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Abstract In this paper, we study the problem of human position recommendation
in mobile photographing and propose a learning-based method to summarize the
photographing knowledge from massive social images to improve the robustness
and effectiveness. In contrast to existing photographing guide methods, we focus on
turning to the collaborative web data source and learning the distribution of human
position. To overcome the challenges in landmark image alignment and the relative
human position projection, we propose a 3D reconstruction-based method to align
the background region and human region into a uniform coordinate system. Finally,
a camera-view sensitive human position recommendation strategy is carried out. A
dataset containing 30,000 photos of ten landmark scenes is collected from Flickr, and
a group of experiments are conducted comparing both our alternatives and various
other baseline methods. Moreover, an application is developed on mobile phones to
implement the real-time photographing recommendation. The experimental results
show that our proposed framework achieves promising results, which demonstrate
the robustness and effectiveness of our approach.
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1 Introduction

Coming with the explosive growth of digital cameras, nowadays there are massive
photos and videos shared in social websites such as Flickr (http://www.flickr.com/)
and Panoramio (http://www.panoramio.com/). Comparing to the traditional mul-
timedia, such data also features in their pervasive context, such as geographical
locations, photographers, user comments etc., facilitating tremendous location based
services such as landmark recognition, location search, and touristic recommenda-
tion. Such trend has further emerged with the proliferation of embedded cameras in
handheld devices such as smartphones and PDAs, enabling the potential to exploit
such massive knowledge base for intelligent user behavior analysis and assistance.

In this paper, we study the problem of recommending the best human position
for mobile photographing. That is, given the live preview of the mobile camera,
we try to answer a question of which position in this preview is best to role as the
potential standing position, as shown in Fig. 1a and b. Our goal is to give an instant
suggestion to the mobile photographer before he or she actually captures the photo.
Such optimal photographing positions can benefit multidisciplinary scenarios such as
landmarks, location hotspots, and wedding ceremonies. Yet, to achieve this goal is
challenging due to multiple facets such as the lack of training samples, the difficulty
in scene/location modeling, as well as the open problem in human position popularity
analysis. More specific, we conclude the main difficulties we are dedicated to solve
as the following three aspects:

(1) How to align landmarks in photos under different conditions. The collected
photo set usually consists of massive samples, which are captured under

Fig. 1 The application of human position recommendation for mobile photographing. a and b show
the query image and recommendation results, and c illustrates the 3D point cloud based human
position recommendation framework

Author's personal copy

http://www.flickr.com/
http://www.panoramio.com/


Multimed Tools Appl

different viewpoints, zooming, and light. These images should be aligned in
advance.

(2) How to uniformly model the human position information in the images. The
human regions also suffer the pose variance, zooming and viewpoint changes.
The human position should be represented in a uniform coordinate, and be
effectively modeled.

(3) How to efficiently and accurately recommend human position for a given query.
The camera pose and distance of the query photo should be obtained, since they
are related with the recommendation results.

To this end, we resort to the knowledge from the user-sharing multimedia on
the web (such as geo-tagged photos crawled from photo-sharing websites such
as Flickr) and the advanced developments in 3D reconstruction recently. Our
goal is to utilize the knowledge obtained from social media to learn an optimal
human layout and to automatically recommend human positions for mobile pho-
tographing via the position & view angle alignment based on the 3D reconstruction
model.

More specially, a three-dimensional point cloud model for each selected landmark
is built similarly with photo tourism [29], which acts as the reference for both the
offline part of robust human bodies detection & landmark image alignment and the
online part of instant human position recommendation. In offline processing, we will
show an effective solution towards robust scene modeling and position popularity
analysis from noise-containing data collected from collaborative social media, and
human bodies are separated robustly upon the constructed 3D landmark models.
Subsequently, we propose a Gaussian Mixture Model based position popularity
estimation approach for each target location or landmark. In online suggestion,
the live preview is sent as a query to be aligned to the three-dimensional point
cloud, by which the most popular standing position is recommended instantly by
an efficient density based model checking, suggesting the users and his or her
friends the most popular standing positions based on the crowd source knowledge
(Fig. 1c).

