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Narrative Collage of Image Collections by Scene
Graph Recombination
Fei Fang, Miao Yi, Hui Feng, Shenghong Hu Member, IEEE, and Chunxia Xiao Member, IEEE
Abstract—A narrative collage is an interesting image editing method for summarizing the main theme or storyline behind an image
collection. We present a novel method to generate narrative images with plausible semantic scene structures. To achieve this goal, we
introduce a layer graph and a scene graph to represent the relative depth order and semantic relationship between image objects,
respectively. We first cluster the input image collection to select representative images, and then we extract a group of semantic salient
objects from each representative image. Both layer graphs and scene graphs are constructed and combined according to our specific
rules for reorganizing the extracted objects in every image. We design an energy model to appropriately locate every object on the final
canvas. The experimental results show that our method can produce competitive narrative collage results and that it performs well on a
wide range of image collections.
Index Terms—Narrative Collage, Image Collections, Image Segmentation, Scene Graphs, Image Synthesis.
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I NTRODUCTION

Image collections, or images in photo albums, generally present a special theme or story, such as weddings,
birthdays, and travels. However, image collections always
contain some redundant information, which prevents the
viewer from capturing the main theme of the image collections and reduces the efficiency for fast browsing. Thus, it
is an interesting work to extract the theme-related elements
from an input image collection and rearrange the elements
into one image, which is called the narrative collage of
the image collection, as shown in Figure 1. The narrative
collage should not only summarize the theme of the image
collection but also exhibit a visually continuous and contentcondensed form of the narrative collage result according to
the time sequence or storyline of the image collection. The
narrative can also be considered as a digital art design for
the image collection.
Narrative collage techniques have historically been applied to depict a story or event in tapestries and narrative
paintings, where the story or event is narrated in a continuous manner. For example, in Figure 2, in Night Revels of
Han Xizai, the painter depicted the scenes of Han’s banquet,
narrating through five distinct sections, and a couch or
screen is added between the neighboring scenes to make
the narrative image coherent. In the Age of Reptiles mural,
the evolution of reptiles is depicted, and it presents the evolution of reptiles in a chronological manner with coherent
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background variation. In the same way, the Bayeux Tapestry
naturally expresses the development of fifty events.
When we look at a scene, e.g., a campus, we can clearly
observe the organized interaction of objects, functions and
space. Behavioral and visual system studies also show that
humans are concerned about not only the color and objects
but also the spatial and semantic layout of the objects in
the scene [1]. Therefore, a desirable narrative collage should
not only present a visual overview of the image collection
but also exhibit natural semantic relationships between the
objects and have a consistent transition between the scenes,
as illustrated in Figure 1. Existing image collage methods,
such as digital tapestry [2], AutoCollage [3], and hierarchical
narrative collage [4], fail to indicate the spatial and semantic
relationships between objects in a scene, and they also cannot build a consistent transition between different scenes.
To overcome these problems, in this paper, we attempt to
generate a narrative scene via reconstructing the spatial and
semantic relationships between objects.
An effective narrative collage of an image collection has
many challenges. First, for large image collections, we need
to detect the salient narrative elements/objects, and the
selected elements should capture the theme of the image
collections. Second, the spatial and semantic relationships
between narrative elements should be reconstructed in the
narrative collage. Finally, the object layout of the collage
should be visually coherent, and the background of the
narrative image should be synthesized according to the
scene object constraints.
We introduce a new representation, layer graph and
scene graph, to facilitate the construction of a narrative
collage. The layer graph describes the layer order of the
objects. The scene graph represents the semantic relationship of the objects in the scene. Both geometric and semantic
information are encoded in these graphs. Once the representative images and narrative elements of the representative
images are determined, we construct an object layer graph
and a scene graph for each representative image. We then
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Fig. 1. Given the input image collection (upper left), we select several representative images (upper right) and generate the narrative collage result
(bottom).

construct the layer graph and scene graph for the narrative
image by combining those graphs constructed from the
representative images. The narrative image is then rendered
according to these two graphs to avoid incorrect occlusion
and to maintain natural semantic image structures. This
paper provides the following three main contributions:
•

•

•

By incorporating both semantic segmentation and
structure-aware image clustering, we propose an effective method for extracting the narrative elements
from image collections.
We construct an object layer graph and scene graph
to represent the geometrical and semantic relationships of the narrative elements, which helps to produce a physically plausible collage.
We develop an object recombination model to generate a content-coherent object layer graph and scene
graph for the narrative collage.

With appropriate interaction, by recombining the salient
objects of the image collection and synthesizing coherent
background using the objects, our method for generating a
narrative collage can be considered as a scene synthesis and
editing system for the image collection. Our system can be
applied to produce a condensed collage for a personal photo
collection in the desired temporal order or to distill special
content from an image set, such as the famous building
sets. Additionally, our system presents new design and
visualization techniques, which can help computers generate paintings and illustrations by compositing the design
elements in a narrative style.
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objects from a database into a new image. The structure and
appearance of the resulting image are similar to those of
the input image, and the input is a single image rather than
an image collection. More recently, Yu et al. [7] proposed a
photo collage method that uses a circle to approximate the
ROI of each image.

R ELATED W ORK

An image collage constructs an image to show the subject
or summary of an image collection. A digital tapestry [2]
composites a summary image from a set of salient image
blocks. This approach consists of a single optimization step
that searches over the entire input images for each output
pixel. AutoCollage [3] improved digital tapestry by using
a multistage optimization procedure to reduce complexity,
and it assembled an image result using graph-cut and
Poisson blending. Huang et al. [5] converted an input image
into an Arcimboldo-like stylized image. The input image is
first segmented into regions using the mean-shift approach.
Next, each region is replaced by a piece of clip art from a
clip art database with the lowest matching cost. Isola and
Liu [6] proposed a system called scene collage to recombine

Fig. 2. Narrative painting and tapestries. Top: First half section of the
Night Revels of Han Xizai, viewing from right to left (Palace Museum
in Beijing); Middle: Age of Reptiles mural (Peabody Museum of Natural
History, Yale University); Bottom: Portion of the Bayeux Tapestry (Musée
de la Tapisserie de Bayeux in Bayeux, Normandy, France). Our method
is inspired by these artistic techniques to depict image collections in a
narrative and coherent manner.

