the utilised size
is proper, as sizes that are too large or small may lead to insufficient
accuracy on the study area. Currently, a variety of approaches have
been proposed to estimate the required sample size and are generally
based on the empirical determination of sample size (Mayaux et al.,
2006; Scepan, 1999), confidence intervals and significance levels
(Foody, 2009; Wulder et al., 2006) or acceptance sampling model
(Duarte and Saraiva, 2008). Empirical determination is widely used in
global land cover datasets, which may lead to biases in regional-scale
assessments. Acceptance-sampling-based sample size estimation is a
much more complex process because of the producer and consumer
risks and the inspection cost (Tong et al., 2011). In terms of considering
confidence intervals and significance levels, the approach is based on
the proportion of the correctly allocated samples with a certain degree
of precision, which has the advantage of being established on statistical
theory and facilitating the fundamental requirements of sampling de-
sign. Thus, this approach is applied to estimate sample size in ac-
cordance to Eq. (2) (Foody, 2009):

=
−

N
z P P

h
(1 )α/2

2

2 (2)

where N is the sample size, h is the half width of the desired con-
fidence interval (here, =h 0.05) and zα/2 is the desired significance level
with =α 0.95. P is a planning value for the population proportion. The
above parameter selection is adopted by research proposed by Schultz
et al. (2017).

For the sample allocation, the sampling size in each land cover class
is determined based on the approximate regions where geo-tagged

Fig. 1. Methodology workflow for land cover validation using geo-tagged
photos.
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photos are occupied. Specifically, kernel density is applied to estimate
the occupied regions of the photos. The sample size in a typical class is
defined as:

=w A
Ak

k
(3)

= ∙N N wk k (4)

where wk is the proportion of regions classified as one class in the
land cover map.A and Ak indicate the total regions where photos are
occupied and the regions belonging to a typical class in the land cover
maps, respectively. Nk refers to the sample size of each land cover class
k.

Based on the determined sample size of each class, samples are
supposed to be selected randomly for validation. However, due to
spatial heterogeneity, it is necessary to focus on the areas with a high
density of photos to reduce the influence of sample misclassification
caused by a few misclassified photos. Clustering methods offer the
potential to delineate the spatial distribution patterns of geo-tagged
photos, such as k-means, hierarchical clustering and spectral clustering.
These methods, however, mainly group photos based on the similarity
of distance and ignore the photo density in each cluster. Thus, DBSCAN
(density-based spatial clustering of applications with noise) (Ester et al.,
1996), which aims to delineate clusters with a specific density, is ap-
plied to high-density photo clusters. Two parameters are required, in-
cluding the search radius Eps and the minimum number of photos
Minpts within the search radius which are set as 50 metres and 5, re-
spectively. These clustered photos are then utilised to generate regions
by using convex hull. As a result, samples within the determined sample
size in each class are selected randomly in these generated regions,
which ensures that samples will be classified based on more reliable
photos.

2.3. Sample classification with classified geo-tagged photos

Focusing on utilising the selected samples for land cover validation,

both the classification results and the distribution of geo-tagged photos
should be involved in the sample classification. As shown in Fig. 3, on
the one hand, the probabilities of the land cover class in each photo,
which are calculated in Section 2.2, are considered as the weights of
classification. On the other hand, due to the high spatial heterogeneity
of land cover (Chen et al., 2016), the distances between samples and
photos are utilised to calculate the weights of distance, which is used to
adjust the probabilities that the land cover class in one photo may in-
dicate.

Taking the distance factor into consideration, we adopt an inverse
distance weighting (IDW) algorithm to measure the contributions of
geo-tagged photos to each sample and define the value of IDW as the
weights of distance. IDW is defined as Eq. (5):

=
∑

−

=
−W

h
hi

i
p

i
n

i
p

1 (5)

where Wi indicates the weight of distance of the ith geo-tagged
photo. n refers to the number of photos used to classify the sample.
Here, it indicates geo-tagged photos in the same area generated by
convex hull. hi denotes the distance from sample to the ith geo-tagged
photo. p refers to the parameter controlling the variation of weights
with different distances. Fig. 4 represents the weights of distance with a
different parameter p. As 50 metres was set for extracting photos with
high density in Section 2.2, weights of distance should be more sensi-
tive within the range of 0-50 metres, and show a tendency of stabili-
sation beyond 50 metres, which is shown in Fig. 4(c). For =p 0.01 in
Fig. 4(a) and =p 0.1 in Fig. 4(b), weights of distance vary within ranges
larger than 50 metres, with range of distances of approximately 200
metres and 150 metres. On the other hand, Fig. 4(d) reveals that the
weights of distance could vary greatly within an extremely short dis-
tance. Therefore, =p 0.5 is adopted in IDW to calculate the weights of
distance.