Above proposed scenario is essentially different from the existing works in
making use of the geo-tagged user-sharing multimedia on the web. In terms of
enhancing user-photographing qualities, the proposed method is more on “active”
quality enhancement, while some previous works try to tackle the “passive” quality
evaluation [25, 31]. In terms of photographing suggestion, our scenario differs from
the recent works in guiding people to capture aesthetical photos [6]. In [6], an
intelligent photography system is proposed with analyzing the locations and context
of the objects to learn the professional photocomposition rules to automatically
and professionally generate/recommend user-favorite photo(s) from a wide view
or a continuous view sequence. Besides, rather than suggesting the users to take
a totally different image for instance as a second query [37], we aim to instantly
guide the photographing in the first image, detailed by suggesting a best position to
take the query, while not being specified for search or recognition purpose. Further
comparisons to the related work can be found at Section 2.

To quantize our correctness, we have collected over 30,000 photos from Flickr.
Using this dataset, we have conducted a group of experiments for evaluating the
proposed method, and our proposed method significantly outperforms the baseline
methods. Besides, such applications will be exciting for digital camera users by
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automatic recommendation of “where should I stand” when taking a photo. Detailed
quantitative evaluations and results can be found at Section 6.

Our contributions are three-fold:

(1) We propose a new perspective for photographing guide, which is never touched
before to the best of our knowledge.

(2) The collaborative knowledge learnt from massive social media is leveraged
following a data-driven approach, to represent the behaviors when people
taking photos, which is further adopted as the guidance when photographing.

(3) Three-dimensional point cloud models are made use of to overcome the image
and human alignment challenge, as well as the camera-pose estimation and
providing extra robustness to view angle changes.

We review related work of landmark recognition, image quality analysis and
mobile search in Section 2. Before illustrating the technical details, we show the
overview framework in Section 3. Our knowledge learning framework is introduced
in Section 4. Then, Section 5 presents our human position estimation strategy. We
give quantitative experiments in Section 6. Finally, we give the conclusions at the
end of this paper.

2 Related work

To the best of our knowledge, there is no such research works or applications as
our proposed framework. The related domain includes landmark recognition, image
quantify assessment, and mobile image search.

2.1 Landmark recognition

Landmark recognition, which is also called location recognition, usually resorts to
image retrieval or supervised recognition based on image content or context similar-
ity. For instance, Robertson and Cipolla [26] and Zhang and Kosecka [38] used the
image retrieval scheme to find most similar images with the query image, and then
determined the location landmark information of the query. Similarly, the IM2GPS
system [15] adopts image-based matching to locate query photos in the worldwide
map. Li et al. [23] presented a landmark classification system with multiclass support
vector machine trained from the geo-tagged collected Flickr images.

For 3D navigation of the landmark geometry, the Photo Tourism system [29]
adopts an image-based rendering to build 3D landmark models for landmark
recognition. Li et al. [22] proposed an iconic scene graph to build stereo scene
models for 3D landmark recognition. Kretzschmar et al. [20] proposed a vision based
location recognition for robot navigation, in which data is collected from Flickr
and Google image search engines. Joshi et al. [18] proposed to use user tags along
with image contents to infer the geo-location of images using over one million geo-
tagged images, in which the geographic entropy and frequency of user tags are also
investigated. Sattler et al. [27] proposed the prioritized correspondence search to
accelerate the 3D model based location recognition.
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2.2 Image quality analysis and image aesthetics analysis

The existing works in image quality analysis concern image degradation caused by
noise, distortion, and compression artifacts. Initial work on image quality assess-
ment [8, 34] usually required the original undistorted image to assess the quality of
the degraded image, in which the quality degradation is caused by noise or JPEG
compression. Subsequently, some work is proposed for directly estimating the quality
of a single image [21, 28, 33].

The image aesthetics analysis methods tried to design optimized visual features
to mimic human perception and aesthetics criteria [5, 11, 12] for photo assessment.
Tong et al. [32] and Datta et al. [9] utilized visual features that mostly used in CBIR
systems with standard learning algorithms to model people’s subjective evaluation
for images. Ke et al. [19] designed a high-level semantic feature set for describing
the spatial distribution of edges, blur, and color to model the people’s perception
of photo quality. Luo and Tang [25] extracted and scored subject regions using
a number of high level semantic features to assess aesthetics of the photos. Sun
et al. [31] detected the salience region of a photo, and analyzed the aesthetics of
the photo with the relative position of the subject region and the other aesthetics
properties. Bhattacharya et al. [3] proposed a framework for photo-quality assess-
ment and enhancement based on visual aesthetics. With a learning based support
vector regression model, the proposed system help users to re-compose the photo to
improve its aesthetic quality.

