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ABSTRACT

The facial appearance of a person is a product of many
factors, including their gender, age, and ethnicity. Methods
for estimating these latent factors directly from an image of
a face have been extensively studied for decades. We extend
this line of work to include estimating the location where the
image was taken. We propose a deep network architecture
for making such predictions and demonstrate its superiority
to other approaches in an extensive set of quantitative exper-
iments on the GeoFaces dataset. Our experiments show that
in 26% of the cases the ground truth location is the topmost
prediction, and if we allow ourselves to consider the top five
predictions, the accuracy increases to 47%. In both cases, the
deep learning based approach significantly outperforms ran-
dom chance as well as another baseline method.

Index Terms— facial features, image localization

1. INTRODUCTION

Facial appearance varies dramatically across the globe. This
variation depends not only on ethnicity (which is strongly de-
pendent on geo-location), but also on factors such as pres-
ence of facial hair, clothing, and expression. The relationship
between geo-location and human face appearance provides
strong cues which can be leveraged to predict where a person
is most likely to be from [1, 2]. Exploring this relationship
is an emergent research direction with a wide range of po-
tential applications. For example, a model characterizing this
relationship could be used to aid in security and surveillance
applications that attempt to determine the identity of a sus-
pect, detect individuals that are out of place, or in defense
applications for rapid deployment of an individual to an un-
known location. More so, it could be applied to improve the
performance of existing image localization algorithms [3, 4],
which completely ignore faces as a cue for localization.

We propose a data-driven approach to solving the problem
of image geo-localization using an image of a face. We con-
struct a large dataset of face images associated with 50 cities
from around the world. Using these images, we apply a deep
convolutional neural network (CNN) to predict the location of
the city where the image was captured. In Figure 1, we show
several example query faces and the probability distribution
over cities predicted by our method.
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Fig. 1: Latent facial appearance factors provide strong cues
for estimating the geographic location of an image.

Our main contributions are as follows: 1) we describe a
novel approach which uses a deep convolutional neural net-
work for estimating the geo-location of an image from facial
appearance, 2) we present quantitative and qualitative results
of our methods versus several baseline approaches on a new
dataset of geo-tagged face images, and 3) we analyze the re-
sults and make interesting observations in addition to our tar-
get task.

2. RELATED WORK

We summarize related work in facial analysis and image lo-
calization below.

Facial Image Analysis Automatic analysis has been per-
formed on geometric aspects of the face such as the shape
and texture [5], as well as latent factors like race and ethnic-
ity [6,7, 8,9, 10], age [11, 12], and attractiveness [13, 14, 15].
More recently, with the emergence of deep learning, faces
have been analyzed using various types of deep networks for
recognition [16, 17], verification [18], and expression recog-
nition [19].
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Fig. 2: The most likely locations for a diverse set of faces
predicted by our proposed approach.

Image Localization The problem of image localization has
been addressed using a wide variety of cues [20, 4, 21, 22].
Hays and Efros [3] use global image features, such as color
and texton histograms, to estimate a distribution over geo-
graphic location for a query image using a large dataset of
geo-tagged reference images. Lin et al. [23] exploit the rela-
tionship between ground and aerial image to localize a query
image. Baatz et al. [24] use the detected skyline to estimate
location by comparing to a digital elevation model. Other
approaches use local image descriptors [4, 25]. Many other
cues exist such as solar shadow trajectories [26], aggregate
light levels [27], and sky appearance [28, 29].

Our work is the first to study the ability of deep networks
to estimate the geographic location of an image using facial
appearance.

3. ESTIMATING THE GEO-LOCATION OF A FACE

We address the problem of estimating the geographic location
of an image given the face of an individual in the image. The
first step of our approach is to detect, extract, and normalize
the face. We then predict the geographic location using a deep
convolutional neural network operating directly on the pixel
values of the normalized face patch.

3.1. Pre-Processing

Given an image, we first detect the contained faces using a
commercial face detector!. The face detector outputs the pose
and the confidence of the detected faces along with the loca-
tions and confidences of some predefined fiducial points. To

"http://www.omron.com/ecb/products/mobile/

Fig. 3: Sampled city locations from around the world. Each
of the red circles denotes sampling region for the city located
at its center.

normalize the pose of a face, we use the fiducial points corre-
sponding to the centers of the eyes as control points for a sim-
ilarity transform to align the eyes of the face patch to those of
a manually selected, near-frontal face patch.