Involving both the weights of classification P f( )ik and weights of
distance Wi , we modify the weights of land cover classes in each photo
as follows:

Fig. 2. The overall model framework of CNN model for geo-tagged photo classification
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= ×P W P f( )ik i ik (6)

where Pik denotes the modified weights of the kth land cover class in
the ith photo.

To assign the weighted geo-tagged photos to the corresponding
samples, we compute the probabilities of classes in each sample as Eq.
(2):

∑=
=

M Psk
i

n

ik
1 (7)

where Msk is the probability of belonging to the kth land cover class
in the sth sample. n indicates the number of photos used to classify the
sth sample. The probabilities of all the land cover classes of the sth
sample can be defined as: = ⋯ ⋯ ∈M M M M M M k K( , , ), [1, ].s s s s sk sK1 2 3
Each sample is classified as the land cover class containing the max-
imum value of probability, which is then utilised to validate land cover
maps.

Fig. 3. Sample classification considering the weights of both photo classification and distance.
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Fig. 4. The weights of distance with different parameter p values; (a) =p 0.01, (b) =p 0.1, (c) =p 0.5, (d) =p 1.

Fig. 5. Study area and geo-tagged photos.
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3. Results

3.1. Study area and datasets

The study area, as shown in Fig. 5, is in the western region of Ca-
lifornia. This area contains variable land cover classes; thus, an accu-
racy assessment is necessary to validate the land cover maps in this
area.

The land cover maps of GlobeLand30, produced by the National
Geomatics Centre of China (NGCC), were chosen for validation (Chen
et al., 2014). With a resolution of 30 m, 10 land cover classes are
classified in a global scale. Two products have been released, Globe-
Land30 in 2000 and 2010, and the map in 2010 was selected for the
accuracy assessment. In this study, three classes were involved in the
validation process, artificial surfaces, water bodies and vegetation.
Notably, we included wetland in the water bodies class and merged
cultivated land, forest, grassland and shrubland into vegetation, be-
cause typical features can hardly be extracted and distinguished with a
precise accuracy among these classes based on the currently geo-tagged
photos. As a result, the proposed approach was restricted to the vali-
dation process of artificial surfaces, water bodies and vegetation. Ac-
cording to previous research (Chen et al., 2015), an overall classifica-
tion accuracy of over 80% was achieved when conducted by third-party
experts. To some extent, this accuracy can be utilised to assess our
proposed validation method.

To collect geo-tagged photos for validation, a total of 32367 photos
were downloaded from Flickr by searching keywords related to land
cover, with artificial surfaces keywords such as “residential”,
“building”, “school”, “hospital”, vegetation keywords such as “farm-
land”, “cropland”, “forest”, “grassland”, “green land”, and water bodies
keywords such as “river”, “ocean”, “lake”, “wetland”. Each acquired
photo contained basic information, including timestamps, locations,
and tags. Since some tags are not the descriptions corresponding to the

captured images, only photos with locations and timestamps were used
in this study. We divided these photos into two parts, with 10345 global
scale photos used to build the classification model and 22,022 photos
from the study area used for validation. It should be noted that, while
geo-tagged photos were taken from 2010 to 2014, the time gap between
the map production and the photos should be considered. Given the
detection of land cover changes during this period (details in Section
4.5), only minor changes occurred in the study area. Thus, the major
errors caused by this time gap were reduced.

3.2. Geo-tagged photo classification

In the process of geo-tagged photo classification, the VGG-16 model
is first constructed and trained using 10,345 photos collected at a global
scale. This is followed by classifying 22,022 photos located at the study
area based on the VGG-16 model.

Photos for model training were interpreted visually with land cover
labels, and typical photos of each land cover class were selected and are
shown in Fig. 6. Photos containing built-up areas were considered ar-
tificial surfaces. Roads located in other land cover classes were ex-
cluded from artificial surfaces, because they cannot meet the require-
ment of the “minimum spot” in land cover mapping. Vegetation
contained forest, grassland, cultivated land, and other types. Water
bodies mainly included rivers and lakes occupying the geo-tagged
photos.