2.3 Mobile based visual applications

Recently, many exciting research directions are being pursued to advance the field
of mobile visual search, such as mobile location recognition [36], and mobile image
search [4, 13, 16, 17, 37]. Yeh et al. [36] presented an approach to recognize locations
by mobile image search, which utilized a hybrid color histogram to compensate its
original ranking results. Yu et al. [37] leveraged the active sensing to help users
take a better second query for mobile location recognition. Ji et al. [16] utilized
the multiple-channel coding strategy to reduce bit rate and applied to mobile visual
search. Girod et al. [13] proposed the compact descriptors to greatly reduce the delay
in computation and communication for mobile visual search. Chen et al. [4] presented
the multiple image representation to improve the mobile search accuracy.

3 Framework

The overview of the framework for our proposed system is shown in Fig. 2. To
solve the challenges mentioned in Section 1, and make fully use of the collaborative
social media, we propose a robust and intelligent user layout suggestion algorithm by
learning from the user-contributed photos on the Web in this paper. Without loss of
generality, we focus on a special group of photos, landmark photos, to analyze the
problems and test our proposed method. The detailed steps of the proposed method
are as follows:

(1) Landmark image alignment: To align the landmark images, we utilize the local
features and the geography information of the images to obtain the candidate
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Fig. 2 The proposed learning-based human position recommendation framework

image pair, and then use structure-from-motion (SfM) techniques [30] to
reconstruct the 3D landmark model to accurately align the landmark images;

(2) Human position localization and modeling: To model the human position distri-
bution, the human region is detected, and then the relative human positions are
obtained using the camera parameters of each image. A human position density
model is proposed to represent the relative position between human region and
the landmark.

(3) Human position recommendation: Given a query image, its camera parameters
are obtained by feature matching between the query image and the built
3D models. Then, we propose a camera-view based method to predict and
select the optimal position. Finally, the selected position is outputted as the
recommendation position.

We summarize the first two steps as the offline part, “Knowledge learning from
massive collections”, and the last step as the online part, “View sensitive human
position estimation”.

4 Knowledge learning from the massive collections

In this section, we present the learning-based knowledge summarization framework
from the massive collaborative images collected from the web social media for each
landmark. To align the landmark in photos, a 3D point cloud is reconstructed using
these collected images. Then, the human regions are detected and projected into
a uniform coordinate system using the built 3D model. Finally, we use a Gaussian
mixed model (GMM) to model the spatial distribution of the human regions.

4.1 Representation of landmark

Nowadays, 3D reconstruction from large-scale web images is no longer an obsta-
cle; people can easily produce a nice model with off-the-shelf tools such as the
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well-known Bundler [29, 30] and VisualSFM [35]. Since the main focus of this work
is not the reconstruction aspect, we only briefly describe the steps relevant for the
subsequent processing. Given a large image collection for a specific landmark (e.g.,
Arch of Triumph) downloaded from Internet, we reconstruct a 3D model using image
matching and structure-from-motion (SfM) techniques [14].

4.1.1 Removing noise images

To decrease the processing time and also improve the accuracy of the built models,
we first remove the outlier images using the geography information of each image.
As common sense, the images of the same landmark should share similar geography
information, thus we use the geography-based image clustering method to find and
remove the outlier images.

Given an image collection C = {Ik} and the longitude and latitude of the captured
location of image Ik, Lk = (lok, lak), which is extracted from the metadata of the
images, we evaluate the density at each image location,

d(Ik) = 1
N

∑

Ip∈C

G(Lp − Lk), (1)

where G(x) = exp(
‖x‖2
2σ 2 ) is the Gaussian kernel related with the spatial distance

between images Ik and other images, N is the number of images in C and σ is a
parameter related with the considered spatial range. Hence, we remove the images
whose density is less than an empirical threshold.

4.1.2 3D model reconstruction

For the retained images, we extract the interest points and SIFT descriptors [24] from
each image. A vocabulary tree is utilized to match image pairs to avoid the expensive
nearest neighbor search between the irrelevant images, and we retain the image pairs
whose number of matched visual words is larger than a threshold. Furthermore, for
each image pair, correspondences are obtained by the ratio test method [24] from
the SIFT features of two images. Finally, as in [1], we use SfM to reconstruct the 3D
geometry. Figure 3 shows the reconstructed 3D models of ten landmarks.

