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Recent progress in digital photography and storage availability has drastically changed our approach to photo creation. While
in the era of film cameras, careful forethought would usually precede the capture of a photo, nowadays a large number of
pictures can be taken with little effort. One of the consequences is the creation of numerous photos depicting the same
moment in slightly different ways, which makes the process of organizing photos laborious for the photographer. Nevertheless,
photo collection organization is important both for exploring photo albums and for simplifying the ultimate task of selecting
the best photos. In this work, we conduct a user study to explore how users tend to organize or cluster similar photos in
albums, to what extent different users agree in their clustering decisions, and to investigate how the clustering-defined photo
context affects the subsequent photo selection process. We also propose an automatic hierarchical clustering solution for
modeling user clustering decisions. To demonstrate the usefulness of our approach, we apply it to the task of automatic photo
evaluation within photo albums and propose a clustering-based context adaptation.
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1

INTRODUCTION

The democratization of digital photography has introduced significant changes to our approach to the photography
process. No longer limited by the constraints imposed by the film medium, users tend to accumulate large
collections of photos, where often multiple repetitions of the same scene are captured, deferring the choice of
the best photos to later. Along with the change towards the ‘afterthought’ model of dealing with photos, new
challenges have appeared. By accumulating multiple large photo albums, users face difficulties not only in the
process of selecting the best photo, but also in more basic tasks, such as browsing, sharing or showing their
photos.
Without visual clues for navigating through an album, seemingly simple collection processing tasks can become
challenging [18, 34, 41]. To overcome this, a photo album can be organized or clustered into particular events,
time series, or groups of photos of high similarity. This problem has attracted significant research, where different
information is employed to provide an automatic clustering of a photo collection [4, 6, 7, 10, 11, 21, 25, 38]. Yet,
the nature of the users’ decisions and motivations during a manual clustering of photo collections, which could
provide valuable insights for automatic approach, has remained little studied.
With that in mind, we design and conduct a user study on the clustering of photo albums. We investigate how
users group similar photos together and evaluate the level of agreement in users’ grouping decisions for different
types of content. We also search for common traits that could be helpful in modeling the users’ behavior. Based
on our findings, we propose an automatic clustering method, which is based on the visual similarity distance
between photos and utilizes an adaptive cut approach to automatically define photo moment boundaries at
Authors’ addresses: Dmitry Kuzovkin, Technicolor, IRISA, Univ Rennes, Rennes, France, kuzovkin.dmitry@gmail.com; Tania Pouli, Technicolor,
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Fig. 1. Outline of the principle contributions of the current article and connections with our earlier works.

different granularity levels. To derive statistics about the photo selection decisions of users within groups of
similar photos inside albums, we rely on the dataset provided by our earlier work on user selections within photo
albums [23]. We augment this data with the clustering user decisions obtained in the current work.
To demonstrate the usefulness of our clustering approach, we apply it to the task of image assessment in the
context of a photo album, where an independent image quality score is adapted using the context provided by
our clustering. Although the task of individual image assessment was addressed in numerous recent methods
[5, 8, 27, 30, 33, 40, 44], the majority of existing techniques represent average user preferences modeled from a
large variety of content, without considering album-specific information. In our earlier work, we approached this
problem with an adaptive solution that leverages the independent photo scores with inter-album connections
between similar photos, to better model user selection decisions [22]. Inspired by the same idea, we propose
a more robust machine learning based solution that utilizes independent scores and corresponding clusters’
statistics together.
The general outline of this work and connections with our earlier works are given in Figure 1. The paper is
organized as follows. In Section 2 we provide an overview of the existing methods and studies that cover the
field of photo albums processing. In Section 3 we describe the experimental procedure of our user study on
the photo albums clustering and our findings on the users’ decisions. In Section 4 we investigate the nature of
photo selection decisions within the photo clusters obtained from users. In Section 5 we introduce our approach
for automatic photo album clustering. In Section 6 we demonstrate and analyze the performance results of
the proposed clustering method. Finally, in Section 7 we demonstrate a possible application of the automatic
clustering, where an independent image score is adapted to the corresponding album and cluster context.

2

RELATED WORK

When dealing with captured images, both amateur and professional photographers usually perform similar tasks:
they browse and organize their photo collections, select the best candidates and proceed with editing, sharing or
other usage of the selected photos. To organize a photo collection, users may manually cluster photos belonging
to the same event, location and so on, or automatic clustering methods may be employed. Similarly, to rank or
select photos, users may proceed manually or might rely on automatic quality or aesthetic assessment methods.
In the following, we discuss key approaches in these two categories. Although these tasks are often performed in
conjunction by users, they are rarely addressed together by automatic methods, despite the fact that photo album
clustering could potentially provide useful context information in the subsequent process of photo assessment.