Based on the photos for model training, the classification accuracy
of geo-tagged photos was evaluated through a 10-fold cross-validation.
Fig. 7 indicates the validation accuracy during the model construction
process within 35,000 iterations. The accuracies varied significantly
from 0% to approximately 70% between 0 and around 5000 iterations.
It was followed by oscillated variations of accuracies within 70–80%.
After around 25000 iterations, a stabilised trend was displayed, re-
sulting in the less than 80% accuracies of the photo classification

Fig. 6. Geo-tagged photos which are classified as different land cover classes; (a) Artificial surfaces; (b) Vegetation; (c) Water bodies.
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model.
In addition, the classification accuracy for each land cover class is

shown in Table 1. The overall accuracy of 76.01% (69.32%, 82.70%)
was obtained within a 95% confidence interval. In particular, the pro-
ducer’s accuracies of the artificial surfaces, vegetation and water bodies
were 79.64%, 75.74% and 77.74%, respectively. In addition, the user’s
accuracies corresponding to the three classes were 75.86%, 79.50% and
76.43%. The above analysis indicates a relatively lower accuracy can
generate some misclassification results by geo-tagged photos. Thus,
effective methods are required to further improve the performance of
photo classification.

Utilising the classified geo-tagged photos in model training, the
filtering process discussed in Section 2.1 is proposed to improve clas-
sification accuracy. To determine the proper threshold for photo fil-
tering, thresholds ranging from 60% to 90% were applied based on the
classified photos from the training data, with average accuracies cal-
culated via 10-fold cross-validation. As shown in Table 2, compared
with the accuracy of 76.01%% in Table 1, the photo filtering process
improved the classification accuracies, which range from 76.76% to
80.54%. In addition, the highest accuracy of 80.54%, which is ap-
proximately 4.53% higher than classification accuracy with unfiltered
photos, was calculated by utilising the 90% filtering threshold. Al-
though a greater threshold, such as 95%, might result in much higher
accuracy, more geo-tagged photos would be excluded, which could lead
to insufficient data for land cover validation. Accordingly, a threshold
of 90% was selected to filter the classified photos and improve classi-
fication accuracy.

Based on the constructed photo classification model, 22,022 photos
in the study area were utilised for extracting the land cover information
with probabilities. Moreover, by proposing photo filtering with a 90%
threshold, 18,798 photos, approximately 85.36% of the total 22,022
photos, remained. The calculated probabilities in these photos are
considered as the weights of classification in the process of sample
classification in Section 3.4.

3.3. Sample selection

According to the sample size determination in Eq. (2), 179 samples
were assigned in the study area. To calculate sample size of each land
cover class, a kernel density was applied to estimate the occupied re-
gions of the photos in GlobeLand30. In particular, a 500-metre search
radius was set in kernel density, because approximately 97.06% of the

total number of geo-tagged photos were distributed within 500m. As
shown in Table 3, 24.58%, 68.16% and 7.26% of all the photos are
located in artificial surfaces, vegetation and water bodies of the land
cover map, respectively. Accordingly, 44 samples were assigned for
validating artificial surfaces, and 122 samples and 13 samples are se-
lected to assess vegetation and water bodies, respectively.

The process of sample selection considering geo-tagged photo dis-
tribution is shown in Fig. 8. In particular, Fig. 8(a) displays the

Fig. 7. Validation accuracy of geo-tagged photo classification in each model iteration.

Table 1
Classification accuracy of geo-tagged photos for each land cover class.

Land cover class Classification accuracy

Artificial surfaces Producer's accuracy 79.64%
User's accuracy 75.86%

Vegetation Producer's accuracy 75.74%
User's accuracy 79.50%

Water bodies Producer's accuracy 77.74%
User's accuracy 76.43%

Overall accuracy 76.01% (69.32%, 82.70%)a

a Data in parentheses are within the 95% confidence interval.

Table 2
Average accuracies of geo-tagged photo classification with different filtering
thresholds.