Meanwhile, we also obtain the estimated camera pose of each image, under the
same world coordinate system where the point cloud is defined. For more details
please refer [29].

4.1.3 3D model-based landmark representation

As shown in Fig. 3, a landmark model here is represented by a point cloud consisted
of a set of 3D points P. ∀pi ∈ P, an image set Ci = {Ii, j} is constructed from all the
images successfully registered during the SfM, with pi being detected in image Ii, j.
Consequently, pi is assigned with the mean of its descriptors within all the images
in Ci. In order to improve the processing speed, we quantize the descriptors into
visual words, and organize the 3D points in each landmark model into the inverted
index using the visual words for efficient landmark recognition (The details will be
discussed in Section 5.1).
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Fig. 3 The reconstructed 3D point clouds for all the ten landmarks

4.2 Human position projection on 3D landmark models

To effectively represent the distribution of human regions in different images, the
human region locations should be described in a uniform coordinate system, which
is difficult due to the variation of camera pose and human position changes.

Fortunately, with the reconstructed 3D models, the obtained point clouds and
the estimated camera poses provide a possible solution for projecting the human
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region from different (2D) images to the uniform (3D) coordinate system which is
determined by the reconstructed model.

4.2.1 Human region detection

The problem of human detection or localization is paid much attention to in last
decade, and many methods are proposed to effectively detect the human region in an
image. In this paper, we employ the histogram of gradient (HoG)-based method [7]
to localize the human region, which is a well known human detection method. In
implementation, we use a bounding box to represent the human detection results.
Please refer to [7] for more details.

4.2.2 Human region projection

For each image, we employ the obtained 3D point cloud and the camera poses to
transform the human region of each image to 3D world coordinate system, which is
defined by the 3D point cloud.

According to the imaging model of camera (as shown in Fig. 4) [14], the height
(width) of an object is related with the height (width) of the imaging of the object,

D
H

= f
h

= f
k × h′ , (2)

where D denotes the distance between the object and camera, f denotes the focal
length of the camera, H, h and h′ denote the heights of the object, the object’s
imaging, and the number of pixels of the object’s imaging in the photo, and k is a
constant determined by the imaging unit of the camera.

Equation (2) can be rewritten as follows,

D = f
k × h′ × H. (3)

For the landmark region, (3) can be rewritten as follows,

Dl = f
k × h′

l

× Hl, (4)

Fig. 4 The imaging model of
the camera. For simplicity, the
widths of the object and the
object’s imaging are removed
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and for the human region

Dh = f
k × h′

h

× Hh. (5)

Thus, one can obtain the follows,

Dh = 1
Dl

× h′
l

h′
h

× Hh

Hl
. (6)

In this case, the distance Dl between the camera and the landmark, can be
obtained in the 3D reconstruction procedure, h′

l and h′
h are obtained from the images,

and the ratio of human height and landmark height, Hh/Hl , is usually a constant,
since the real height of standing human is usually similar. Thus, the distance Dh can
be calculated using (6). Finally, the relative position of human region is projected to
the new coordinate according to the landmark using the viewpoint information.

4.3 Human position representation

The key of recommending human position when photographing in our strategy is the
representation of human position, by means of estimating the probability of human
position distribution p(x|v) under current camera view v for the given landmark,
where x indicates the position. Without lose of generality, we estimate the probability
density p(x) = ∫

v
p(x|v)dv and approximate p(x|v) = p(x)/p(v).

In practice, for the obtained discrete human position set L = {Li} of each land-
mark, we estimate p(x) by calculating the human position density d(x) as

d(x) = 1
M

∑

Li∈L

wi × G(Li − x), (7)

where G(x) = exp(
||x||2
2σ 2 ) is the Gaussian kernel relating to the spatial distance

between the spatial position x and an obtained human position in training set, M is
the number of human position in L, wi the weight with respect to the user interesting
for the images in Flickr, and σ is a empirical threshold. Figure 5 shows the densities
of human positions around different landmarks.

To model the distribution of human position, we utilize a Gaussian mixture model
(GMM) to present the density of human position distribution, due to GMMs is
known to have the ability to model any given probability distribution function.

The probability of human position in location x is,

p(x) =
K∑

k=0

πk N(x|μk, �k), (8)

where πk is the probability of the k-th Gaussian model, μk and �k the mean and
variance of the model, respectively, and K denotes the number of Gaussian Models.
Furthermore, we employ the expectation-maximization (EM) algorithm to train the
parameters of GMM base on the training data.