2.1

Photo Album Organization and Clustering

The context of a photo can be defined through its connections with other photos depicting the same moment or
location captured by the photographer. To define the natural boundaries of each moment and organize photos
into clusters that share the same context, different information may be employed. Temporal information, when
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available, can be used to naturally define such boundaries [7, 38], or geo-location information data can be
employed [10]. Although these approaches allow for a coarse event-based clustering of the photo collection,
they are not sufficient to group visually similar images. For this purpose, similarity information extracted from
the images can be employed [4, 6, 9, 11, 25]. More general approaches of event recognition were also proposed
[2, 13, 25], which split photo albums into separate events on a near-semantic level, employing multiple feature
types (e.g. time stamps, GPS data and various photo features). The use of different image features also found its
application in the related domain of image retrieval: different image descriptors, their aggregated codings, as well
as image representations based on convolutional neural networks (CNNs) are largely employed in the retrieval
task [37, 39].
An alternative approach to album organization is using hierarchical clustering [48]. When applied to a
photo collection, this approach assigns photos to the branches of a hierarchical tree, where the height of
branches represents the similarity between photos, according to some criterion. Hierarchical clustering provides
a convenient way to organize data in image collections, as it does not require information about the potential
number of clusters. The obtained tree representations of the albums can be used for image navigation and
browsing [10, 21]. However, these approaches are aimed to create a non-linear browsing structure, which can be
inconvenient for some tasks, notably photo selection.
To simplify the photo browsing experience, redesigns of the typical photo browsing user interface have been
proposed [12, 42]. These approaches often provide an organization of the photo collection based on visual image
similarity or on topic- or event-based correspondence. For example, color palette similarity can be used to pack
images into rectangular blocks of unified appearance [12]. Although such an interface representation can be
useful for visualizing a photo collection, it also eliminates a linear browsing experience.
In our earlier work [22] we proposed a linear, multi-level organization of photo albums using a hierarchical
clustering approach based on the visual similarity between images. In the current work we explore the clustering
aspect in more depth. First, we design a user study to evaluate the extent of users’ agreement in their album
clustering decisions. By using this information, we obtain insights about the users’ behavior and also evaluate the
performance of automatic clustering solutions. Motivated by our observations, we improve an earlier proposed
clustering approach with an adaptive cut technique, which is further strengthened by the use of deep features in
the similarity distance computation.

2.2

Photo Aesthetics and Quality Assessment

Selection of the best photos within an album is a common post-capture task. However, the selections made by
users depend on multiple factors, ranging from objective characteristics of image quality, such as sharpness,
exposure, noise or other artifacts, to more subjective aspects of photo aesthetics, such as scene composition, color
style and interestingness of a depicted object; these factors can be further affected by photo semantics, such as for
example, the presence of known people in a photo and their facial expressions [3, 31, 46]. The task of evaluating
these characteristics for photo selection can be aided by automatic image assessment methods.
The area of automatic photo assessment has received considerable attention in recent years, aiming to model
human preferences by learning from user data. Hand-crafted features, either describing aesthetic properties
inspired by photography practices or objective quality criteria, form the basis of many automatic photo assessment
techniques [8, 30, 33, 40, 44, 49]. Generic image descriptors employed for image classification were also found
to be applicable in the task of aesthetics classification [32]. Several studies have also identified image features
and characteristics that have the largest influence in the users’ decisions [3, 31, 46]. Most recently, deep learning
techniques have been put to the task of photo assessment [5, 16, 17, 19, 27, 28, 43]. The level of abstraction
achieved by CNNs allows to model image properties that cannot be readily obtained with hand-crafted features.
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In addition to the features used for assessing the aesthetic quality of photos, it is also important to note
the influence of the dataset used, in particular for learning-based methods. The majority of existing aesthetics
prediction models are trained and tested on one of a few known datasets, notably the Photo.Net dataset [8] and
the AVA dataset [35], both based on scores acquired from peer reviews in popular photographers’ social networks.
Although these datasets provide a large variety of photos, two inherent limitations should be considered. First,
the scores in these datasets are biased towards high-quality, often post-processed photos. Second, the notion of
context is not preserved, as each photo is viewed and assessed independently, outside the original collection.

2.3

Context in Photo Assessment

A photo typically forms part of a larger collection or photo album, representing a particular event. When we
view our own photos and decide which ones to keep, we tend to consider them in the context of that event. The
methods discussed in the previous section assess images independent of their context. Although some aspects of
context would be difficult, if not impossible, to model, such as the personal feelings associated with the depicted
place, person or event, the characteristics of the album and relations between similar photos could significantly
influence the perceived quality of a photo.
Some recent works have approached the use of individual preferences in image assessment by weighting
the results of a general assessment model by user’s adjustments [50] or by learning a ranking model from a
subset of user evaluated photos [36]. In absence of personalized data, useful photo context characteristics can be
determined by considering each photo within the cluster of related similar photos from the same scene. While
some methods collect features on intra- and inter-cluster levels to learn a prediction model for unseen photos [4],
other methods focus on pairwise comparison predictions within a group of similar photos [5].
In our previous work [22] we proposed a context-aware approach for photo assessment, where an independent
image quality score was adapted to the multi-level album context extracted with hierarchical clustering. While this
approach was found effective when using objective quality metrics (such as sharpness), a later study [23] showed
certain limitations of the approach when modeling more complex evaluations with no predefined assessment
criteria. In the current work, we complement the photo selection decisions collected in our earlier work with
the clustering decisions for the same photo albums, and use this information to derive statistics about users’
selection behavior. In addition, we propose a new solution to the context-adaptive assessment, which employs
the clustering information in a machine learning approach.