Threshold (%) Average accuracy (%) Confidence intervala

60 76.76 (70.16%, 83.36%)
65 77.29 (70.62%, 83.96%)
70 77.77 (71.11%, 84.43%)
75 78.34 (71.75%, 84.94%)
80 78.85 (72.37%, 85.37%)
85 79.63 (73.06%, 86.20%)
90 80.54 (74.04%, 87.34%)

* Data in parentheses are within the 95% confidence interval.

Table 3
Number of samples in each class for validating GlobeLand30.

Artificial surfaces Vegetation Water bodies Total

Area/km2 324.2 899.01 95.76 1318.97
Percentage 24.58% 68.16% 7.26% 100.00%
Number of samples 44 122 13 179
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distribution of geo-tagged photos in part of the study area. For deli-
neating photos with a high density, the clustered geo-tagged photos are
shown in Fig. 8(b). Photos with the same colour were assigned into one
cluster, while photos coloured black were considered noise data and
were not considered for the land cover region extraction. Fig. 8(c) re-
presents the extracted land cover regions based on the cluster geo-
tagged photos. Samples for validation were selected randomly from the
extracted land cover regions, which are displayed in Fig. 8(d). Based on
the abovementioned process, the selected samples in the study area are
shown in Fig. 9.

3.4. Sample classification

Multiple geo-tagged photos located in the generated region in
Section 3.3 were involved in sample classification. In particular, the
distances between the sample and geo-tagged photos were calculated
and then utilised as indicators for determining the weights of distance

for each photo. Consequently, sample classification was proposed based
on the weights of distance and weights of classification. To ensure the
sample quality, these classified samples were assessed via visual inter-
pretation using images from Google Earth. Table 4 represents the ac-
curacy of the sample classification. An overall accuracy of 79.33% was
achieved for the 179 samples, with samples classified as artificial sur-
faces and vegetation containing higher accuracies. The classification
accuracy of water bodies was much lower because geo-tagged photos
are usually taken along the shore of water bodies instead of inside the
water bodies. Fig. 10 displays the distribution of the classified samples.

To further evaluate the strategy of considering multiple geo-tagged
photos for sample classification, a comparative experiment was pro-
posed, where only the photos with the shortest distances to each sample
were considered. With a value of 72.07%, the overall accuracy based on
single classified photos was approximately 7.26% lower than that based
on multiple geo-tagged photos (Table 5). Fewer correctly classified
samples were obtained for the identification of artificial surfaces,

Fig. 8. Process of sample selection in part of the study area; (a) Geo-tagged photos in part of the study area, (b) Clustered geo-tagged photos in part of the study area,
(c) Extracted land cover regions in part of the study area, (d) Selection of samples in part of the study area.
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vegetation and water bodies. To some extent, this proves the usability
of the proposed sample classification approach.

3.5. GlobeLand30 validation

As shown in Table 6, for all 179 samples used for validation, an
overall accuracy of 83.80% was obtained, with classified samples taken
for validation. Among the three land cover classes, vegetation gave the
highest accuracy for both user’s accuracy and producer’s accuracy, with
values of 90.76% and 88.52%, respectively. It was followed by artificial
surfaces, with relatively satisfying results of 77.27% and 80.95% for
producer’s accuracy and user’s accuracy, respectively. On the other
hand, water bodies achieved much lower accuracies, with a value of
61.54% for producer’s accuracy and a value of 44.44% for user’s ac-
curacy, and these low accuracies may be caused by the misclassification
of samples.

Considering the uncertainty of the classified samples, the land cover
map was also validated via visually interpreted samples (Table 7), so
there is a guide indicating the accuracy of this map. This assessment
results were relatively consistent with the accuracy values achieved
using classified samples (Table 6). An overall accuracy of 80.45% was
achieved, which is only approximately 3% lower than the result

proposed by the classified samples. It should be noted that the assess-
ment of water bodies yielded values of approximately 44% for both
user’s accuracy and producer’s accuracy, similar to the results in
Table 6. This proves that the classification accuracy for water bodies is
relatively low in GlobeLand30. The inspection of the two assessments
indicates that the accuracy obtained by using geo-tagged photos is
highly reliable, and it proves that our proposed approach is effective for
land cover validation.

4. Discussion

This study represents a novel approach of employing geo-tagged
photos for land cover validation with deep learning. Although the
proposed approach helps the task of land cover validation, conventional
methods of sampling design and classification are still valid and ne-
cessary. Several issues are discussed in detail in the following sections.