4.4 Discussion on the human positions

As shown in Fig. 5, our algorithm performs great for all the ten landmarks. For
example, in the case of “Tian’anmen Square (TMS)”, the result indicates that most
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Fig. 5 The density distributions of human position in different landmarks

people are likely to take photos in the front of “Tian’anmen” because its front door
is more famous, while in the case of “Reichstag Building (RSB)” people tend to take
photos at two sides in order to take the full view in their pictures. An interesting
results is the case of “Taj Mahal (TJM)”, in which the human positions focus at three
location: the front door, and the two sides of the pool lying just in front of Taj Mahal.
This is consistent with the real-world situation. Therefore, our algorithm reflects the
actual distribution of human positions when taking photos to some extent.
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5 View sensitive human position estimation

In this section, we illustrate how to recommend the optimal human positions to the
users when taking photos, based on the knowledge learnt from massive collaborative
social images and the 3D landmark models in Section 4. We are also aware that the
camera pose of the query photo should be taken into consideration as well.

Given an query photo, the recommendation starts from extracting the visual
features and finding the corresponding landmark model from the database. The
camera pose of the query photo is estimated as well at the same time base on
the correspondences between the model and the query images. By referring to
the human position model obtained from (8), the optimal position is returned by
estimating the posterior probability of human position given current view angle.
Finally, the optimal result is projected to the query image and returned.

5.1 Model matching and camera pose estimation

The goal of model matching is to find the correct 3D model identical with the
query photo and to obtain the correspondences between the query image and the
3D model. Given a query photo, we leverage both the GPS information and visual
content for landmark recognition. Though the GPS can usually be very efficient to
match the models with the query image, it is still not sufficient due to its limited
accuracy and the absence of the viewpoint and camera pose information. Because
of the complementarity between the representation of GPS and visual content, we
combine both of these two methods for landmark recognition.

As for the visual content, the interest points are detected and described with the
SIFT descriptors [24]. As described in Section 4.1, all 3D models are represented by
the 3D cloud points and each 3D point is described by the mean SIFT descriptor.

GPS-based landmark recognition With the development of mobile technology,
most mobile phones contain the GPS device to record current localization. Thus,
the GPS information is to get from the mobile. As each built 3D model contains the
geography information, we calculate the distances between the GPS information of
the query image and the nearest k models are retained as the candidate models.

Visual-based landmark recognition For the query image, we first extract the SIFT
features and quantize them into visual words. As described in Section 4.1, all 3D
models are represented by the 3D cloud points and each 3D point is described by the
mean SIFT descriptor. Thus, all the visual words of query image are used to query
the inverted index of the 3D points in reconstructed 3D models. Finally, the matched
score of each landmark is calculated with integrating the tf-idf weights for each visual
word, and the landmark with the largest score is returned as the matched landmark.

Camera pose estimation for query image For the obtained landmark model, we first
utilize the approximate nearest neighbor search method [2] to find potential matches
between the 3D points in each candidate 3D model and the features of the query
image. And then utilize the ratio test strategy [24], which is common in nearest
neighbor matching, to classify a match as true or false (The threshold ratio is 0.7).
Furthermore, the geometric verification (RANSAC [10]) is used to remove the out-
lier in the matched pairs. Finally, we use the 6-point DLT algorithm [14] to solve for
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the projection matrix of the query camera, and obtain the camera pose of the query
image.

5.2 View sensitive human position selection and recommendation

To recommend the optimal human position from current camera viewpoint, the
visibility range of the camera is first determined by estimating the camera pose
and considering the spatial distribution of the landmark model. As indicated in
Section 4.3, this process is equivalent to maximizing the joint probability of both
human position x and current camera viewpoint v,

x̂ = arg max
x

S(x, v), (9)

and the joint probability S(x, v) is estimated as

S(x, v) = S(x)p(v) = V(θx)

K∑

k=0

πk N(x|μk, �k), (10)

in which the πk and N(x|μk, σk) are parameters of the GMM model, K is the number
of Gaussian components, θx is the radian of the angle between position x and the
viewpoint of the camera. We further make the assumption that the center locations in
the camera view are more preferred in the estimation of p(v) according to common
sense. Moreover, we use a Gaussian distribution to formulate this assumption by

V(θx) = 1
2πσ 2 e− θ2

x
2σ2 .

