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PhotoHelper: Portrait Photographing Guidance
Via Deep Feature Retrieval and Fusion
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and Tong-Yee Lee , Senior Member, IEEE

Abstract�We introduce a new photographing guidance
(PhotoHelper) for amateur photographers to enhance their
portrait photo quality using deep feature retrieval and fusion.
In our model, we comprehensively integrate empirical aesthetic
rules, traditional machine learning algorithms and deep neural
networks to extract different kinds of features in both color and
space aspects. With these features, we build a modi�ed random
forest with a structured photograph collection to identify types of
photos. We also de�ne the composition matching score to measure
the similarity between the given photo and the reference photo.
By combining all of the above processes, a one-stop deep portrait
photographing guidance is constructed to provide users with
professional reference photographs that are similar to the current
scene and automatically generate spatial composition guidance
according to the user-selected reference photo. Experiments and
evaluations show that the aesthetic quality of portrait photos can
be signi�cantly improved via the composition guidance of our
photographing guidance approach.

Index Terms�Aesthetic assessment, deep feature fusion, image
retrieval, photographing guidance, spatial composition rule.

I. INTRODUCTION

W ITH the development of smart-phone camera technol-
ogy, it has become easier than ever before for a common

person to take a photograph. Among the general public, portrait
photos are the most popular type. However, amateur photogra-
phers usually lack skills to take photos of high quality. Common
people are often incapable of designing a harmonious photo
composition including the background and the person in the
foreground. Conversely, experienced cameramen always handle
these problems expertly based on their professional skills and
long-accumulated experience, which are almost impossible to
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learn from textbooks or teaching videos. To help novices im-
prove the quality of their portrait photos, the most direct method
is retrieving professional photographs that are similar to the cur-
rent scene and imitating them when taking pictures. However, it
is almost impossible in practice to manually Þnd similar photos
in real time when photographing even if the photographs are
indexed by category for fast access. In addition, learning the
artistic style of professional photographs is also a difÞcult task
for amateurs. The image search engine is another convenient
choice since users can obtain similar photographs quickly [1],
[2]. However, the retrieved results are sometimes of low quality.
The search engine also cannot teach photographers how to repro-
duce a better photograph with the search results. Other studies
tried to obtain the best composition by cropping out a smaller
frame from the original photograph to help users obtain a bet-
ter picture [3], [4]. However, the limitation of this method is
also obvious. Since photographs taken by common people are
usually of low quality, the subregion in the photo with high aes-
thetic value may also be very small; thus, the cropped picture
will lose much of the information and feeling that the original
photo intended to convey. With the knowledge that existing tech-
niques are not proper for current situations, we sought to design
a method to address these problems.

Here, we propose a one-stop portrait photographing assis-
tant for retrieving professional reference photos and instructing
users to improve the layout of their framing. Along with the
idea of combining both scene type and spatial composition sim-
ilarity [3], our model is designed in a feature-based manner [5]
and is mainly composed of two parts: reference photo retrieval
and photographing guidance generation. We combine empiri-
cal rules, existing traditional algorithms, deep neural networks
and statistical methods to extract several kinds of image fea-
tures. According to their functions, these features are divided
into three types: learned features, global features and similarity
matching features. In the reference photo retrieval step, learned
and global features are used to train a modiÞed random forest
that can predict the scene type of the given photo. After that, the
similarity matching features are used to calculate the composi-
tion matching score for comparing the similarity between each
retrieved photo and the given photo. Finally, we show some
top-ranked-score photos on the screen, and once the user selects
one of them as his or her reference, our method will automat-
ically provide visualized spatial composition guidance to the
photographer. We show this process in a ßowchart in Fig. 1. No-
tably, if users want to obtain photos particularly similar to the
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Fig. 1. The ßow path of our method. We Þrst extract learned features, global features and similarity matching features of the given photo. With learned and
global features as input, the modiÞed random forest predicts a certain scene type to the photo. Next, the composition matching score of each reference photo is
calculated by the similarity between itself and the given photo with their similarity matching features. According to these scores, we get the ranking list of the
reference photos, which will be shown to the user for selection in this order. Suppose the user chooses the photograph in red rectangle as reference, our method
will automatically show the visualized composition guidance on the screen to help the user take a better picture.