4.1. The quality of geo-tagged photos

The reliability of crowdsourced data, including geo-tagged photos,
has been addressed by recent studies (Zhao et al., 2017). Although geo-
tagged photos tend to be widely available on the Internet, in Flickr,
Instagram and other websites, not all of these photos correspond to land
cover or indicate the typical land cover environment where the photos
are located. Thus, given the focus on the massive number of available
photos, effective data selection and filtering processes are necessary and
inevitable.

Two steps are proposed in our study: the first utilises keywords to
search for photos related to land cover, as described in Section 3.1, and
the second filters photos considering the probabilities of land cover
classification results, as described in Section 3.2. These two processes
mainly avoid photos that do not contain land cover or contain an am-
biguous land cover environment.

Fig. 9. Samples for land cover validation.

Table 4
Sample classification accuracy considering multiple photos with different dis-
tances to each sample.

Artificial surfaces Vegetation Water bodies Total

Artificial surfaces 32 3 7 42
Vegetation 16 101 2 119
Water bodies 1 8 9 18
Total 49 112 18 179
Overall accuracy – – – 79.33%
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However, the problem of the current data selection and filtering
processes is that photos labelled with land cover related keywords do
not entirely indicate land cover environments. For example, a selfie
taken in the forest may be labelled “forest”, even though the sur-
roundings are not involved in the photo. Moreover, the ambiguity of
geo-tagged photos cannot be completely excluded from this study, and
focusing on the majority part of this kind of photo may lead to mis-
classification. For example, a photo located in grasslands likely mostly
contains the sky and distant mountains; thus, there is a high probability
that the associated photo classification results are not reliable enough

to ensure the quality. It is also important to note that quite a few photos
are literally not located where they are taken, leading to more noise
data during the photo selection process.

The sample selection strategy proposed in Section 2.2 can reduce
the influence of noise data, to some extent. As samples are selected from
an area with a high density of photos, the few misclassified photos can
be assigned relatively low probabilities. Nevertheless, more effective
data selection and filtering methods are still required in future studies.

4.2. The utilisation of the CNN models

4.2.1. Architecture and implementation of the CNN model
This paper utilised the VGG-16 network from CNN models for au-

tomatic geo-tagged photo classification. This model was considered due
to its satisfactory photo recognition performance and wide applications
in many fields. Basically, the model architecture was built following the
modelling design proposed by Simonyan and Zisserman (2014). Despite
the model reliability, it is possible to investigate other CNN archi-
tectures from VGGNet, such as VGG-19, to improve classification ac-
curacy.

Fig. 10. Classified samples for land cover validation.

Table 5
Sample classification accuracy of the approach using single photos with short
distances to each sample.

Artificial surfaces Vegetation Water bodies Total

Artificial surfaces 25 3 7 35
Vegetation 21 98 5 124
Water bodies 3 11 6 20
Total 49 112 18 179
Overall accuracy – – – 72.07%

Table 6
Land cover validation based on classified samples.

Artificial
surfaces

Vegetation Water
bodies

Total User’s
accuracy

Artificial
surfaces

34 7 1 42 80.95%

Vegetation 7 108 4 119 90.76%
Water bodies 3 7 8 18 44.44%
Total 44 122 13 179
Producer’s

accuracy
77.27% 88.52% 61.54% 83.80%

Table 7
Land cover validation based on visually interpreted samples.

Artificial
surfaces

Vegetation Water
bodies

Total User’s
accuracy

Artificial
surfaces

34 6 4 44 77.28%

Vegetation 14 102 6 122 83.61%
Water bodies 1 4 8 13 44.69%
Total 49 112 18 179 –
Producer’s

accuracy
69.39% 91.07% 44.44% – 80.45%
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In terms of model training, we initialised the network weights by
sampling from the normal distribution, with mean and variance values
adopted from Simonyan and Zisserman (2014). Strategies of weight
initialisation are important, as too large or small weights might lead to
insufficient feature extraction from photos. Thus, the evaluation of
weight initialisation is necessary in future studies. Moreover, to further
optimise the network weights, mini-batch gradient descent with a batch
size of 32 and learning rate initially set to 0.01 was involved. The hy-
perparameters were selected after several experiments with a variety of
hyperparameter combinations. However, the regularity of how photo
classification accuracy changes with other strategies of hyperparameter
optimisation remains an issue; thus, other strategies should be carefully
assessed. We will focus on this problem and improve model perfor-
mance in future studies.