The above methods rearrange the images or their salient
regions according to spatial positioning rules. However,
they do not perform well in presenting the theme of the
image collections and cannot tell people a story contained in
the image collection because they adopted assemble forms
that do not exhibit the chronological events recorded by the
images. Zhang et al. [4] proposed a hierarchical narrative
collage for digital photo albums, which enables a chronological presentation of the attractive events recorded by the
photos. These narrative collage methods treat the region
of interest (ROI) as the smallest unit in the reconstruction
algorithm; however, the ROI may include a considerable
amount of redundant information, and the existence of
incomplete objects will affect the visual continuity of the
resulting image. To address this problem, our method is
object based, and we only select the salient objects rather
than the salient region and swap (replace) the incomplete
objects with the complete ones. In addition, almost all
collage methods do not take the semantic relations between

3

objects in the collage into account; thus, the collage may not
exhibit a natural structure.
Several video narrative methods have also been proposed to support fast browsing of video content. Mei et
al. [8] proposed video collage, which presents a video sequence using a single image. They first selected the most
representative images from the video, then extracted the
ROIs from these images, and finally seamlessly arranged
ROIs on a given canvas with the temporal structure of the
video content preserved. Barnes et al. [9] drew inspiration
from tapestries and linear narratives to summarize the
video sequence. Using temporal zoom, users can quickly
browse the video at multiple scales. Concurrently, Correa
and Ma [10] composed foreground and background regions
of video frames in a single interactive image using a series of
spatio-temporal masks. The proposed system allows users
to explore the narrative dynamically and produces different
representations of motion. Both [9] and [10] applied seamless blending between frames, which results in a compact
representation. Chen et al. [11] presented visual storylines,
which is the semantic visualization of movie sequences.
To produce a narrative collage, the salient objects in
the images first need to be detected. A number of computational methods have been proposed to automatically
find regions containing objects of interest in natural images.
Itti et al. [12] were the first to devise a saliency detection
method, which finds visually salient areas based on a centersurround model using multi-scale image features. Many
methods have been proposed to improve the performance
of automatic salient object region detection and extraction
[13], [14], [15], [16]. For example, Chen et al. [15] proposed
a global contrast-based method for automatically extracting
regions of objects in images, which has high precision when
evaluated on the largest publicly available dataset. In this
paper, we improve this method [15] to select narrative
elements from the images.
Recently, there have also been many image and video
editing algorithms proposed based on Internet datasets.
Hays and Efros [17] proposed an image-completion algorithm based on a very large online database of photographs.
Chen et al. [18] presented Sketch2Photo, which composed a
realistic picture from a simple freehand sketch annotated
with text labels. The composed picture is generated by
seamlessly stitching photographs in agreement with the sketch and text labels. This method needs a template (sketch)
to ensure visual reality of the spatial layout of objects in the
composite image. Chia et al. [19] utilized Internet images
for colorization, and they also used Internet images to find
the best matches for color transfer. For more Internet image
editing methods, refer to the survey paper [20].
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OVERVIEW

Our narrative collage generation system for image collections has the following four steps, and we present the
system overview in Figure 3.
Selection of the narrative elements: Given an image
collection I = {Ii }N
i=1 , where N is the number of images, we
first cluster the image collection and select M representative
images IR = {I1 , I2 , ..., IM }. The representative images are
arranged according to the chronological order or storyline

of the image collection. We then detect the salient objects for
each representative image, and we also construct the object
dictionary used in the following narrative image generation.
Construction of layer graphs and scene graphs: We
construct both the object layer graph Li and scene graph
Si for the salient objects in each representative image Ii .
Object layer graphs LR = {L1 , L2 , ..., LM } describe the
depth ordering of the objects, which represents the spatial
relationships of the objects in the scene. The scene graphs
SR = {S1 , S2 , ..., SM } are used to describe the semantic
relationships of the objects in the scene.
Generation of narrative scene: According to the proposed scene object operation grammar, we construct an
object layer graph LN C and a scene graph SN C for all
the objects in our narrative collage using the object recombination model. The object recombination model can
be considered as an object position assignment problem
that relocates the objects according to the constraints of
the input object layer/scene graphs and some user-specified
constraints.
Rendering of narrative collage image: After determining the location of all the objects in our narrative collage, we
render them reasonably on the resulting image canvas. We
set some rules for adding objects to the canvas and render
all the objects from the bottom layer to the top layer. We also
adopt a blending method to produce a seamless transition
around object boundaries.