3

USER STUDY ON PHOTO ALBUM CLUSTERING

To get a better understanding of how users organize and cluster photos within a collection, we conducted a user
study on a set of different photo albums. The users grouped photos within the albums into clusters of different
similarity level, by means of an interface specially designed for the study (Figure 2).

3.1

Photo Albums

This user study is based on the photo albums data collected in our earlier study on photo selection within albums
[23]. It includes photo collections from different sources: PEC dataset [1], YFCC100M dataset [45], CUFED dataset
[47] and personal albums [23]. The selected six albums represent typical scenarios of photos taken by amateur
photographers, where multiple similar and near-duplicate photos are present, and the number of repetitive photos
varies for each collection. The albums represent a large range of image quality, and different degrees of similarity.
From each source album, 50 consecutive photos were selected, maintaining the structure of the original collection
but limiting the duration of the study. A more detailed description of each album can be found in [23].
Each user was presented with a pair of albums related to different photo scenarios: one album represented a
typical family event, such as wedding or birthday, and the second album represented a travel photo collection.
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Fig. 2. Interface of the clustering user study. Users can browse the entire album on the left side and by using drag-and-drop
gestures, they can move images to the right side and assign to the clusters of their choice. Using the dedicated buttons, new
clusters of different depth can be created, to achieve the desired organization.

In total, 30 participants took part in our study (5F/25M), with ages ranging between 23 and 57 years. Each pair
of albums was processed by 10 different users. All participants could be characterized as amateur or casual
photographers, with varying levels of photographic experience and interest.

3.2

User Study Design

Each user was asked to put himself in the role of the photographer of each photo collection, whose ultimate task
would be to create a curated photo album in which the best and the most representative photos are selected.
With this in mind, the user was presented with the task of grouping similar photos from a photo album together,
according to two levels of similarity: scene clusters and near-duplicate clusters. The following descriptions were
given for each level:
• Scene clusters. “Photos depicting the same scene (for example, identified by the same background), but with
significant changes present. Examples of possible changes: viewpoint changes, new persons or objects
appearing throughout the photos. A scene cluster is formed by multiple smaller groups of high similarity
(near-duplicate clusters).”
• Near-duplicate clusters. “Photos depicting the same objects or persons in the same scene. Although some
variations between photos are possible, usually they do not largely change the scene. Examples of possible
changes are: pose changes, small viewpoint changes, quality changes (e.g. blur or exposure changes).”
Although it is possible that users might exhibit a different behavior when assessing their own photos, we have
opted for this experimental design in the interest of collecting statistical tendencies of users’ behavior.
The motivation behind the two level clustering structure is the following. Photos from the same scene (usually
depicting the same place or moment) are often seen together when browsing an album. At the same time, groups
of near-duplicate photos provide an immediate photo context when selecting which photos to keep, as users are
likely to compare photos with one another to identify the best one. Furthermore, in the selection task, the scene
context can be used for a more refined decision after selecting among near-duplicates, to keep only few photos
from the entire scene.
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The essential challenge in the design of such a user study was to provide the ability of multi-level clustering
for users, where they could assign an image both to the scene and near-duplicate cluster. Since the near-duplicate
clusters are logically enclosed into the higher level scene clusters, the user study interface was created in a similar
two-level manner, based on a drag-and-drop principle. The interface is shown in Figure 2: users can freely browse
the entire photo collection and cluster images by dragging and dropping to the right part of the screen. A photo
can be either assigned to an existing cluster, or a new cluster can be created.
Before the start of the experiment, each user was presented with two practice collections of 12 photos each, in
order to get familiar with the task and the interface. Then, they could proceed to cluster photos in the two complete
collections assigned to them. No expected number of clusters was defined for users, neither the approximate
number of images within a cluster was suggested. Each album had to be clustered before proceeding to the next
one, but no time constraint was defined. On average, users took around 30 minutes to complete the task for the
assigned pair of albums.
Overall, users perceived the given task positively, while the following and similar comments were given by a
few observers: "I have to do such a grouping myself quite often when going through many photos after a travel", "I
might not explicitly put the photos into some folders, but in my mind I select the photos within the clusters of similar
photos like this".

3.3

Clustering User Agreement

After all images in the album were processed by a user, each image was assigned clustering labels indicating its
scene and near-duplicate clusters, allowing us to analyze the inter-user agreement on their clustering decisions.
The analysis is performed using the Adjusted Rand Index (ARI ) [15], which provides a measure of similarity
between two data clusterings. The Rand Index (RI ) considers all possible pairs of data elements and counts the
number of pairs that are assigned to the same or different clusters between two given partitions. The ARI is the
corrected-for-chance version of the original RI, which is adjusted by the expected value of RI. The ARI is close to
0 for random labeling and equal to 1 when the clusterings are identical.
The per-album user agreement is given in Figure 3, and more detailed results can be found in Table 1. The ARI
is calculated for the clustering provided by each possible pair of users, and the values in the table represent the
obtained mean and standard deviation values across all users.
1
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Fig. 3. Per-album user agreement: an ARI was computed between each pair of users. The box plots represent the per-album
distributions of ARI, where a dot and the associated value indicate the average per-album ARI.
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Table 1. Per-album user agreement and performance of the analyzed clustering methods. SC denotes scene level clustering
results, N D denotes near-duplicate level clustering results. The first value represents the mean ARI across all users. The
second value (given in parentheses) represents the standard deviation of the ARI. The user agreement results are discussed in
Section 3.3, and the performance results of automatic clustering methods are discussed in Section 6.
User Agreement
Scene
Near-duplicate
level (SC)
level (ND)
Family event 1 0.481 (±0.19) 0.645 (±0.15)
Family event 2 0.802 (±0.14) 0.715 (±0.12)
Family event 3 0.732 (±0.13) 0.625 (±0.11)
Travel album 1 0.682 (±0.24) 0.922 (±0.03)
Travel album 2 0.592 (±0.11) 0.561 (±0.11)
Travel album 3 0.657 (±0.16) 0.598 (±0.14)
Average