Once the best spatial position x is selected around the landmark, we project the 3D
human position into the 2D position in the query photo. As discussed in Section 4.2,
we calculate the height and width of user region in the query image using the (2)–(4).

6 Experiments & evaluation

In this section, we present experimental results and give the detailed discussions. In
this section, to evaluate the results of photographing recommendation more thor-
oughly, two evaluation measurements are proposed: the recommendation precision
and the user satisfaction by a user case study. Firstly, we introduce the experiment
setup, including the dataset collecting, and the measurement method. Then, we
compare the results of different methods and discuss in details. Third, we conduct
user studies for comparing the results of the different methods in term of the users’
satisfactory level. Finally, we introduce a mobile photographing recommendation
system using the proposed method.

6.1 Experiment setup

6.1.1 Photo collection

We focus our interest topic on famous landmark photos, including Arc de Triomphe
(ADT, Pairs), Cologne Cathedral (CLC, Cologne), Church of Our Lady before Tyn
(CLT, Prague), Leaning Tower of Pisa (LTP, Pisa), St. Louis Cathedral (SLC, New
Orleans), St. Basil’s Cathedral (SBC, Moscow), Rijksmuseum (RKM, Amsterdam),
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Taj Mahal (TJM, Agra), Reichstag Building (RSB, Berlin), and Tian’anmen Square
(TMS, Beijing).

We use the provided text queries to list and crawl massive images from the online
photo sharing website Flickr, and the geography information of each image is also
collected.

To construct the training image database, we have crawled about 30,000 color
photos (about 3,000 photos per landmark), of which resolutions are from 750 × 579
to 1024 × 768 pixels and vary in viewpoints, zooming, and human positions.

6.1.2 Comparison methods

To the best of our knowledge, this is the first attempt on user layout recommendation
in photographing. Thus we compare the proposed 3D reconstruction-based knowl-
edge learning method (abbreviated as 3DLearning) with the baseline methods, which
use the different strategies to recommend the human position.

(1) Density-based prediction method (Density): To evaluate our view sensitive
human position strategy, we first compare our proposed method with the hu-
man position density-based prediction method. This method is to recommend
the maximum probability position with taking into account the output of the
Gaussian mixture model in Section 5.2 but ignores the difference of camera
poses of query images.

(2) 2D feature matching based method (2DMatching): To evaluate the ability
enhancement of our proposed knowledge learning framework, a 2D feature
match method is used as a baseline method, which utilizes the human position
information in single one image to recommend the human position. In this
method, the query image is matched with the training dataset using SIFT
feature-based ratio test method, and the top K images are obtained according to
the matched correspondences (K = 50 in our experiment). Then, the geometry
verification (RANSAC) is used for each obtained image pair. We select the
highest match score image, which has the most correspondences with the query
image. Finally, the human region in the selected image is detected and returned
as the recommended human region;

(3) Photo quality assessment based method (Assessment): We also implemented a
state-of-the-art photo quality assessment approach in [31] and modified it for
human position recommendation. As described by [31], the human region usu-
ally has the high saliency in high quality photos. Similar with the 2DMatching-
based method, we first calculate the correspondences between the query and
dataset images, and obtain the best matched image. Finally, the saliency region
is detected by the method in [31] in the selected image and outputted as the
recommended human position.

6.2 Recommendation precision

6.2.1 Ground truth

To evaluate recommendation results of an algorithm, a ground truth dataset is built,
which consists of the professional landmark images containing both human and land-
marks. To define such “ground truth”, we leverage the user posting information of
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each image to select the professional images from Flickr. Two factors are considered:
the user score of a photo and the photographer score of its photographer.

We define the user score of a picture as the number of favorites it receives from
other users. For each picture, another score is obtained, i.e., photographer score, by
averaging over the user scores of all the pictures uploaded by the photographer. For
each photo, the professional score of the photo is calculated by combining its user
score and photographer score.

We first get the photo list using query keyword and then obtain the number
of favorites for each photo using the Flickr API. The top N photos in term of
professional score are obtained as candidate images.

For each landmark, we select top 20 professional photos as queries for the
evaluation, and we manually label the human region in each selected photo and label
the region as the ground truth. Some ground truth results are illustrated in the first
columns of Figs. 7 and 8 respectively.