3.2. Data-Driven Approach for Predicting Location

We use a deep convolutional neural network to model the geo-
dependency of face appearance. Such networks are known
for their ability to learn high-level feature hierarchies from
input [30], and are widely used in solving computer vision
related problems. Their demonstrated effectiveness in trans-
ferring knowledge to other problem domains [31] encouraged
us to apply them in our work. In our approach, we fine-tune
the CNN architecture introduced in [32], initialized using sev-
eral publicly available models [33]. The ImageNet model
was trained on the ILSVRC 2012 dataset [32] and the Hybrid
model was trained on the Places database [34] and a subset of
the ILSVRC 2012 dataset. Even though the ImageNet model
is used for generic object detection and recognition, and the
Hybrid model for both object detection and scene recogni-
tion, we show that the knowledge learned by the networks
from objects other than human faces can also be used to learn
the geo-dependency of human faces.

This architecture consists of five convolution layers, of
which the first two, and the last one are followed by a max
pooling layer for learning translation invariant features. The
first two pooling layers are followed by a local response nor-
malization layer to aid generalization. Rectified linear units
(RELUys) are used as the non-linear activation function. The
convolutional layers are followed by three fully-connected
layers. The first two fully-connected layers employ dropout
for learning more robust features and preventing overfitting.
We update the final fully-connected layer to have number of
outputs corresponding to the number of cities.

We use the dataset described in Section 4.1 and formu-
late the problem as a one-of-many classification task. To train
the network, we minimize a multinomial logistic loss func-
tion using stochastic gradient descent (SGD). This results in
a categorical probability distribution over locations. We set
the learning rate for all the layers except for the final fully-
connected layer low to encourage knowledge retention from
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Fig. 4: Performance comparison of different classification
methods.

the initializing model. It also helps the final layer learn the
correct weights for classification taking advantage of the geo-
dependent appearance features learned by the previous layers.
We start with a base learning rate of 0.001 and increase it pro-
gressively. The learning rate for the SGD solver is set to 0.001
with a step size of 20000. We implement our methods using
Caffe [33].

Once the training is complete, we apply the images from
our test set at the input layer of the trained network one at a
time and obtain a probability distribution over the target cities.
For predicting the most likely location for a given test face, we
find the city with maximum probability in this distribution.
See Figure 2 for a few examples of inferences made using
this approach. We can see from the figure that the predicted
locations of the faces are reasonably accurate as they match
the expected appearance of a person from the corresponding
locations.

4. EVALUATION

We evaluate our proposed approach against two baselines, lin-
ear discriminant analysis (LDA) and random predictions, on
a large real-world dataset.

4.1. Evaluation Dataset

We constructed an evaluation dataset using a subset of Ge-
oFaces [1], a dataset built from 3 million geo-tagged Flickr
images. For each image, all faces were detected and automat-
ically filtered, to minimize the number of non-frontal faces,
using the commercial tool previously mentioned. Each face
was then aligned to a reference face with a similarity trans-
form, using the eyes as control points. We then filtered out
the faces that are not front facing using the technique de-
scribed in [1]. The final filtered dataset consists of more than
800k geo-tagged near-frontal face patches. We used these
images to construct a suitable test dataset. We first selected
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Fig. 5: Montages of people predicted to be from cities that
are similar in ethnic distribution, but differs in overall appear-
ance.

50 large cities from around the world. We then computed
non-overlapping, circular sampling regions around each and
randomly sampled, with replacement, disjoint sets of training
(n = 3000) and testing images (n = 50) for each city. The
sampling regions for all cities are shown in Figure 3.

4.2. Quantitative Results: Prediction Accuracy

We compared the predictions from our approach described in
Section 3.2 against two baseline methods. The first baseline
uses the top 50 PCA coefficients estimated from the training
set as input features [1] and applies LDA and the second base-
line is random chance. The results show that our deep learn-
ing based approach for estimating geographic location from
face images is superior to these baselines. The performance
obtained initializing from the Hybrid model is comparable to
that obtained using the ImageNet model, whereas using LDA
on PCA coefficients performed worse than both of these. All
of the methods significantly outperform random chance, indi-
cating that our model did learn location dependency success-
fully. In Figure 4 we see the performance comparison curves.
It shows that, for example, if we consider the top 10% pre-
dictions, the accuracy is almost 44% for Face2GPS using Im-
ageNet, 47% using Hybrid, 30% using LDA, and 10% using
random chance. That is, if we consider the five cities with
the highest probabilities, Face2GPS using Hybrid model per-
forms best; for 47% images from the test set, the ground truth
city is one of these five cities.