scene in a certain aspect, minor adjustment for weight parame-
ters of the corresponding feature can be carried out to meet this
demand. The analysis of the corresponding evaluation and com-
parison experiments shows that our recommended photographs
are similar to the current scene and users can produce better
portrait photos by following our guidance. In general, our work
makes the following key contributions:

1) Comprehensive Feature Fusion: We utilize empirical
rules, traditional classiÞcation algorithms, deep learning,
and statistical methods to comprehensively fuse various
kinds of features, including color, illumination, and spa-
tial composition features. In addition to some commonly
used features, we also raise new features in our method,
such as homogeneous regions and dominant lines, which
are proven effective. With this feature-fused system, we
construct a model for analyzing, classifying and retrieving
photographs.

2) Interactive Photographing Guidance: By integrating the
result of modiÞed random forest and composition match-
ing scores, we provide users with the most similar pho-
tographs to the current scene in our dataset. Once the
user selects a photograph as a reference, our approach
would show the corresponding visualized spatial compo-
sition guidance on the screen, which photographers can
follow to produce a better photograph conveniently.

II. RELATED WORK

A. Photograph Aesthetic Assessment

Although it has been studied for a long time, the evaluation of
photograph aesthetics is still difÞcult to summarize as a common
model. The existing knowledge of photography suggests there
should be some general standards for photo evaluation under-
neath the current theory [6]. Most traditional studies on image
assessment attempt to assess photosÕ aesthetic degrees based on
various kinds of features. In previous studies, visual features, in-
cluding color, texture and composition, were introduced. Color

features include light, colorfulness, brightness, saturation and
hue of the photo. In addition, color features are always different
in different regions of a single photograph; thus, the distribu-
tion of these features in the whole picture is also considered a
feature [7]. Texture features are often described with edge infor-
mation, blur distributions, wavelet features and the histogram
of oriented gradients. Composition features are also important
in aesthetic evaluation. Some studies have segmented the image
into regions and computed the importance of each region to ex-
tract salient regions and determine their relative distances [8].
Other studies have tried to use ovals and lines to represent the
composition of the photograph [3]. In conclusion, most tradi-
tional image features are deÞned by empirical rules [9], and af-
ter the extraction of these features, the quality of the photograph
can be evaluated by combining all the features, such as [10].

In recent years, the utilization of traditional features has been
gradually replaced by learned features extracted from learning-
based models in the computer vision Þeld [12]. First, machine
learning approaches for aesthetic evaluation have been exten-
sively studied in the past ten years [13]—[15]. By constructing
predictive models from large-scale labeled training data, ma-
chine learning methods can be more robust than traditional al-
gorithms. Recently, deep neural networks have achieved remark-
able results in many image processing tasks [11], [16], [17], in-
cluding several methods to investigate image aesthetics predic-
tion [18]. Lu et al. [19] adopted a deep neural network approach
with uniÞed feature learning and classiÞer training to estimate
image aesthetics, which learned aesthetic-related features auto-
matically from a large-scale image dataset. Campbell et al. [20]
trained a 10-layer deep belief network to discover features of
evolved abstract art images. Luo and Tang [14] presented a work
to extract the subject region from a photo to evaluate its quality.
Other researchers have tried to use a content-aware approach
to remodel the scene [21]. However, the common disadvantage
of all of the above studies is that they do not adequately ex-
plain what has been learned from the network; thus, it is almost
impossible to understand the implicit aesthetic standard from
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the corresponding evaluation. In our method, we take these pre-
vious studies as a reference to learn and improve their feature
extraction methods. At the same time, we still use traditional
aesthetic rules to choose and collect professional photos for our
database. This makes the aesthetic value of our reference photo
more analyzable and makes our feature extraction method more
well directed for the following photo classiÞcation step.