4

S ELECTION OF THE NARRATIVE ELEMENTS

Given an image collection, we first cluster the input image
collection and obtain the representative images. Then, we
detect the semantic salient objects from each representative
image, which is an important step for our narrative collage
method. We also construct the object dictionary, which will
be used in the following narrative collage generation.
4.1

Selection of representative images

For an image collection I = {Ii }N
i=1 containing a certain
theme, the redundant images that have similar content
should be removed. For each image Ii ∈ I , we define its
attributes σi = (ti , gi , hi ). Here, ti refers to the time attribute
or the location information. We can obtain time information
from the associated image EXIF metadata. The user can
manually assign timestamps for the images or if he or she
prefers a more personalized and flexible order. The location
information can also be obtained from the EXIF metadata of
the pictures taken by mobile phones or cameras equipped
with a GPS device. The user can sort the images by latitude
or longitude or the order that he or she prefers to find the
places on Google Maps where the pictures were captured.
gi = g(Ii ) is the GIST descriptor that models the shape
of the scene in Ii . The histogram hi models the RGB color
distribution with K bins of image Ii .
We cluster the input image collection using the attributes
of the input images, and the cluster centers are selected
as the representative images. Several methods have been
proposed to select representative images [4], [21]. Similar
to [4], we use the unsupervised clustering method based on
affinity propagation (AP) [22] to classify the image collection
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Fig. 3. System overview. (a) The input image collection, (b) cluster the image collection and obtain the representative images, (c) narrative elements
selected from the representative images, (d) construct the layers and scene graphs for representative images, (e) recombine both the layers and
scene graphs, add the object segments from the constructed object dictionary (f), and (g) the final generated narrative collage.

Fig. 4. Semantic salient object extraction. (a) Input image, (b) semantic segmentation and labeling, (c) structure-aware image clustering, (d) saliency
map built incorporating (b) and (c), (e) detected preliminary salient objects using saliency map, and (f) the refined salient objects.

into different groups {Ci }, and we denote I = ∪Ci . The
image attribute σi should be taken into the matrix of similarities between data points. In our paper, the similarity s(i, k)
is defined as the negative Euclidean distance between σi
and σk . Note that because each attribute of σi = (ti , gi , hi )
has a different scale, to define s(i, k), each attribute should
be normalized as [4] for summing. After clustering, each Ci
has a cluster center image ICi . These images IR = {ICi },
sorted by their time or position attributes, construct the
ordered representative image set IR = {I1 , I2 , ..., IM } with
M images. As illustrated in Figure 3, we cluster the input
image collection (with 51 images) into 7 clusters, and we
select 7 representative images.
Note that we favor representative images with a clear,
simple background to make the selection of narrative elements easier. Thus, before applying AP clustering on the
image collection, we filter the image collection to discover
images with a simple background. Inspired by [18], we first
cluster the image using mean-shift clustering [23]. Then, we
count the number of clusters in each narrow band (with a
width of 30 pixels) in the image. If there are on average
more than 8 clusters in each band, we consider the image to
be without a simple background and discard it.

4.2

Semantic salient object extraction

To construct a narrative collage from an image collection,
we first need to extract the narrative elements from the
image collection. To guarantee the narrative function, the
extracted elements should be salient. In this section, we
focus on the extraction of semantic salient objects. We first
perform semantic segmentation and object clustering for the
input image, and then we extract the semantic salient objects
by integrating the semantic segmentation results and object
clustering results. Figure 4 shows the architecture of our
method.
4.2.1

Semantic segmentation and image clustering

We adopt a semantic segmentation method to extract and
label the narrative elements. We apply a fully convolutional
network (FCN) [24], which is a state-of-the-art semantic
segmentation method, for this task. The FCN method can efficiently learn to make dense predictions for per-pixel tasks
such as semantic segmentation, as illustrated in Figure 4. In
our implementation, we train and test the FCN-8s models
using the Pascal-Context 2012 data set [25]. Pascal-Context
provides the entire scene annotations of PASCAL VOC 2010,
and it includes 540 categories. In our implementation, we
follow the 59 class task defined by [25] that picks the most
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frequent classes. In the inference stage, the FCN-8s takes less
than one fifth of a second for a typical image with a size of
600 × 800. As illustrated in Figure 4, FCN produces labeled
pixel-wise segmentation results.
Mean-shift [26] is a widely used data clustering method
in computer vision. It works by defining a Gaussian kernel
density estimate for underlying data and clustering the
points that converge to the same mode under a fixed-point
iterative scheme. Although mean-shift performs well for
data clustering, to handle images with complex textures and
structures, the clustering results still have to be improved,
particularly for clustering the image along the main structures while eliminating the texture disturbances. In this section, we integrate the range kernel with texture filtering into
the clustering procedure, and we produce better structureaware clustering results.
d
Given point data set {xi }n
i=1 , where xi ∈ R is a ddimensional feature vector, inspired by the bilateral texture
filter [27], we extend the mean-shift clustering by adding a
texture description image G in the range kernel g , and we
construct an adaptive nonparametric estimator of the image
data set as follows:

spatial locality p and value v of pixels, which constitute
the feature space of the input data set. For example, in the
image case, x is a pixel with its position p = (x, y) and
its color value v = (r, g, b) (Lab color space). Thus, each
pixel x is a five-dimensional feature vector whose axes are
x = (p, v) = (x, y, r, g, b). The similarity measure (or affinity) between two pixels is defined as zij = exp(−kxi −xj k2 ),
and the position p and value v can also be weighted by
parameters. Note that we can accelerate the mean-shift
clustering using Gaussian KD-tree [29]. By performing the
mean-shift clustering procedure in the feature space, we
can obtain better results than working directly on the color
image [29].
As illustrated in Figure 5, mean-shift clustering with
texture filtering significantly enhances the performance in
separating texture details from image structures. The clustering results are better in preserving the image structure,
and we obtain better structure-aware image clustering.