0.658 (±0.16)

0.678 (±0.11)

Time-SIFT [22]

Adaptive Time-SIFT

Adaptive Time-CNNR

SC

ND

SC

ND

SC

ND

0.338 (±0.18)
0.880 (±0.12)
0.366 (±0.09)
0.795 (±0.25)
0.495 (±0.05)
0.325 (±0.06)

0.269 (±0.09)
0.735 (±0.14)
0.143 (±0.06)
0.916 (±0.04)
0.241 (±0.11)
0.162 (±0.07)

0.546 (±0.20)
0.880 (±0.12)
0.600 (±0.15)
0.795 (±0.25)
0.481 (±0.14)
0.006 (±0.00)

0.716 (±0.12)
0.605 (±0.10)
0.537 (±0.07)
0.889 (±0.01)
0.617 (±0.08)
0.414 (±0.05)

0.470 (±0.15)
0.710 (±0.07)
0.495 (±0.12)
0.742 (±0.18)
0.569 (±0.09)
0.492 (±0.07)

0.567 (±0.08)
0.624 (±0.11)
0.464 (±0.05)
0.930 (±0.02)
0.545 (±0.11)
0.616 (±0.11)

0.533 (±0.13)

0.411 (±0.09)

0.551 (±0.14)

0.629 (±0.07)

0.580 (±0.11)

0.624 (±0.08)

Our findings suggest that users do not always achieve a high agreement, however a certain level of agreement
is present for all albums. The obtained results demonstrate that the difficulty of album clustering depends on its
content and the presence of particular features. For example, the lowest scene clustering agreement is found for
the wedding album Family event 1, where the average ARI is equal 0.481 (also, the standard deviation is rather high
in this case and equal 0.19). This can possibly be explained by the sparsity of particular scene landmarks, as the
entire album is related to the wedding ceremony in the church, and also due to the presence of multiple close-up
shots, which do not provide many indications about the general setting. At the same time, the near-duplicate
clustering agreement for the same album is higher, as the ARI is equal 0.645, which can be explained by the
presence of multiple repetitive shots that are easy to identify.
Almost perfect user agreement can be found for near-duplicate clustering (average ARI = 0.92) of the Travel
album 1, which contains numerous almost identical shots, picturing people in front of landscapes. Also the scene
clustering agreement is relatively high for this album (average ARI = 0.68). According to the acquired results and
users’ remarks after the experiment, albums with people present in photos are easier to cluster, as the boundaries
between the captured moments are clearer. On the contrary, albums consisting of landscape or object photos
make the clustering task more difficult. For instance, in Travel album 2 we can find a photo sequence that presents
a panoramic capture of the surrounding landscape. While the scene level concept is applicable here, the division
into near-duplicate clusters does not achieve a considerable agreement by users, with individual user clusterings
varying significantly.

4

USER SELECTIONS WITHIN CLUSTERS OF PHOTOS

The acquired user clustering decisions can provide additional insights on another subject—the nature of user
selections within photo albums. In our previous study [23], we analyzed how users select the best or most
important photos in a collection. Since the present clustering study was performed on the same albums, we
combine the acquired information and analyze the possible influence of photo clusters in the selection process.
The data aggregation scheme is given in Figure 4. As the current clustering study and the earlier selection
study were performed by different users, the aggregation of data cannot be performed in a direct manner. To
overcome this, we create one generalized per-album clustering and combine it with multiple user selections
inside each album.
To create one aggregated clustering per album from the multiple user partitions obtained in the user study,
we apply the ensemble clustering approach by Lu et al. [29], which finds one combined clustering through an
optimization scheme. An example of the acquired ensemble clustering is given in Figure 4.
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Fig. 4. Data aggregation for the combined study on clustering and selection. Multiple clustering partitions are transformed
into one ensemble clustering using [29]. Photo selections acquired in our earlier study [23] are incorporated into the computed
ensemble clustering, to achieve within-clusters photo selections.