To reduce the overfitting problem, dropout regularisation was
considered in model training. However, it did not yield a satisfactory
performance in the process of model training, and a relatively lower
average accuracy of 76.01% was obtained within the 95% confidence
interval (Table 1). To solve this problem, future work will consider the
potential of data augmentation to better optimise the classification
model.

4.2.2. Impact of the CNN model selection on land cover validation
The utilisation of the CNN model facilitates the automatic classifi-

cation of geo-tagged photos and further contributes to the sample
classification and land cover validation process. Although the accuracy
assessment of GlobeLand30-2010 yielded relatively satisfactory results,
the performance of different CNN models and their impacts on vali-
dation results remain undiscussed. Considering this issue, an additional
two CNN models, including ResNet-50 (He et al., 2016) and AlexNet
(Krizhevsky et al., 2012), are involved in the proposed approach. Ac-
cordingly, analysis will focus on the influence of three CNN models,
namely, VGG-16, ResNet-50 and AlexNet, on the changes of photo
classification, sample classification and validation results.

For the three separately trained CNN models, Table 8 displays the
average geo-tagged photo classification accuracies based on 10-fold
cross-validation within the 95% confidence interval. Accuracies range
from 76.01% to 81.21%, with ResNet-50 and AlexNet showing slightly
better performances than VGG-16. This indicates that both ResNet-50
and AlexNet are more efficient in classifying geo-tagged photos. And
thus, impacts of model choice on sample classification and land cover
validation results were investigated based on the differences in CNN
model accuracies.

After proposing sample selection and classification, the accuracies
of the sample classification results of different CNN models were de-
termined and are shown in Table 9. Overall accuracies of 79.33%,

83.24% and 82.12% were obtained using photos classified by VGG-16,
ResNet-50 and AlexNet, respectively. These results are consistent with
the accuracies of the three CNN models in Table 8, which reveals that
the CNN model with better performance has the potential to enhance
sample classification results.

Land cover validation was further proposed using classified sam-
ples. Table 10 shows the validation results, for each CNN model, of
GlobeLand30-2010. Overall accuracies of 83.80%, 86.03% and 86.59%
were calculated based on the VGG-16, ResNet-50 and AlexNet models,
respectively. Notably, the accuracy based on the visual interpretation of
the study area was approximately 80% (Table 7), and the use of ResNet-
50 and AlexNet for validation did not result in prominent advantages
over the use of VGG-16. Furthermore, the producer’s and user’s ac-
curacies revealed that the validation of water bodies shows significant
discrepancies between VGG-16 and the other two models, as accuracies
based on VGG-16 were much lower than those based on ResNet-50 and
AlexNet. On the other hand, the artificial surfaces and vegetation ac-
curacies were not notably different among the models.

The above analysis shows the impact of different CNN models on
land cover validation results. It indicates that, although one CNN model
may have slightly better performance results based on the classification
accuracies of both geo-tagged photos and samples, it might not de-
monstrate a satisfactory accuracy in the validation process. The con-
ducted conclusion might be due to the following three reasons. First,
both ResNet-50 and AlexNet do not show distinguished performances,
with only 3.4% and 5.2% higher than the accuracy of VGG-16. CNN
models with much higher accuracies might improve validation process
with efficiency. Second, the quality of geo-tagged photo shows impact
on both photo classification and land cover validation, which has been
discussed in Section 4.1. Third, apart from CNN model construction,
validation result can be also influenced by strategies of sample selection
and classification.

4.3. Photo collection and classification with more land cover classes

In this study, three classes, namely, vegetation, water bodies and
artificial surfaces, were considered for GlobeLand30-2010 validation. In
particular, vegetation contains four land cover classes, cultivated land,
forest, grassland and shrubland, whereas wetland is merged into water
bodies. This reclassification process was proposed because more de-
tailed land cover classes cannot be distinguished precisely from the
existing geo-tagged photos.