N

fK (x) =

1X 1
x − xi 2
Gx − Gxi 2
k(k
k
)g(k
k )
n i=1 bdi
bi
σi

(1)

where k(x) and g(x) are the Gaussian kernel functions and
bi > 0 is the bandwidth value. This is a texture-filtering
variant of the mean-shift method [26], and its success depends on the design of G, which is also called the guidance
image in the context of joint bilateral filtering [28].
The bilateral texture filter [27] is a structure-preserving
image decomposition operator. It performs local patchbased analysis of texture features and incorporates its results
into the range filter kernel. The central idea to ensure proper
texture/structure separation is based on a patch shift that
captures the texture information from the most representative texture patch clear of prominent structure edges. This
method outperforms the original bilateral filter in removing
texture while preserving main image structures. Please refer
to [27] for the definition of the guidance image G.
Similarly, we can construct the following gradient-ascent
process with an adaptive step size until convergence, which
constitutes the core of the mean-shift clustering procedure
guided by the guidance image G:
Gx −Gxi
x−xi 2
1
i=1 bd+2 xi k(k bi k )g(k
σi
i

Pn
∗
yj+1

= P
n

Gx −Gxi
x−xi 2
1
i=1 bd+2 k(k bi k )g(k
σi
i

2

k )
2

k )

(2)

j = 1, 2, ...
where yj+1 is the weighted mean at yi computed with
kernel k and g , and we set yi,j+1 = xi . Moving along the
direction with similar texture, the points with similar texture
and structure will converge to the same mode, and these
points are collected and considered as a cluster.
To further improve the clustering results, rather than
clustering the image in the color space, we cluster the point
data based on the similarity measure between the pixels,
which is defined in the feature space of the input data set.
We define the similarity between the pixels using both the

(a)

(b)

(c)

(d)

Fig. 5. Mean-shift clustering with texture filtering. (a) Input images, (b)
mean-shift clustering results of (a) using [26], (c) texture filtering results
of (a), and (d) mean-shift clustering with our method.

4.2.2 Salient object extraction
Although the FCN-8s version produces satisfactory semantic segmentation, to handle complex natural scenes, the
results need to be improved for narrative image generation
for both accurate shape extraction and boundary refinement.
Furthermore, because FCN is designed for object segmentation, in the narrative generation, rather than rendering all
the objects in the narrative image, we hope to detect the
most salient objects as the narrative elements to capture
the story’s theme. Although the proposed structure-aware
mean-shift is not aiming at semantic object segmentation, it
is a promising color-based feature space analysis method.
Structure-aware mean-shift performs well for obtaining satisfactory object boundaries and capturing the texture similarity and image structures. To extract the salient objects
from the image, we propose a salient object extraction
method that incorporates both semantic segmentation [24]
and the proposed structure-aware image clustering method.
We first segment the input image into regions using FCN
[24] and mean-shift image clustering, and we obtain the
corresponding segmentation results G1 and G2 . Inspired
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by [15], we build the color histogram for each region,
and we construct a region contrast method using sparse
histogram comparison to compute the saliency value map.
We compute the saliency value for rk ∈ G1 based on the
segmentation results G1 and using the clustering result G2
as the supplementary information. Specifically, for a region
rk ∈ G1 , we compute its saliency value by measuring its
color contrast to all other regions in G1 and G2 :
X
2
exp(−Ds (rk ,ri )/σs ) w(ri )Dr (rk , ri )
S(rk ) =α
rk 6=ri

+β

X

2

(3)

exp(−Ds (rk ,tj )/σs ) w(tj )Dr (rk , tj )

tj

where tj ∈ G2 and α and β are the balance parameters (in
our experiments, α = 0.4 and β = 0.6). Ds (rk , ri ) is the
spatial distance between regions rk and ri , and it is defined
the same way as in [15]. σs controls the strength of spatial
weighting, and in our implementation, we use σs2 = 0.2
with the pixel coordinates normalized to [0, 1]. w(ri ) is the
weight of region ri , and we use the number of pixels in ri
as w(ri ) to emphasize color contrast to larger regions. w(tj )
is defined in the same way.
In Figure 6, we present results to validate the effectiveness of the proposed method. Our method improves the
semantic segmentation results of [24] and produces a better
saliency map. With semantic segmentation, our method can
handle more complex scenes that are difficult to be handled
using only the region contrast method [15]. In Figure 6, for
example, it is difficult for [15] to choose an appropriate
threshold to binarize their saliency map for salient object
detection, whereas our method produces considerably better results.

Fig. 7. Top row: representative images. Bottom row: narrative subjects
and their surrounding objects selected from the representative images;
the narrative subjects are marked in green.

4.3

To generate a visually continuous narrative collage with rich
content, we need to add other objects to the current scene
in addition to the narrative subjects and their surrounding
objects. For outdoor scenes, trees, flowers, water, buildings,
grasslands, skies, and so forth are the objects that appear
in the scenes with high frequency. We construct the object
dictionary of these commonly appearing objects. First, we
collect some images from the Internet or from the input
image collections. We apply the aforementioned narrative
element extraction method to extract the salient objects from
the images, and we construct an object dictionary for each
type of object. The images that can be used as background
(skies and grasslands) should be uncluttered and provide
open space; thus, it is convenient to composite objects on the
backgrounds. In our object dictionary, we collect 30 types of
objects, and each type of object has more than 50 samples, as
illustrated in Figure 3(f). This object dictionary can be used
for the narrative collage of multiple image collections.

Selection of narrative elements

To summarize the theme or story contained in the input
image collection, the resulting image should display the
important object rather than the entire image. Thus, we need
to detect the narrative elements from the representative
images to convey the narrative theme of the image set. To
construct a visually pleasing narrative collage, we also need
to detect other salient objects surrounding the most salient
object in each representative image.
For each region in semantic segmentation result G1 , we
first compute its saliency value using the above method.
Then, we binarize the image saliency map using a fixed
threshold and obtain the initial segment region that has the
largest saliency map. With the initialized segment, similar to
[15], we iteratively run GrabCut [30] to improve the segment
cut result (see Figure 4 (f)). Using this method, we extract the
object with the largest salient value. We call this object the
narrative subject. Then, by excluding the narrative subject
from the image saliency map, using a similar method, we
can obtain one segment object with the second largest salient
map, and we call this object the surrounding object. Similarly, we can detect other surrounding objects with decreasing
salient values. In our experiments, we generally detect 38 surrounding objects for each representative image (see
Figure 7).
Note that in the semantic segmentation phase, each segment (pixel) is labeled by the object class. Therefore, we can

select our desirable semantic objects as the narrative subjects
and replace the original selected narrative subjects if they
are not reasonable for the narrative image. For example, to
generate a narrative image for a person’s tour album, the
segment labeled as person is generally the narrative subject,
even if this segment does not have the largest salient map.
For some objects, such as trees, even if they are selected as
the salient objects, if the object classes are not consistent with
the narrative theme, then these objects should be removed.
Using the above methods, for each representative image,
both the narrative subject and its surrounding objects can
be detected automatically, as illustrated in Figure 7.