Once a per-album ensemble clustering is computed, we incorporate the user selection decisions into it. The
photo selections acquired in our earlier study [23] represent the decisions provided by multiple users for each
album. These decisions are directly combined with the computed ensemble clustering, to obtain within-clusters
photo selections for different users. Examples of the output clustering structure along with user selections from
one user can be seen in Figure 4. By analyzing the photo selections within such context, we can assess the
influence of groups of similar photos in users’ decision making.
The results of the first analysis are given in Table 2. In this table, we compute ratios of selection for different
entities within the albums:
(1) ratio of selected photos indicates a ratio between the number of selected photos within an album and the
total number of photos in the album;
(2) ratio of selected scene clusters indicates a ratio between the number of the scene clusters where at least
one photo was selected and the total number of scenes;
(3) ratio of selected near-duplicate clusters indicates a ratio between the number of the near-duplicate clusters
where at least one photo was selected and the total number of near-duplicate clusters;
(4) ratios of selected singleton clusters indicates a ratio between the number of clusters consisting of only one
image that were selected and the total number of such clusters.
Several conclusions can be drawn from these results. First, on average, users have selected around 37% of the
photos. A key observation is that in the album Family event 1 the ratio of selected photos is higher than in others
and equal to 0.57, which can be explained by the fact that this album has less repetitive content and contains a
number of unique portraits of people not reappearing in other photos. Second, we can observe that the average
ratio of selected scene clusters differs from the average ratio of selected near-duplicate clusters (0.818 versus
0.696). This appears natural, as scenes generally contain a wider range of photos, which leads to a higher chance
that at least one image will be selected within them. Finally, the ratio of selected singleton clusters (consisting of
only one image) largely varies for different albums, suggesting that a unique photo of an object or a person does
not have a higher chance to be selected, perhaps contrary to intuition. Departing from this latter conclusion, the
next step would be to investigate the relation between the number of selected images in a cluster and its total
number of images.
The average number of selected images per cluster of different size is given in Figure 5. It can observed that
while for the scene clusters the median value of selected photos gradually increases with the size of the cluster,
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Table 2. Selection ratio within albums. Ratio of selected photos represents overall ratio of selected photos. Ratio of selected
clusters represents the ratio of clusters where at least one photo is selected.
Ratio of selected
photos

Ratio of selected
scene clusters

Ratio of selected
Ratio of selected
near-duplicate clusters singleton (one-image) clusters

Family event 1
Family event 2
Family event 3
Travel album 1
Travel album 2
Travel album 3

0.570
0.326
0.328
0.322
0.390
0.308

0.931
0.883
0.729
0.822
0.875
0.669

0.868
0.779
0.553
0.705
0.704
0.568

0.700
0.333
0.550
0.275
1.000
0.471

Average

0.374

0.818

0.696

0.555

(a)

(b)

Fig. 5. Dependency between a total number of images in a cluster and a number of selected images within it. Data is
aggregated across all albums, and the distributions represent number of selections by different users. Number in parenthesis
indicates how many clusters of corresponding size present in the ensemble clustering data. (a) Selections made within scene
clusters. (b) Selections made within near-duplicate clusters.

the same is not true for the near-duplicate level clusters. Their median value of selected images per cluster
holds around 1, except for some larger clusters which do not provide reliable statistics, since there are only few
large-size clusters found across the albums.
Although the subject of within-clusters photo selection merits further study, the above observations suggest
that users tend to discard a considerable amount of content within clusters. As users tend to capture multiple
repetitive photos to ensure a good result, they also inherently create a lot of redundancy in their collections,
increasing the time and effort required to manually review them. Consequently, automatic approaches to both
cluster and rate photos in an integrated manner might be beneficial.

5

AUTOMATIC APPROACH FOR PHOTO ALBUM CLUSTERING

Following our analysis of users’ behavior in clustering and selection within photo albums, we explore automatic
solutions for both tasks. In this section, we focus on automatically clustering photo albums, and we propose a
method to partition photo albums into related moments, similar to users’ decisions. Starting with the previously
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Fig. 6. Clustering procedure framework.

proposed hierarchical clustering approach [22], we introduce several changes that provide more robust clustering
on a larger variety of photo albums.
We propose a photo album clustering method that groups together similar photos related to the same captured
moments, while preserving linear time organization. This method serves two purposes: (a) provide the basis for
a user interface that facilitates album browsing for photo selection, and (b) automatically extract the context
of each photo, which can be subsequently used for different purposes, such as an album-based adaptation of
independent image scores.
The clustering of an album is performed in three steps, as illustrated in Figure 6. First, time-based groups are
detected within the entire album. Second, an image similarity distance is computed for each pair of images inside
each time group. Then, the computed distances are used to create a hierarchical tree representing the structured
relationship between images. The obtained hierarchical trees within each time window are cut at two levels to
obtain the two-level clustering: the resulting scene and near duplicate clustering levels represent different level
of visual similarity between photos. The expected method’s output is a photo collection, clustered similarly to a
user clustering demonstrated in Figure 4.
In the following sections, we provide a detailed description of each step of the proposed method. We also
describe two image similarity distances based on different types of image descriptors, which serve to guide the
hierarchical clustering: a SIFT-based image distance and a CNN-based image distance. Finally, we describe our
proposal of an adaptive cut for hierarchical clustering.