Table 1: The top five most frequently predicted cities for faces from a given city.

Ground Truth Predicted City (% of faces predicted to this city)
Lima Lima (48%) New Delhi (10%) Bengaluru (8%)  Jakarta (6%) Istanbul (4%)
Nairobi Nairobi (38%) Lagos (24%) Lima (6%) Paris (4%) New York (4%)
Lagos Lagos (52%) Nairobi (22%) Paris (4%) Bengaluru (4%) Auckland (4%)
Hong Kong Hong Kong (44%) Kuala Lumpur (6%)  Shanghai (6%) Beijing (4%) Seoul (4%)
Kuala Lumpur | Kuala Lumpur (34%)  Jakarta (10%) Singapore (6%)  Bangkok (6%) New Delhi (4%)
Bogota Bogota (34%) Santiago (8%) Nairobi (6%) Caracas (6%) Prague (4%)
Baghdad Baghdad (34%) Santiago (6%) Jakarta (6%) New Delhi (4%)  Kuala Lumpur (4%)
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Fig. 6: Examples of faces from our dataset with the PDFs
over location estimated by our method (in each histogram the
bar with the red triangle under it is the ground-truth location).
This demonstrates that individuals of different ethnicities (top
vs. bottom) can have very different PDFs. It also shows that
even individuals with more similar facial appearance (left vs.
right) can have different PDFs. While it is difficult to say
for sure, we suspect that these differences are largely due to
the dramatic visual differences in hairstyles, headwear, and
makeup and not the subtle differences in ethnicity

4.3. Error Analysis: Finding Similar Cities

We analyzed the predictions made by our proposed approach
and found interesting patterns in the errors. While many can
be attributed to non-geographic factors, such as strong illumi-
nation conditions or extreme facial expressions, some cannot.
Many prediction errors can be attributed to similar looking
people living in different cities. We speculated that such sim-
ilarities are dominated by appearance similarities between the
predominant ethnic groups. To investigate this, we show the
most frequently predicted locations for a few of the selected
cities in Table 1. As an example, if we look at the third row of
this table, we see that geographic location of 52% of the faces
from Lagos were correctly predicted, while 22% of them were
predicted to be from Nairobi. This highlights that even though
the accuracies for some cities are low, the errors are reason-
able. For each row, the top cities are either geographically
close, or have similar facial features.

5. DISCUSSION

The results in Section 4.3 highlight that ethnicity plays a sig-
nificant role in the predictions made by our system. This mo-
tivates a natural follow-on question, “Is the proposed system

just doing ethnicity detection?” To investigate this, we con-
struct montages of the individuals that scored highest as hav-
ing been photographed in a particular city. Specifically, we
sort all the faces from a pair of cities and calculate their score
as the difference of the probabilities of being from those two
cities. We show the highest scoring 20 faces from each city
for two pairs of cities in Figure 5. By comparing nearby cities
with similar predominant ethnic groups, we see that there
seem to be striking differences in the appearance of people in
these cities that are beyond ethnic cues. For example, in Fig-
ure 5a, people in Kuala Lumpur are more likely to be wear-
ing a specific type of headwear. On the other hand, in Fig-
ure 5b, more people from the Bengaluru montage can be seen
smiling. While purely qualitative, this suggests that there is
more to learn than just ethnicity. As additional evidence, con-
sider the histograms shown in Figure 1 and Figure 6. These
show that our classifier was able to identify differences be-
tween people with the same ethnicity as well as people with
different ethnicities.

6. CONCLUSION

We demonstrated that human facial appearance is strongly re-
lated to the location an image was captured. To our knowl-
edge, this is the first work that uses a deep convolutional
neural network for directly predicting image geo-localization.
We compared the proposed technique with two baseline meth-
ods and found that it significantly outperforms both. We also
analyzed the errors made by our system and found interest-
ing patterns. This highlights that there is rich structure in the
relationship between facial appearance and geographic loca-
tion that is worthy of further study. While we only consider a
single face in this work, it is likely that considering multiple
faces per image will increase localization accuracy.
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