B. Photographing Assistant Tools

The most direct idea to obtain a high-quality photograph is
postprocessing. However, it may change or even damage the de-
tails of the original photograph, and it is often difÞcult for com-
mon people to use the corresponding professional tools. Thus,
some methods instead provide auto-postprocessing techniques.
Most of these studies focus on searching for a better subÞgure
from a given photograph. For example, Liang et al. [3] applied an
example-based recomposition to crop the given photograph to a
smaller frame that has a better layout than the original one. There
are also many other kinds of recomposition models, such as the
probabilistic model [22], the maximally aesthetic model [23],
and the energy model [24]. However, cropping will decrease the
resolution of the photograph, and some important regions may
be dropped out during this process. Furthermore, if the original
given photo is of low quality, there may be no acceptable result
even with an exhaustive search. Thus, the demand for real-time
photographing assistance tools has come into being.

Many kinds of modern real-time shooting techniques have al-
ready been developed and are intended to help users increase the
color quality of their photo. Some methods also try to help users
in different aspects, such as providing pose and composition sug-
gestions [25], [26]. For PCs, consumer-level depth cameras such
as Microsoft Kinect and Intel RealSense have been developed
to collect the depth information of the objects. For mobile plat-
forms, Yin et al. [27] proposed a socialized mobile photograph-
ing system to assist mobile users in capturing high-quality pho-
tos using both the rich context available from mobile devices and
crowd-sourced social media. Wang and Cohen [28] proposed an
algorithm that integrates matting and compositing into a single
optimization process for implanting foreground elements into a
new background. Cheng et al. [13] presented a method to learn
the object spatial correlation distribution and applied this method
to guide the composition arrangement of professional photos.

Based on these previous studies, we Þnd that regarding photo
enhancement, there has already been much work done for the
purpose of postprocessing, including the development of many
mature image-processing software programs. These methods
may have good effects on the improvement of the color aspect
of the photos, but at the same time, they almost have no use
for spatial composition enhancement. In turn, there is little re-
search focusing on the preprocessing or shooting guidance of
photographing. In addition, many studies on the spatial compo-
sition of photos are often targeted at image assessment rather
than image generation. Focusing on these problems and the re-
search objective, we Þrst combine deep neural networks and
traditional algorithms to extract different kinds of features from
the photo, and then use these features to quantify and visualize

the difference between a given photo and its similar professional
photo to achieve the goal of spatial composition guidance before
photographing.

III. MODEL CONSTRUCTION

A. Data Preparation

Our method mainly contains two parts: professional photo re-
trieval and photographing guidance generation. First, we restrict
the photo type in our dataset to portrait photos and construct
our professional photo dataset, which includes a total of 4122
photos. All photos are collected from professional photography
websites/electronic magazines and stored in our local server. To
classify these photos, we manually label these photos by the en-
vironment where the photos were taken, such as grasslands and
highways, and Þnally summarize all photos into 15 classes. Dur-
ing the whole working period, this reference photo collection is
used to be both the training set for modiÞed random forest and
the data source for photo retrieval.

B. Feature Extraction

In our method, all features used are divided into three types:
learned, global and similarity matching features. Learned fea-
tures are used to train a random forest. Global features are used
to improve the classiÞcation accuracy of some leaf nodes in the
forest. Similarity matching features are used to quantify the sim-
ilarity between the given photo and the reference photo. During
feature extraction, in addition to using several traditional meth-
ods, we also developed some new aesthetic features and their
extraction means.