5.1

Time-based Grouping

In our approach we aim to preserve the time linearity of the album by only grouping similar images if they
correspond to approximately the same moment, and conversely, avoid grouping similar images if they are taken
at different times (e.g. if a user revisits the same location on another day). To better preserve such time linearity
and avoid clustering similar scenes from different time occasions together, we begin with a prior time-based
grouping of the collection.
The entire album is split into sequential temporal windows using the available photo time stamps, extracted
from the EXIF data. If no reliable timestamps are available, the entire album is treated as a single temporal window
in the subsequent steps. The temporal windows are computed using the method proposed by Platt et al. [38].
Their approach presents a useful property for us: as the window boundaries depend on time differences across
the image neighborhood, the granularity of time clustering is automatically adapted to the time span of the
album. If, for example, the input album spans one hour, where photos from the same time window are separated
by seconds, the different time windows are split apart by minutes. In contrast, if the input album represents a day
trip, where photos in the same time window are separated by minutes, the time window gap can approach one or
several hours.
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(a)

(b)

Fig. 7. Examples of SIFT-descriptor based matching limitations. (a) The presence of significant motion blur can affect the
image gradients and keypoints’ characteristics, thus leading to a low number of matches. (b) In case of considerable change
in human pose, the most prominent keypoints can become hidden. Image credits: Sean MacEntee and Nikolay Kuzovkin.

The obtained temporal windows serve as a basis for further similarity-based clustering. By performing
hierarchical clustering within each window, the images are clustered into scene-level and near-duplicate level
clusters, representing different degrees of similarity. The hierarchical clustering requires a distance metric
computed for each data pair. In our case the distance is based on the visual similarity between two images, which
is computed for each image pair inside the temporal window.

5.2

SIFT-Descriptor based Similarity Distance

Similarly to our earlier approach [22], we first explore a metric based on SIFT features [26]. For each pair of
images I and J , two sets of SIFT descriptors are compared using the Euclidean distance, and the number of
matches [26] is computed for both directions m I →J and m J →I . Then, the distance between the two images is
defined as follows:
M(I, J ) · P(I, J )
d S I FT (I, J ) = 1 −
,
(1)
N (I, J )
where M(I, J ) is the average number of matches M(I, J ) = (m I →J + m J →I )/2, and N (I, J ) is the average number
of detected SIFT descriptors in both images N (I, J ) = (n I + n J )/2. P(I, J ) is defined as a measure of pair matches
consistency:
P(I, J ) =

min(m I →J , m J →I )
.
max(m I →J , m J →I )

(2)

In contrast to the earlier approach described in [22], we now add the average number of descriptors N (I, J ) as
a normalization factor in the distance computation. This ensures that our distance metric is bounded on the
interval [0, 1], which in turns allows for the use of an adaptive approach to determine the thresholds for cutting
the hierarchical tree, removing the fixed thresholds of the previous method.

5.3

CNN-Descriptor based Similarity Distance

The traditional SIFT descriptors are generally capable of identifying matches between images even in the presence
of distortions and rotations, which is advantageous for the task of matching a series of similar photos. However,
their capability is limited in the presence of strong blur, large in-scene rotations or significant pose changes of the
objects (e.g. Fig. 7). Such changes can be handled more effectively by image descriptors based on the activations
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of convolutional neural networks, as they are able to provide a more generalized representation of image features.
Due to this, in our approach we have employed another similarity metric, based on CNN-computed global image
descriptors [39].
Radenović et al. [39] proposed a CNN fine-tuning scheme to train global image descriptors for the task of
image retrieval (CNNR). As a typical global image descriptor, it can be applied to other tasks as well. In our case,
we use their descriptor computation based on the fine-tuned ResNet [14], which provides a descriptor vector f
of dimensionality 2048 for each image. The vector f is l 2 -normalized, therefore similarity between two images
can be evaluated with their inner product. As the later step of hierarchical clustering is based on the distance
measure, we compute the CNNR-based image distance between images I and J as follows:
dC N N R (I, J ) = 1 − f IT f J ,

(3)

where f I and f J represent the l 2 -normalized feature vectors, and the computed distance dC N N R is also bounded
on the interval [0, 1].

5.4

Hierarchical Clustering with an Adaptive Cut

The hierarchical clustering approach has several useful properties for photo albums clustering. First, the hierarchical tree structure reflects the similarity connections between photos in an organized manner: the height of
tree branches reflects the visual similarity. Second, by cutting the hierarchical tree at different heights, we obtain
output clusters corresponding to different levels of similarity. This way, it is also possible to obtain clusters that
are enclosed into each other, which reflects the natural organization made by photographers. For instance, in our
approach, photos are connected on the near-duplicate level of high similarity and on the scene level of more
general similarity. No predetermined number of clusters is required as an input, which is crucial when dealing
with different photo collections, as no preliminary information on the potential number of clusters is available.