4.4

5

Object dictionary construction

L AYER GRAPHS AND SCENE GRAPHS

With the detected and labeled narrative elements for each
representative image, we construct an object layer graph
and a scene graph for all the extracted objects to indicate
the position and semantic relationship of the objects in each
representative image.
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 6. Narrative object selection result. (a) Input image, (b) mean-shift image segmentation results using our method, (c) semantic segmentation
and labeling results using [24], (d) our saliency map, (e) the salient objects detected using our saliency map, and (f) salient objects detected using
method [15].

5.1

Layer graph construction

We use the relative depth order to represent the positional
relationship of the objects in the scene. The relative depth
order here is the order of each object’s distance from the
camera rather than the pure depth value of each object in
the depth image. We assume that the input images are taken
outdoors. According to the prior knowledge, we assign the
sky region the largest depth, the mountain region the second
largest depth, and the ground region the third largest depth,
if they exist. For overlapping objects, we use the inference
rules proposed in the LabelMe 3D representation [31] to
decide the relative layer order of two overlapping polygons.
Using the above method, each object is assigned a unique discrete layer, we can construct a layer graph Li for
each representative image Ii (Figure 8 (right)), and we can
build the layer graph set LR = {L1 , L2 , ..., LM } for all the
representative images.
For each narrative subject, its position in the input scene
can be represented by a two-dimensional vector between
the object center and the top-left corner of the image, as
indicated by the blue arrow lines in Figure 8 (left). For each
surrounding object, we calculate its relative location to the
corresponding narrative subject using the two-dimensional
vector between the surrounding object and the narrative
subject, as indicated by the orange arrow line in Figure 8
(left).
5.2

Scene graph construction

The scene graph refers to dependency and support relationships between the objects, and it is used to represent the
semantic relationship of objects in the scene. For example,
if object A physically supports object B , then B is a child
of A. With the constructed layer graph and semantic object
labeling, we build rules to estimate the scene graph for the
salient objects. The rules are as follows: object A is a parent
of B only when three conditions are met: (1) A is on a lower
object layer than B ; (2) B is the predominant object in a

Fig. 8. Left: relative position calculation, where the deep blue arrow line
shows the object’s position in the original scene, and the orange arrow
line shows the flower’s relative position to the narrative subject (married couples). Right: object layer construction for image. The objects
selected from the representative image are divided into six object layers
< a, b, c, d, e, f > with descending layer order.

small region directly below A in the y coordinate (B has
a smaller y-coordinate value than A), or B covers 90% of
the region directly above A in the z-coordinate (Figure 9
(middle)); and (3) the estimated support relationship should
not violate the prior knowledge for the object semantic
relationship. For example, the road should support a bus or
car, and the water should support a boat, not the opposite.
To estimate the support relationship between the selected narrative subjects, we can build the prior support
relationship for each of the two categories. There are three
relationships between two categories A and B : A supports
B , B supports A, and no support relationship between A
and B . For example, if A is water and B is a boat, then A
supports B ; if A is a cow and B is a sofa, then there is no
relationship between A and B . We build the relationships
between the 59 categories of objects, which greatly helps to
make an accurate estimation for condition (3).
For each representative image Ii , following the above
rules, we estimate its scene graph Si and then build scene
graph set SR = {S1 , S2 , ..., SM } for all the representative
images. In the scene graph, each salient object can be considered as a node of the scene. In Figure 9, we present the
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scene graph for one image.

Fig. 10. Operations acting on the example scene graph (left).
Fig. 9. Left: input image. Middle: image segments. Right: object layer
graph and object scene graph construction. The geometrical relationships are represented using object layers, and the semantic relationships are described using the scene graph.

By combining the object layer and scene graph to model
a scene, we can effectively describe the relationships between the objects, including both the position relationship
and the semantic relationship, as shown in Figure 9.
5.3

Scene graph operation grammars

To refine the scene graph of the representative image and
to reconstruct the scene graph for the narrative image, we
define four operators for the scene graph: {Birth, Death,
Merge, Swap}. In table 1, we define the four operations and
the corresponding rules.
The Birth operator adds an object A to the scene S . To
make the Birth operator valid, the class of A’s parent in
scene S should be one of all its possible parents in ϑi (i =
1, ..., nA ), where ϑi is the possible scene containing object A
and nA is the number of possible scenes. The Death operator
removes an object, and this operation is always valid. The
Merge operator merges two intersecting objects of the same
class, and the purpose of the Merge operator is to maintain
scene consistency. The Swap operator replaces one object
using one substitute under certain conditions. To make the
Swap operator valid, one of the following conditions should
be met: first, the objects are both bottom objects (BO), and
second, the objects have the same parent and the similarity
between the two objects is greater than a threshold value 4
(4 = 0.9 in our experiments). We define the set BO as

BO = {sky, f loor, grass, ground, road, sidewalk, water}
. The similarity between two objects is defined as

sim(A, B) =

Cnt(ch(A), ch(B)) + V (cl(pa(A)), cl(pa(B)))
max(|ch(A)|, |ch(B)|) + 1

, where ch(·) is the set of child nodes of the input node,
pa(·) is the set of parent nodes, cl(·) is the object class of the
input node, and Cnt(·, ·) is the number of nodes with the
same label between the two sets. If the two input variables
are equal, V (·, ·) = 1; otherwise, V (·, ·) = 0.
Note that [6] defined three operators { Birth, Death,
Swap } for their scene graph; our Death is similar to [6],
whereas our Birth and Swap operators are different from
their operators. In addition, we define a new Merge since we
need to recombine different scene graphs into one unified
scene graph.
In Figure 10, we illustrate four operators on the scene
graph of Figure 7 (middle). For the grounds, to ensure consistency, we swap them with another common object (e.g.,
different grasslands swapped with the same grassland).