6.2.2 Measurement

In this paper, to evaluate the satisfaction of photographing recommendation more
thoroughly, two evaluation measurements are proposed: the user satisfaction by a
user case study, and the defined recommendation precision in the following section.

For each query q j, we define the recommendation precision p with taking into
account the overlap between the ground truth region RG

j and the recommended
region RD

j ,

pj = |RG
j ∩ RD

j |
|RG

j ∪ RD
j | , (11)

where R1 ∩ R2 and R1 ∪ R2 denote the intersection of the rectangle regions of R1

and R2 and their union of the regions, respectively, and |R1| denotes the area of the
region R1.

We compute an average precision score (AP) for the 20 queries for a landmark,
and use the AP scores to evaluate the performance for each landmark.

Fig. 6 The recommendation average precision (AP) of different methods on each landmark

Author's personal copy



Multimed Tools Appl

Fig. 7 Recommended result samples of different methods on the landmarks (a–e: Arc de Triomphe,
Cologne Cathedral, Church of Our Lady before Tyn, Leaning Tower of Pisa, and St. Louis Cathedral).
Column 1: the ground truth regions of query images (denoted by blue rectangles); Column 2 to 5: the
recommended results of different methods (the red, orange, yellow and green rectangles denote the
results of our proposed method, the density-based method, the 2D local feature matching method,
and the photo quality assessment based method, respectively)
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Fig. 8 Recommended result samples of different methods on the landmarks (a–e: St. Basil’s
Cathedral, Rijksmuseum, Taj Mahal, Reichstag Building, and Tian’anmen Square. Column 1: the
ground truth regions of query images (denoted by blue rectangles); Column 2 to 5: the recommended
results of different methods (the red, orange, yellow and green rectangles denote the results of our
proposed method, the density-based method, the 2D local feature matching method, and the photo
quality assessment based method, respectively)
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6.2.3 Evaluation results and discussion

Figure 6 illustrates the average precision of the different methods on all the land-
marks, and Figs. 7 and 8 shows the recommended result samples of different methods
for each landmark. From the Figs. 6, 7 and 8, several conclusions can be drawn.

First, the proposed method outperforms the density-based method in term of
average precision. The reason is that the density-based method ignores the view
changes of query images, while our proposed method integrates the view information
for effective estimating and predicting the human position.

Second, the proposed method significantly outperforms the single image-based
methods (2DMatching). There are two reasons for the better performance of the
proposed method. Firstly, 3D reconstruction in our method can effectively match
the landmark region in training dataset and project the human position into a
uniform coordinate to improve the accuracy of knowledge learning. Secondly, the
learning strategy summarizes the knowledge from the photo collection, while other
methods only consider the single image information and are sensitive to the noise
and condition changes.

Thirdly, compared with the assessment-based method, the improvement of our
proposed method also demonstrates that our data-driven strategy is more reasonable
and effective than the low level feature based method in solving the challenging
semantic tasks.

Finally, the proposed method also achieves promising results even though the
query is very challenging (such as the background occlusion of the “St. Louis
Cathedral” sample in Fig. 7, and the zooming change of the “Tian’anmen Square”
sample in Fig. 8). It demonstrates the proposed method is effective and robust.

We also illustrate the average recommendation precision of different methods in
Table 1 (Second column). The results show that the proposed 3DLearning method
outperforms other methods with 12–95 % improvement in average recommendation
precision.

6.3 User study

6.3.1 Experiment setup

The quality or aesthetics of a photo is related to the subjective evaluation. Thus, we
further design the following user study to measure the effectiveness of our proposed
method.

First, we propose a group of systematic criteria to measure the userąŕs satisfactory
level, including Very satisf ied, Satisf ied, Mediocrity, Bad and Very Bad, which have
the scores 5 to 1 respectively for each photo.

Table 1 The average
recommendation precision and
average satisfactory scores of
different methods on all ten
landmark datasets

Methods Average Average
recommendation satisfactory
precision score

3DLearning 0.78 4.18
Density 0.69 3.63
Assessment 0.45 2.54
2DMatching 0.39 2.15
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Then, based on the criteria designed above, we further invite 40 users to join the
user study, 21 men and 19 women, with ages ranging from 21 to 34 years old, covering
the fields of computer vision, computer graphic, mobile sensor and natural language
processing. The participants are required to give a satisfactory score (i.e., 1 to 5) for
a result.

Finally, for each method, we calculated the average number of human subject
voting for each satisfactory level of feedback on all test images.