Fig. 8. Example of adaptive granularity in users’ decisions and a corresponding clustering cut adaptation. The photos from
the second scene (five photos on the right) contain many repetitions, so users tend to find possible differences between
them, creating two separate near-duplicate clusters. Our hierarchical clustering approach performs in a similar manner.
After creating a distance-based tree, this tree is cut on two levels. First, using the collection-defined threshold C SC to obtain
division into scene clusters. Second, the near-duplicate clustering threshold C N D is computed within each scene, to further
divide it into the clusters of near-duplicate photos.
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ALGORITHM 1: Hierarchical clustering via adaptive cut computation
Input : Set of pairwise image distances d(I, J ) in album D A = {d(1, 2), d(1, 3), ..., d(I A , JA )}, set of temporal clusters
T = {t 1, t 2, ..., ti }
Output : Set of scene clusters S = {si 1 , si 2 , ..., si j }, set of near-duplicate clusters N = {ni j1 , ni j2 , ..., ni jk }
Compute scene and near-duplicate level clusters within each temporal cluster:
C SC = D A ;
foreach temporal cluster ti in T do
D ti = {d(1, 2), d(1, 3), ..., d(Iti , Jti )};
tree(ti ) ← ConstructHierarchicalTree(D ti );
Si = {si 1 , si 2 , ..., si j } ← PerformCutIntoSceneClusters(tree(ti ), C SC );
foreach scene cluster si j in Si do
D si j = {d(1, 2), d(1, 3), ..., d(Isi j , Jsi j )};
tree(si j ) ← ConstructHierarchicalTree(D si j );

C N D = Dsi j ;

Ni j = {ni j1 , ni j2 , ..., ni jk } ← PerformCutIntoNearDuplicateClusters(tree(si j ), C N D );

end
end

Similarly to our earlier proposed approach [22], we adopt the agglomerative hierarchical clustering approach,
also called the "bottom up" approach, where each element (image) belongs only to its own cluster at the starting
point, and pairs of clusters are merged together in a hierarchical manner until the tree is formed at the top of
hierarchy. Then, typically, the tree can be cut at different levels to obtain image clusters of different similarity, as
described in [22]. In the previous approach, the cut thresholds are defined on two fixed levels, which allow to
split the images into scene level and near-duplicate level clusters. However, the fixed cut thresholds limit the
flexibility of the approach and cannot successfully adapt to different types of collections.
After observing the user clustering behavior, we noted that when presented with a scene of only few repetitive
similar photos, even if the photos are not exactly near-duplicates of each other, users tend to keep them in the
same near-duplicate cluster. On the contrary, when presented with many repetitive photos from the same scene,
users tend to highlight differences between photos and split them into clusters of higher granularity (e.g. Figure 8).
To simulate the user behavior, we define the cut threshold in an adaptive manner. The outline of the main
steps is given in Algorithm 1. The scene clustering cut threshold C SC is defined as the mean value D A of the
image distances in the entire album. Then, a hierarchical tree is constructed inside each temporal window ti , and
the scene clustering cut C SC is applied on this tree to create separate scene clusters. At the second stage, each
scene si j is further split into near-duplicate clusters in a similar manner, where the cut C N D is defined as the
mean value D si j of the image distances in the processed scene si j . An illustration of this process can be found in
Figure 8.
We have also experimented with different grouping criteria for constructing the hierarchical tree. In [22] the
entire tree was linked using a single linkage criterion, where the distance between two potential clusters to link is
defined as the shortest distance over all pairs of images. This approach often leads to the chaining phenomenon,
when more distant clusters are grouped together through a chain of intra-similar elements between them. This
was found to be beneficial for the SIFT-based clustering on the scene level, as the lower number of matches
may be not sufficient to link images with a smaller visual overlap. However, for the clustering based on CNN
features, the higher abstraction level of the descriptors led to the over-merging of scene clusters. In this case, a
complete linkage strategy is preferable, where the distance between farthest elements in two candidate clusters is
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considered, leading to more compact clusters. Therefore, for the scene tree construction, we use single linkage
in the case of SIFT descriptors, and complete linkage in the case of CNN descriptors. For the near-duplicates
tree construction inside each scene, we use complete linkage for both types of descriptors, as its compactness
property aids in our adaptive process, where the users’ tendency to find clusters of higher granularity on the
near-duplicate level.

6

CLUSTERING PERFORMANCE

The performance analysis for our clustering method is conducted in a similar manner to the analysis of users’
clustering agreement. The Adjusted Rand Index is computed between the computed clustering partitions and the
partitions provided by each user, and then the average value is computed.
Table 3. Average ARI performance of the analyzed clustering methods. For our proposed methods, the prefix Time- indicates
a preliminary temporal clustering applied before the similarity-based hierarchical clustering.
User
Time-based
Agreement clustering [38]
Scene level
Near-duplicate level