1) Learned Features: Scene type, or in other words, the en-
vironmental background, is always one of the most important
topics when implementing photo retrieval. However, scene type
is not an object with some special characteristics but a macro-
scopic concept that is difÞcult for humans to quantify. Thus, we
use a deep neural network to extract these abstract, incomprehen-
sible scene types from the given photos as their learned features.
In our method, a pretrained deep residual network [11] that has
been well trained on the Places365 dataset [29] is employed
to Þnish this work. In detail, we Þrst input the photo into the
pretrained ResNet and then remove the Þnal classiÞcation prob-
ability layer of the network to obtain the raw 365-dimensional
feature vector from the last FC. We then take this feature as
the learned feature of the given photo. This process is shown in
Fig. 2. On the one hand, photos of different scene types will pro-
duce different value distributions on some dimensions of their
learned features (as in the example shown in Fig. 3(a)). On the
other hand, photos of the same scene type will become easier to
cluster on the t-SNE embedding plot by their learned features
than the traditional GIST features [30] (as in the example shown
in Fig. 3(b)). These experiments indicate that learned features
indeed have some superiority over other image features when
being used to implement photo classiÞcation to some extent.

2) Global Features: When learned features are extracted,
global features of the given photo can also be calculated and
prepared for the modiÞcation of the random forest in the next
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Fig. 2. The extraction of learned features. We use a pretrained ResNet [11] to get learned features. After removing the last probability layer, we take the output
of the last FC layer as our learned features to train the random forest in the next step.

step. The global features used in this model include three parts:
edge, texture and hue composition.

a) Edge: The edge of an image is deÞned as the set of pixels
in which the grayscale of the surrounding pixels changes dra-
matically. In our model, taking the HOG (histogram of oriented
gradient) feature extraction algorithm as a reference, we directly
calculate the gradient of a certain pixel in RGB color space as
Gp and its direction as Dp. After that, we implement a noise
reduction process to eliminate the disturbance of the pixels with
high Gp but not on the edge of the objects. Then, with the re-
maining edge pixels, we divide all of them into 6 classes from
0 to 180 degrees and take the quantity of pixels in each class as
the corresponding edge length. Finally, based on these data, we
construct the length-direction histogram Ev of the given photo
and take it as its edge feature.

b) Texture: As a feature that does not depend on the change
of color or brightness to reßect the homogeneity of an image,
texture characterizes the distribution of the grayscale in a certain
pixel domain. Taking the LBP feature extraction algorithm as a
reference, we obtain the texture information of the target pixel
by observing the grayscale distribution of its eight surrounding
pixels. Based on the shape formed by pixels of similar grayscale
in the 3×3 domain, we divide the texture pattern of all pixels into
nine classes, including eight classes of different texture growth
directions and one class of no texture. According to this classi-
Þcation, we take the texture direction Dt and the proportion of
texture area At (the proportion of pixel amounts in one class)
to quantify the texture of the image. Similar to edge feature ex-
traction, an area-direction histogram Tv is constructed, and we
take this vector as the texture feature of the given photo.

c) Hue composition: Luo et al. [21] proposed that, for most
professional photographs, the hue composition can be summa-
rized into several kinds of patterns. To describe these patterns as
quantiÞable features, we Þrst construct the hue histogram of the
image and search the dominant color intervals. The dominant
color interval is deÞned as a continuous color-concentrated re-
gion in the histogram. In our model, we deÞned the interval cov-
ering more than 60% of pixels as the major interval and another
(if it existed) that covers over 20% of pixels as the subinterval.
Based on these intervals, we used two parameters to show the hue

distribution modes: the hue focus of the dominant color interval
(represented as �) and the spans of the interval (represented as
�). As shown in Fig. 4, two patterns of hue composition can be
concluded.