For a recommendation result r of one method, the average satisfactory score Sr

are calculated as following,

Sr =
∑

l

l × nl
r, (12)

where l = 1, 2, · · · , 5 denotes the users satisfactory level, and nl
r denotes the aver-

age number of human subject voting for satisfactory level l for recommendation
result r.

6.3.2 Results

The results are illustrated in Fig. 9, in which the bars show the average number of the
proposed method and the baselines in each satisfactory level, respectively.

It is quite obvious that the recommendation results of our proposed method are
more satisfying than the baseline methods, while the most results of the proposed
3DLearning method are Very satisf ied or Satisf ied. The reason lies in that the
proposed method employs the 3D point cloud construction and human position
projection to accurately match the landmark, and the GMM can give the distribution
patterns of human positions to find the optimal human position. In sum, this study
demonstrates that the learning-based method is effective to solve this problem. How-
ever, some results of each method are still Bad or Very Bad, and it also demonstrates

Fig. 9 The results from the user studies. The bars show the average numbers of different judgment
level in the user study results of different methods
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Fig. 10 The recommendation results of the proposed method and the satisfaction scores of user
study. Top-to-bottom: Arc de Triomphe, Leaning Tower of Pisa, St. Louis Cathedral, St. Basil’s
Cathedral, and Cologne Cathedral
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Fig. 11 The recommendation results of the proposed method and the satisfaction scores of user
study. Top-to-bottom: Rijksmuseum, Taj Mahal, Reichstag Building, Tian’anmen Square, and Church
of Our Lady before Tyn
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that the problem of photographing recommendation is still a challenging and hard
problem.

We also illustrate the average satisfactory scores of different methods in Table 1
(Third column). The results show that the proposed 3DLearning method outper-
forms other methods with 15–94 % improvement in the average satisfactory score.

From Table 1, one can observe an interesting thing that the results of different
methods on overall precision is consistent with the results of users’ satisfactory
level scores. This demonstrates that the proposed 3DLearning method is effective
for photographing recommendation, and is more satisfactory than other methods in
users’ subjective evaluation.

6.3.3 Case study

We also show several sample results of our method in Figs. 10 and 11, with the user
satisfaction score being listed below each result. In the general case, our method
can give the rather satisfied results for users (Row 1 and Row 2), varying in lights,
viewpoints, and zooming. We also list some failed results in the 3rd row, in which
our method gives the very unsatisfied result, such as the corner of the image or the
above of river. This is because our method only employs the distribution of relative

Fig. 12 The overview of our developed mobile application
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position between the human and landmark, but the more aesthetics of photos are not
considered in the resulting images.

6.4 Application

We also apply our proposed method into a smart mobile and develop an APP
for photographing guide. The workflow of the human position recommendation
framework for mobile photographing is follows. A recommendation system is set up
on a remote server. When a user prepares to take a photo for her/his friend using
the smart phone, the preview of the mobile camera is captured and uploaded to
the remote server. In the server, the recommendation system finds the landmark
model of query image, estimates the best human position, and returns the results to
the mobile. The recommended result is displayed on the screen using a rectangle.
Figure 12 illustrates the overview of the developed system.

We test the system on an iPhone 4 platform, which has 1.0 GHz CPU, 512 MB
memory, and a 5.0 million pixels camera. We used a server with 2 × 2.4 GHz Intel
Xeon CPU and 16 GB memory to run the human recommendation system. We test
our demo under the mobile wireless network, the GPRS (General Packet Radio
Service), with the transfer speed of 40 kbps. In order to reduce the transformation
time in the mobile network, we downsample the photo to 800 × 640 resolution. The
overall data transmitting involves both image uploading and result downloading,
which is roughly 5.13 s for each query. The server-end processing cost about 1.27 s
per query.

7 Conclusions

In this paper, we proposed a learning-based human position recommendation frame-
work for mobile photographing. Different from the existing ascetics or saliency based
positioning and photographing suggestions, we tackle this issue by learning from
the Web. We learn the knowledge of human position from the landmark photos
using the 3D model construction strategy and the human position projection method.
Furthermore, we proposed a view sensitive based human position estimation method
for online suggestion. In the evaluation on the landmark image dataset, comparing
to the baseline methods, our proposed method achieves an promising performance.

In the future work, we are going to further take into account the relative relations
between different people, extend the current suggestion from single person to
multiple persons.
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