This limitation promotes further investigations about geo-tagged
photo collection and classification involving cultivated land, forests,
grassland, shrubland and wetland. For the geo-tagged photo collection,
two effective methods can be applied. The first establishes a corpus
containing a variety of keywords related to the land cover classes,
which can facilitate the photo searching and collection process. The
second approach mainly focuses on selecting photos from land cover
related websites. For example, See et al. (2014) proposed a gaming
approach in Geo-wiki to capture cropland via geo-tagged photos, while

Table 10
Land cover validation based on samples by three CNN models.

VGG-16
(%)

ResNet-50
(%)

AlexNet (%)

Artificial
surfaces

Producer's
accuracy

77.27 73.21 78.57

User's accuracy 80.95 87.23 83.02
Vegetation Producer's

accuracy
88.52 92.45 91.51

User's accuracy 90.76 90.74 91.51
Water bodies Producer's

accuracy
61.54 88.24 82.35

User's accuracy 44.44 62.50 70.00
Overall accuracy 83.80 86.03 86.59

Table 9
Sample classification accuracies based on photos classified by three CNN
models.

Deep learning model Number of samples Accuracy (%)

VGG-16 179 79.33
ResNet-50 179 83.24
AlexNet 179 82.12

Table 8
Average geo-tagged photo classification accuracies of three CNN models.

Deep learning model Iterations Average accuracy Confidence intervala

VGG-16 35,000 76.01% (69.32%, 82.70%)
ResNet-50 35,000 81.21% (74.92%, 87.49%)
AlexNet 35,000 79.41% (72.50%, 86.32%)

a Data in parentheses are within the 95% confidence interval.
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the Degrees Confluence Project provided forest related photos with
detailed latitude and longitude information (Foody and Boyd, 2013).
This reveals the potential to integrate geo-tagged photos from land
cover related websites in further validation studies. Based on the col-
lection of geo-tagged photos, the construction of the classification
model will be further improved. If more features are extracted and
determined from photos of detailed land cover classes in the model, the
influence of the overfitting problem may be reduced, thus increasing
the geo-tagged photo classification accuracy to some extent.

4.4. Sample selection strategy based on photo distribution

Regarding the massive number of distributed geo-tagged photos, we
propose a sample selection strategy to determine effective samples for
land cover validation and quality evaluation. Unlike the traditional
sampling design, which considers the spatial balance and spatial het-
erogeneity of land cover datasets (Chen et al., 2016; Olofsson et al.,
2012), our proposed method mainly concentrates on solving the diffi-
culty of selecting limited samples among photos with a high density.
Accordingly, the distribution of geo-tagged photos is our first concern
in sample selection.

However, traditional land cover application methods are necessary
in regions where crowdsourced data, including geo-tagged photos, are
rare or unavailable (Hu et al., 2016; Johnson et al., 2017; Liu et al.,
2017). On the one hand, the impacts of a variety of sample size esti-
mation approaches on validation were not investigated in this study. On
the other hand, as a properly designed probabilistic sampling design,
which is generally proposed in accuracy assessments (Stehman et al.,
2012), was not considered in our study, sample biases may occur and
thus not represent the larger population.

To combine traditional methods with geo-tagged photos for vali-
dation purposes, several questions should be addressed. First, the
strategy of sample selection should be reconsidered, with samples al-
located based on both land cover variation and photo distribution. In
this case, many samples can be automatically classified instead of being
interpreted via remotely sensed images or field surveys. Second, the
sparsely distributed photos considered noise data in this study still have
the potential to assist the traditional sample classification method with
visual interpretation. These two issues will be addressed in further
studies.

4.5. Time gap between map production and photo selection

Technically, samples used for validation should be from the same
year as the map production. As discussed in the current study (Estima
and Painho, 2013a), landscapes may change over a long period, leading
to land cover variation and uncertainties in different years.

In this study, photos taken from 2010 to 2014 were selected for the
validation of GlobeLand30-2010. Considering the uncertainties related
to land cover in the time gap between the map production and photo
collection, a quantitative change detection was proposed to measure
the changes between 2010 and 2014. In particular, land cover classes in
2010 and 2014 were classified separately. For the three land cover
classes in 2010, the calculation was based on the land cover informa-
tion from GlobeLand30. In terms of the land cover distribution in 2014,
the target classes were identified based on images from Landsat 8 by a
support vector machine (SVM) classifier. Table 11 displays the land

cover changes during 2010-2014. Among the three classes, vegetation
has the highest percent increase in area, with area and percent changes
of 188 km2 and 3.76%, respectively. In addition, artificial surfaces and
water bodies show subtle changes of -0.66% and 0.33%, respectively.
This analysis reveals minor changes in land cover in this area, which do
not depreciate the validation results proposed in this study.