3) Similarity Matching Features: Similarity matching fea-
tures are used to calculate the composition matching score of
each reference photo with the same scene type as the given photo.
The similarity matching features used in this model include four
parts: illumination conditions, salient regions, homogeneous re-
gions and dominant lines.

a) Illumination condition: The impression of a scene is de-
termined to a great extent by the prevailing illumination con-
ditions [31], and intensity and direction are often regarded as
two signiÞcant features of the illumination condition. Directly
calculating the intensity of the current scene is difÞcult; there-
fore, we use brightness instead. The mean brightness Im can be
calculated by the following equation:

Im =
�N

i=1 max(ir, ig, ib)
N

(1)

where, ir, ig , ib means the RGB value of the pixels. AndN is the
the amount of all pixels in the photograph. Furthermore, we can
also calculate the contrast C of the photo using the following
equation:

C =
Ih

Il

s.t. Ih =
1
Nh

Nh�

i=1

Ip, Il =
1
Nl

Nl�

i=1

I �p (2)

where, Ip is the mean brightness of the pixels higher than Im
while the I �p represents the lower one. To obtain the illumination
direction, we need to know the light source location. Lalonde
et al. [31] proposed a method to estimate the sun visibility and
location with zenith angle and azimuth angle, which we show
in Fig. 5(a). Inspired by their work, we modify their algorithm
to a simpliÞed version, as shown in Fig. 5(b). We deÞne Id as
the symbol of the light direction feature and divide the ground
plane into four regions to summarize lights from all directions
into three classes: front-light, side-light and back-light. We then
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Fig. 3. The distribution of learned featuresÕ value. In (a) we show the grassland
and highway photos. Part of their learned featuresÕ value are shown in the scatter
plot below. We use green rectangles to show that two kinds of photos have
signiÞcant value distribution differences at some certain feature dimensions. In
(b) we show the t-SNE embedding plot for the learned features and traditional
GIST features respectively, indicating the advantage of learned features in this
classiÞcation task.

Fig. 4. The hue composition of monochromatic and analogous modes. The
monochromatic mode contains one dominant color region with convergent or
divergent hue distribution as in (a) and (b). The analogous mode contains two
dominant color region with vertical and complementary hue distribution as in
(c) and (d).

take these three labels as the feature values of Id instead of those
two angles. If there is no obvious light source in the surrounding
environment, we take this as the front-light situation where the
light zenith angle is set as 45�.

b) Salient region: For a given photograph, a salient region is
deÞned as the region occupied by the focused object to which
the photographer wants viewers to pay attention. In our method,

Fig. 5. Light direction features. In (a), the zenith angle is the angle between
the zenith and the sunlight direction. The azimuth angle is the angle between the
shooting direction and the projection of sunlight. In (b), we divide ground plane
into 4 regions and conclude lights from all directions into 3 classes: front-light,
side-light and back-light.

Fig. 6. Salient region extraction. The left shows the original photo, the middle
shows the combination of segmentation map and focus coordinate. The right
shows the Þnal result.

we use both deep learning and focus point coordinates to extract
the salient region of the photo. First, Pose2Seg [32] is used to
obtain the corresponding segmentation map of the given pho-
tograph. Then, after the user touches the screen to specify the
focus point, we record this touching coordinate and determine
the semantically segmented region in which the touching coor-
dinate falls to deÞne it as the salient region. (We also manually
deÞne the area where the person stands as its salient region in
our reference photo dataset.) Finally, to represent the salient re-
gion, we use ovals to circle the salient region and record the oval
with central coordinates (Srx, Sry), major axis length Oa and
the angleOangle between the major axis and y axis as the salient
region feature. We show the whole process in Fig. 6.

c) Visual homogenous regions: In a photo, the homogenous
region is deÞned as the area where each of its subregions shares
similar hue, texture, intensity, etc., usually covering integral,
semantically similar objects. In our method, we Þrst take a
graph-based image segmentation method [33] to directly di-
vide the hue map of the photo into several superpixels. Then,
we use a graph G(V,E) to record the segmented regions and
their relationship. (The salient region obtained before will not
be processed here.) NodeV of the graph is the representation of a
homogeneous region. For each node, we save at most three main
hue values (Hrh1, Hrh2, Hrh3) of the region, their proportions
(Hrr1, Hrr2, Hrr3), the central coordinates of the whole re-
gion (Hrx, Hry) and the size of the region Hrs. Edge E of
the graph records the connected region pairs. With all these ele-
mental variables deÞned, we start to construct more meaningful
functions.