6

N ARRATIVE I MAGE G ENERATION

To make the narrative image appear realistic and natural,
we first recombine the object layer graphs and scene graphs
of the representative images and obtain the content-coherent
object layer and scene graph for the narrative image. Then,
we render the narrative image according to its object layer
and scene graph.
6.1

Narrative Scene Generation

The input of the recombination procedure is the object layer
graph set LR = {L1 , L2 , ..., LM } and the scene graph set
SR = {S1 , S2 , ..., SM } of the input representative images.
Our goal is to construct the integrated object layer graph
LN C and the scene graph SN C for the narrative collage IN C .
The narrative collage IN C is defined over a specified canvas domain Ω. The object recombination procedure can be
considered as an object position assignment problem, which
relocates the objects on IN C according to the constraints of
the input object layer graphs and scene graphs. That is, each
object o ∈ SN C will be assigned a geometric position po ∈ Ω
by the recombination algorithm. The location of object o is
defined as the object center. We need to find the optimal
positions p = {po , o ∈ SN C } for all objects and ensure that
the resulting image is natural and content consistent.
We propose an energy function to guide the relocation of
all the objects for the narrative collage. The energy function
consists of three terms:

E(p) = Esal (p) + λ1 Eswap (p) + λ2 Enew (p)

(4)

The first term Esal locates the salient objects on the most
optimal position. It can control the narrative subjects on the
horizontal axis of the narrative collage and maintain the
surrounding object’s relative position to its corresponding
narrative object in IN C . The Eswap prefers that the substitute object be similar with the object being swapped and
be complete. The Enew term adds objects on the regions
between two adjacent input scenes Si , and the added objects
locate at the bottom of IN C , which makes the narrative
collage content coherent and also increases the sense of
layering (scene depth). We define two weight parameters
λ1 , λ2 ∈ {0, 1}. For each segment of the narrative collage
result, the operations of swapping incomplete objects and
adding new objects are optional. In Figure 11, we show the
function for each of these three terms in the real images.
We set wi and hi as the width and height, respectively, of
0
the bounding box Bi that encapsulates all the salient objects
in
Si . We set the width of the canvas domain Ω as w =
PM
i=1 wi + ε, where parameter ε is used to adjust the width
of Ω, and we generally set ε = 0.1w. The height of Ω is
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TABLE 1
Scene object operation grammars: S is the scene being edited. pa(A, S) is the parent of object A in scene S , cl(A) is the object class of A, and
g(·) refers to the object’s spatial position. sim(·, ·) is the similarity between two objects.
Move type
Birth
Death
Merge
Swap

Effect
Add an object A
Remove an object B
Merge A and B
Exchange an object B for A

Rule for Validity
cl(pa(A, S)) ∈ {cl(pa(A, ϑi ))}i=1,...nA
Always valid
g(A) ∩ g(B) 6= ∅ and cl(A) = cl(B)
cl(A) = cl(B), sim(A, B) > 4 or cl(A), cl(B) ∈ BO

h = max1≤i≤M hi + η , and we set the parameter η = 0.2h
in our experiments.
Suppose that there are S objects in SR and that we will
add an object between each two adjacent scenes Si and Si+1 ;
thus, there are up to S + M − 1 objects in the scene graph
SN C . For notation simplicity, we place M narrative subjects
at the beginning of our object set and let the last M − 1
objects be the added objects. Each term in Eq. 4 is defined as
follows.
Locating Salient Objects: When we locate the boxes
on the canvas domain Ω with fixed size, we emphasize
0
some important boxes Bi , and we let these boxes enjoy
a magnified size, while other boxes with less importance
have a uniform and even reduced size. To this end, we
propose a salience-aware box resizing method to determine
the box size in Ω. Specifically, the resized box is solved by
optimizing the box resizing problem subject to canvas size
constraints.
We formulate the box resizing energy for each box by
measuring how far the resized box is from the size of the
original box:
Esal =

M
X

0

2

ωi ||w(Bi ) − si w(Bi )|| + λ

M
X

s2i

(5)

i=1

i=1

PM
subject to the constraint
i=1 w(Bi ) = w , where w(Bi )
refers to the width of box Bi . In Eq. 5, ωi is the salient value
0
0
of box Bi , si is the scale factor for Bi , the second term is
the regulation term for discouraging the scale factor si from
reaching large values, and λ is the balance parameter.
We take two factors into account to determine the im0
portance wi for box Bi . The first factor is that in image set
clustering (Subsection 4.1), we observe that the representative image from the cluster with a larger number of images
0
should be more important; thus, ωi for the Bi from the
representative image should have higher significant values.
The second observation is that for the scene in which the
narrative object has a considerably higher saliency value
compared with other salient objects, while this narrative
object has a relatively small size compared with the image
0
size, in this case, the corresponding box Bi will exhibit
a larger size in the narrative image; thus, ωi will have a
larger value. We incorporate these two factors to define the
significance value ωi .
Swap Objects: The cost term Eswap has the following
form:
X
X
Eswap (p) =
D(R(po ), R̄(po0 )) −
δ(x ∈ o)/|o|
o0 ∈swap

x∈o0

(6)
where swap refers to the objects in SN C that need to be
swapped, o is the substitute object, R(po ) (R̄(po0 )) refers to

the relative position of o (o0 ) to its corresponding narrative
object in the narrative collage (the original scene graph),
δ(π) = 1 if π is true, x refers to a pixel, and |o| indicates the
area (number of pixels) of object o. D(·, ·) is the Euclidean
distance between two points (vectors). This term encourages
the substitute object to achieve a precise fit on the object
being swapped, and this term can also complete the incomplete object in the original scene.
New Objects: The energy term Enew associated with the
newly added object set is defined as follows:

Enew (p) =

S+M
X−1

D(po , To ) +

o=S+1

and

X

(A(o ∩ õ)/|o|)

(7)

õ∈BO
/
o−S
X

To = (

1
w(Bi ), h − ho ),
2
i=1

where ho refers to the height of object o and A(.) is the area
operator. This item makes the newly added object o locate
between the two neighboring scenes, and it minimizes the
overlap between the newly added objects and the existing
neighboring objects, also making the narrative collage have
a continuous transition between the adjacent scenes.
6.2

Energy model optimization

The search space for minimization of the energy E(p) is
the entire canvas domain. A heuristic and effective method
to minimize energy function E(p) is to optimize each term
independently and in sequence. First, narrative subjects are
relocated according to their constraints, and surrounding
salient objects’ positions are determined based on their
relative positions to the corresponding narrative subjects.
Then, we locate and scale the substitute objects according to
the objects being swapped. Finally, new objects are added to
the scene to achieve the natural scene transition. Each of the
three optimization steps is described as follows (Figure 11).
Positioning salient objects: We solve for the deformed
box using an iterative approach. Note that both the scaling
factor si and the deformed box width w(Bi ) are unknown,
and the latter depends on si . The iterative solver starts
from an initial guess for w(Bi ) and determines the scaling
factor si for each box. The new width set w(Bi ) is then
solved by minimizing Eq. 5 subject to constraints. Note that
with fixed si , the energy is a quadratic function of w(Bi );
thus, the minimization problem is linear. The alternating
steps continue until all the box scaling factor differences
are smaller than a threshold. With the resized box Bi , the
size of the narrative subjects and salient objects concluded
in Bi are rescaled accordingly. Then, we locate the resized
box on the horizontal axis of the narrative collage according
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to the order of the representative images. Finally, we add the
salient objects to the scene graph of the narrative image by
using the Birth operation, and we assign the locations for
the salient objects.
Positioning swapped objects: To minimize the term
Eswap , we place the substitute object o at the location of the
original object o0 , and we use the Swap operation to address
the problem. The substitute object is selected from the object
dictionary with the same category. We scale the object by
minimizing the energy term Eswap , and we introduce a
parameter θs to evaluate how much we should scale the
object. For simplicity, when o0 is replaced by o, we set
θs ∈ { wwo0 , hho0 , wwo0 hho0 }, and then we select one scaling factor
o
o
o
o
θs that minimizes the second energy term of Eswap .
Positioning new objects: To optimize term Enew , we
first set po = To and then introduce a scaling factor θα
to scale the object and optimize
P the second part of Enew .
We revise the second part as õ∈BO
(A(o(θα ) ∩ õ))/|o(θα )|,
/
and then we choose a scale factor θα to minimize this part.
Considering the simplicity of the computation, we define a
discrete set of scales {0.5, 0.75, 1, 1.5, 2, hhm
, hhno }, where m
o
and n are bottom objects intersecting with the new object
o. We then try each of these scales and choose the one that
minimizes the term. Note that when the narrative subjects
are human beings, we typically add flowers or plants between two the adjacent scenes; when the narrative subjects
are buildings, we add trees instead.

we consider that the object with the largest intersection
area is more likely to be on the top layer. Using the above
rules, we obtain the refined layer graph and scene graph
for the narrative collage (Figure 11 (d)). Similar to painter’s
algorithm, objects with a higher depth have priority to be
added to the domain over the objects with a lower depth.
The above object adding order ensures that only objects that
are nearer to the observer could occlude the distant objects.
Note that to generate content-consistent sky regions,
we generally select a complete sky part from the object
dictionary and scale it until it covers the upper part of the
narrative scene. For the ground region, we also synthesize
the ground using ground regions from the object dictionary
if we do not adopt the ground selected from the representative images. Because the objects are extracted from different
images, they need to be blended to produce a seamless
transition around object boundaries when rendering them
to the canvas. We apply the hybrid blending method [18]
to perform object composition, and we find that it performs
well on our task.

Fig. 12. Narrative collages using uniform narrative element re-scaling
(middle row) and using salience-aware narrative element resizing (bottom row).

Fig. 11. Narrative collage generation. Real images are used to illustrate
the three subsequent steps ((a), (b), (c)) to generate the scene graphs
for the narrative image. The original three representative images and
salient objects are from Figure 7. Red ellipse indicates the unreasonable occlusion. (d) Image with reasonable object occlusion constructed
based on the layer and scene graphs.