Although the land cover landscapes of this area showed no sig-
nificant changes, errors caused by the time gap may still exist in some
regions. These errors mostly occur in changed artificial surface areas,
where photos classified as artificial surfaces are located in the vegeta-
tion region in the land cover map. Moreover, the relatively low vali-
dation accuracy of artificial surfaces shown in both Tables 6 and 7 re-
presents another possible source of errors.

To avoid errors caused by landscape changes, geo-tagged photos
only taken from the same year as the map production are needed.
Considering that photos only from Flickr are not sufficient, multi-
sourced geo-tagged photos can be used to improve both data quantity
and quality. Furthermore, photos related to some land cover classes,
such as water bodies and forests, can be given a greater time tolerance,
because these classes are more stable and unchangeable than other
classes, such as artificial surfaces.

4.6. Building a common validation database with geo-tagged photos

This study proves the usability of geo-tagged photos for land cover
validation. However, one major issue is that only regions containing
geo-tagged photos can be assessed with the proposed method. This issue
was considered during the sample selection process described in Section
2.2, where regions with a high density were extracted for sample al-
location. Consequently, geo-tagged photos served as ancillary data to
validate partial regions.

Despite the lack of photos from other areas, those assigned samples
with photos can be automatically classified with typical classes, thus
reducing the costs of time and labour in the validation process. As the
development of the Internet and mobile devices promote the emergence
of massive geo-tagged photo resources across the world, the time
costing for validation will be dramatically reduced for larger regions,
such as countries and continents, or at the global scale. This also reveals
the opportunity to build a common validation database with geo-tagged
photos to assist the procedure of validation.

Efforts should be focused on constructing this photo database for
validation. In fact, several validation databases have been established
through traditional data sources (Stehman et al., 2010; Zhao et al.,
2014). However, when geo-tagged photos are involved, major concerns
involve the construction of proper sampling designs and the collection
of effective photos for sample classification. These issues will be ex-
plored in future studies.

5. Conclusions

Land cover maps are fundamental parts of different applications,
including land use planning and natural resource management, and
validation serves as a significant component in map production that
ensures data quality. However, the complexity and labour consumption
of the conventional validation process creates great challenges in vali-
dation process. This study established a novel approach to employ geo-
tagged photos for land cover validation with deep learning. As a case
study, 32367 photos from Flickr were collected for photo classification
using CNN model and to assess the accuracy of GlobeLand30-2010 in
western California. Based on the VGG-16 network, the results show an
overall accuracy of 76.01% by the geo-tagged photo classification
model. Based on the classified photos, 179 samples were classified
automatically, with a classification accuracy of 79.33%. Finally, sam-
ples utilised to assess GlobeLand30-2010 presented an overall accuracy
of 83.80%, which was consistent with the accuracy (80.45%) validated
via visual interpretation. These results indicate that geo-tagged photos,

Table 11
Land cover changes in the study area from 2010-2014.

Land cover classes Changing area/km2 Percent change/% (%)

Artificial surfaces −7.82 -0.66
Vegetation 188.00 3.76
Water bodies 1.72 0.33
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as well as our proposed approach, have the potential to contribute to
land cover validation. In addition, CNN models including ResNet-50
and AlexNet were also involved in validation process. Despite of the
differences of CNN model accuracies, the validation results, namely
86.03% and 86.59%, showed no significant changes compared with
VGG-16. The result proves the usability and reliability of using deep
learning for land cover validation.

Future studies will concentrate on the following aspects. Although
existing studies have attempted to construct projects with crowd-
sourced data for land cover applications (Bayas et al., 2017; Fritz et al.,
2012; Meng et al., 2017; Xing et al., 2017b), an automatic land cover
validation process has not yet been integrated with these collected data.
Thus, a geo-tagged photo database will be established and further im-
proved with a large quantity of land cover photos, not only to involve
more land cover classes in the validation process but also to increase the
classification accuracy of these classes. Aside from this issue, future
research could also investigate the potential of combining remotely
sensed images and geo-tagged photos for land cover validation. Ad-
ditionally, the feasibility of automatic land cover validation by other
sources of crowdsourced data will be explored.
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