Suppose R1 and R2 are the region graph nodes discussed
before. We deÞne SR(R1, R2) as the size ratio of two regions,
which is used to encourage a large region to absorb a smaller
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region instead of another large region.

SR(R1, R2) =
max(R1.Hrs, R2.Hrs)
min(R1.Hrs, R2.Hrs)

(3)

We deÞne D(R1, R2) as the distance between two regions,
which is the length of the shortest visited path between them.
D(R1, R2) is used to encourage the merging of adjacent regions
instead of the far-separated pairs.

We also deÞneH(R1, R2) as the hue similarity of two regions.
We use the distribution of hue in the corresponding region to
calculate it. According to our observation, we assume that the
overall hue distribution can be described as a sum of several
Gaussian functions. Thus, we take the hue distribution HD as:

HD(x|R) =
3�

i=1

R.Hrri�
2�

exp(�
1
2

(x�R.Hrhi)2)

s.t.
3�

i=1

R.Hrri = 1 (4)

Therefore, the hue similarity can be calculated as:

H(R1, R2) =
255�

i=0

min(HD(i|R1), HD(i|R2)) (5)

Finally, we can deÞne the similarity scoreSsimi as the similarity
measurement between two regions:

Ssimi(R1, R2) =
SR(R1, R2) • exp(� + H(R1, R2))

�
D(R1, R2)

(6)

where, the coefÞcient � of Eq. (6) is used to control the weight
of hue similarity. In our experiments, we set � = 3. During the
merging process, we merge one region pair that has the highest
similarity score in this calculating circle and then update the
attribute of this merged area as a new region in the next iteration
until only Þve regions remain.

Our homogeneous region results are shown in Fig. 7. We can
see that the regions close to each other with similar semantic
meaning have been merged into one part. Although the preci-
sion of this segmentation is not perfect, by matching the ho-
mogeneous regions, we can still ensure the rough composition
similarity of two photographs.

d) Dominant lines: A dominant line is deÞned as the bound-
aries between different homogenous regions that are long
enough to inßuence the composition of the photograph, such
as the skyline. Most of the composition rules are related to the
location of dominant lines, such as the Rule of Thirds and the
Diagonal Rule. To extract the dominant lines, we Þrst perform a
Randomized Hough Transform [34] on the intermediate product
of the region merging process discussed before. Then, we use
the following formula to identify and merge the short lines to
construct the Þnal theoretical dominant line:

Lsimi(L1, L2) =
w1

exp(A(L1, L2))
+

w2

exp(D(L1, L2))
(7)

where, L1, L2 are two lines extracted by Hough Transform.
A(L1, L2) is the angle between line pair L1, L2 and D(L1, L2)
is the distance between two linesÕ centers.w1, w2 are two weight

Fig. 7. Homogenous region merging results. The Þrst row shows the original
photos. The second row shows the direct segmentations. And the last row shows
our merging results.

Fig. 8. Dominant lines examples. We show three different dominant line re-
sults in (a), (b), and (c). Red lines are dominant lines and green ones are the long
axis of the salient oval. From top to bottom: the original images, the intermediate
region merging results and dominant line results.

parameters to balance these two factors which we setw1 = 0.15
and w2 = 0.1 respectively.

In this experiment, we merge only the line pair of which the
Lsimi value exceeds the threshold set as 1.2. After this process,
most short, close lines are merged into several long straight lines.
Finally, we select at most three longest lines from the remaining
ones as dominant lines. We show part of the results in Fig. 8.

C. Photograph Recommendation

Photograph Recommendation includes two parts: profes-
sional photos batch retrieval (based on a modiÞed random for-
est) and similarity matching ranking (based on the composition
matching score).

1) Modified Random Forest: After feature extraction, 4122
labeled photos with learned and global features are used to train
a modiÞed random forest with 300 CARTs. Bootstrap sampling
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