6.3

Narrative collage rendering

As shown in Figure 11 (b), the occlusion is not reasonable,
e.g., the building is occluded by the grassland (red ellipse).
This is because we do not take the object adding order into
consideration. To produce a natural result, we add objects
to the canvas domain Ω according to our constructed layer
and scene graph LN C . For each object in the narrative scene,
we infer its layer order and assign a unique discrete layer
based on its original relative depth order in the input layer
graph. Specifically, to infer the object layers in the narrative
scene, we apply the following rules: 1) The Bottom objects
are given the minimum value of layer. 2) The layer order
of narrative subjects is determined according to its relative
depth to its corresponding Bottom objects. 3) Other objects’ layer orders are determined according to their relative
depth to the corresponding narrative subjects. 4) Newly
added objects are always given the maximum layer value.
5) For two intersecting objects from two adjacent scenes,

7

E XPERIMENTAL RESULTS

We apply our system to a variety of image collections to
validate the proposed algorithm. All of our results are obtained from a single PC with the 64-bit Windows 7 operating
system, an Intel Xeon 3.3 GHz CPU and 16 GB of RAM.
Our experimental results are obtained using MATLAB 8.0
(R2012b). We also compare our results with the most related
methods, such as AutoCollage [3] and the narrative collage
method [4].
The running time is mainly determined by the narrative
element selection phase and the number of narrative subjects and surrounding objects that are composited into the
resulting image. It takes approximately 15 mins to cluster
an image collection with 180 images and approximately 410 mins to select salient objects from each representative
image. The time that we spend also depends on the number of objects to be selected. Narrative scene generation is
relatively fast due to the use of the heuristic method, and it
takes less than 1 min to generate the narrative scene in all of
our experiments.
To remove the small clusters produced by the mean-shift
clustering procedure, we detect the clusters with pixels under a specified threshold (10 pixels in our experiments), and
we merge these clusters to the corresponding neighboring
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Fig. 13. Comparison on two examples: For each example, the top row is the representative images extracted from the image collection; in the
middle row, the left is the result of AutoCollage [3] and the right is the result of [4]; and the bottom row is our result.

larger cluster with the most similar texture and structure.
Specifically, for each pixel in the small clusters, we find the
nearest mode using the similarity measure defined in the
feature space, that is, we consider both the position and
color information, and we merge this pixel to the cluster
corresponding to this model. As shown in Figure 5, the
small clusters are eliminated.
Although the proposed method produces compelling
salient object detection results, it is well known that automatic and accurate object segmentation is a very difficult
problem in some special cases, such as the segmentation
of hair and feathers. In this case, we adopt the interactive
object segmentation method [32] to improve accuracy. For
example, in the second example in Figure 13, we apply [32]
to improve the hair extraction results. We also apply this
matting method to improve the extraction of some special
objects that are not completely detected using our proposed
method.

In our system, we detect the salient elements based on
the saliency value of each object. In some situations, we are
also interested in some objects with low saliency values or
objects with high saliency values but that are inappropriate
for collaging into the resulting image. To handle these
situations, we interactively add or remove these objects to
or from the collages in our current system. For example, in
Figure 1, we add some trees in the representative images
to the collage, although these trees have a relatively low
saliency value.
In Figure 13, we compare our method with AutoCollage
[3] and Hierarchical Collage [4] on two image collections,
i.e., a famous building in Europe and a journey of New
Zealand. Although AutoCollage produces visually compact
and appealing collages, the collages do not exhibit the
narrative properties; in other words, the collages do not
exhibit the chronology or location change of the image
collections. The results of Hierarchical Collage exhibit a
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Fig. 14. Our narrative collages; please zoom in on the images for viewing the high-resolution results.

compact narrative representation for the image set. However, the method fails to build a consistent transition between
different scenes, and it also fails to construct the spatial
and semantic relationships between objects in the collage,
which makes the results not visually natural. Our method
relocates the existing objects according to the reconstructed
layer and scene graphs, and it operates by adding and
swapping to make our collage result more consistent. From
these examples, our method can also be taken as a content
synthesis system of an image collection. Note that in Figure
13, all three methods (our method and methods [3], [4]) use
the same number of representative images.
In Figure 12, we present a narrative collage of an image
collection about a girl traveling around the world, where
we use uniform narrative element re-scaling and salienceaware narrative element resizing (Eq. 5). Note that some
objects are magnified and some objects are scaled-down in
the salience-aware narrative collage. We can observe that by
using salience-aware narrative element resizing, the result
appears more natural and visually pleasing.
In Figure 1 and Figure 14, we present more narrative
collage results produced by our method. In Figure 1, we
present the narrative collage for the image collection of
the wedding tour of a couple. In Figure 14, from the top
row to the bottom row, we show the narrative collages of

Fig. 15. Statistical results of the user study.

image collections of the famous buildings along the ancient
Chinese Silk Road, a boy from his childhood to old age, and
a little girl and her mother’s visit to a botanical garden.
Please refer to the accompanying materials for the representative images of Figure 1. More narrative images and the
corresponding representative images are presented in the
accompanying materials.
User Study: We conduct a user study to validate the
effectiveness of our narrative collage method. We ask 40
participants (general users, not well-trained artists) to evaluate 4 quality aspects, namely, visual quality, narrative
effect, summary effect and content fidelity. We present the
results for 8 image collections, and for each image collection, we show the narrative collage results of our method,
AutoCollage [3] and Hierarchical Collage [4]. For each result, the participant is asked to score it from 0 (bad) to 1
(excellent) for the 4 quality aspects. Visual quality measures
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Fig. 16. Some failure cases of using our salient object detection method.
In each subfigure, the original image is on the left, and the right image
indicates the salient objects we extracted using our proposed method.

C ONCLUSION AND FUTURE WORK

In this paper, we have presented an effective narrative
collage method for image collections using scene graph
recombination. Our method reorganizes the salient elements
from the image collection according to the event occurrence
sequence and effectively illustrates the main theme or story
contained in the input image collections. Compared with
the existing collage methods, our narrative collage results
have better content consistency, scene transition, and visual
reality.
In the current version, the located object and the background are composited using the method in [18], inspired by
[33], in the future, we will incorporate statistical measures
and visual perception to improve the realism of image
composition. Finally, we do not reconstruct the illumination
environment for the narrative collaging, while physically
realistic illumination such as shadow [34] is important for
producing visually pleasing results. We will also work on
this direction in future work.
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