0.658
0.678

0.372
0.116

Affinity
SIFT [22]
propagation [11]
0.459
0.407

0.471
0.411

Time-SIFT [22]
0.533
0.411

Adaptive Adaptive
SIFT
Time-SIFT
0.481
0.606

0.551
0.629

Adaptive
CNNR

Adaptive
Time-CNNR

0.573
0.610

0.580
0.624

First, we compare the average performance of several clustering methods, as shown in Table 3. We compare
the proposed adaptive hierarchical clustering with our earlier proposed approach [22] and with existing state-ofthe-art methods. For this purpose, we have selected two clustering methods that, similarly to our method, do
not require a prior estimate of the potential number of clusters and thus can operate completely automatically.
The first is the time-based clustering by Platt et al. [38], which we have described in Section 5.1. The second is
the affinity propagation clustering proposed by Frey et al. [11]. Their approach iteratively searches for the most
representative exemplars, while the associated data points are used to define cluster boundaries. This approach
was applied to the task of clustering images of human faces and to perform image data summarization [9]. Since
their approach works with any similarity measure, we employ it using the earlier described CNNR-descriptors
based similarity, as it has shown the best performance in our tests. Additionally, as each of these two methods
does not provide a specific multi-level structure and produces one clustering output, we evaluate this output
both against our scene and near-duplicate user partitions.
The time-based clustering provides the lowest performance compared to the other methods tested. It is
not unexpected, since the temporal information alone is generally not sufficient for such task. The affinity
propagation clustering based on visual similarity shows reasonable performance for both clustering levels,
close to our previously proposed SIFT-based hierarchical clustering, when temporal information was not used.
Nevertheless, as this method was not designed for multi-level clustering, its performance is lower than our
proposed approaches.
For the proposed hierarchical clustering solutions, the detailed per-album results are given in Table 1 (detailed
results are given only for the time-aided method), and the results for the entire dataset are summarized in Figure 9
for both the time-aided method and for the case when no time information is available.
When using an adaptive cut threshold, our method largely outperforms the original Time-SIFT method of
Kuzovkin et al. [22]. It is also interesting to note that the Adaptive Time-SIFT generally outperforms the Adaptive
Time-CNNR method for the albums focused on people’s photos, while the CNNR-based method shows better
performance in landscape-focused albums, where often the landmarks are more abstract and more challenging to
model by SIFT descriptors.
We have also observed that Travel album 3 is particularly challenging for the SIFT-based methods, since it does
not contain reliable time information to perform the first pre-clustering and facilitate further similarity-based

1

1

0.8

0.8

0.6

0.66

0.68

0.63
0.58
0.55

0.53

0.4

0.62

0.41

Adjusted Rand Index

Adjusted Rand Index
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0.41

0.2

0.2

Scene level
Near-duplicate level

Scene level
Near-duplicate level
0

0.57

0.48

User Average

Time-SIFT [22]

Adaptive Time-SIFT

Adaptive Time-CNNR

(a)

0

User Average

SIFT [22]

Adaptive SIFT

Adaptive CNNR

(b)

Fig. 9. Performance of clustering methods. The box plots represent ARI distributions across the albums, where a dot and the
associated value indicate the average ARI for each method. (a) Performance with an aid of preliminary temporal clustering.
(b) Performance with no time information available.

clustering steps. Also, it contains numerous low quality blurred shots, with large viewpoint changes, limiting
the ability of SIFT to detect appropriate matches (as it was demonstrated in Figure 7). In this case, the CNNR
descriptors generally demonstrate better matching performance.
Another test case that we have considered is the potential absence of time information, thus no time-based
pre-clustering can be performed, and the entire collection is clustered directly. The average performance for
this scenario can be found in Figure 9b. It should be noted that we have kept the adaptive cut computation the
same for the Adaptive CNNR method, but we have introduced a small change for the Adaptive SIFT method.
Considering possible instabilities of SIFT distance in lack of reliable image matches, we have defined the scene cut
threshold as C SC = D A − σA /2, when the time stamps are not available. The corresponding results are reported.
The performance of the SIFT-based methods noticeably drops for the scene level in the absence of time
information. This also confirms the limited capability of SIFT-based matching to find the matches of higher
abstraction, which are necessary in this case. At the same time, no significant deterioration in performance is
observed for the CNNR-based method, for both clustering levels. Therefore, the CNNR-based clustering is more
robust overall and is able to provide relevant results even with no time information available (although the time
linearity of the photo album might be not preserved in this case).

7

CONTEXT-BASED SCORE ADAPTATION

In this section we explore an application of the proposed automatic clustering for context-adaptive photo
assessment. As we observed in Section 4, users tend to consider the context of photos when assessing them. We
attempt to model the user preferences by using an independent image score together with the obtained clustering
information. In our analysis, we compare the computed image scores with user preference scores [23], which
reflect how often each photo in an album was selected by users.
For the automatic score computation, we adopt three independent photo assessment metrics, which were also
previously examined in [23]. All analyzed approaches are based on CNN models and recently demonstrated
state-of-the-art performance in photo evaluation:
• The approach by Kong et al. [19], where importance of different photographic attributes is weighted by the
image content, giving proper relevance to what should be considered important in an image.
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• The method proposed by Jin et al. [16], which introduced a fine-tuning scheme with sample weights to
assess images from a wide range of possible origin and aesthetic quality.
• The NIMA method proposed by Talebi et al. [43], which evaluates both image quality and aesthetic
attractiveness of an image.

7.1

Z-score based Adaptation

As a first context-adaptation approach, we apply our previously-proposed method, which is based on the direct
z-score weighting [22]. In that approach, an independent score for each photo in the album is transformed into
three z-scores [20] for three different context levels: collection level, scene cluster level and near-duplicate cluster
level, using the statistics of the entire collection and different corresponding clusters:
sI − µL
zIL =
,
(4)
σL
where µ L and σL denote mean and standard deviation of the scores, computed on one of three levels L ∈ C, SC, N D.
The obtained z-scores for each level are combined into the global score Z I , as their average. We consider Z I as
the new album-adapted image score.
The performance of z-score based adaptation is given in Table 4 (original scores represent the original methods’
results without adaptation applied). The Pearson correlation coefficient was computed between the computed
scores and the user preference scores [23] and averaged across all albums. It can be seen that the z-score adaptation
results only in limited improvement over the original scores. In addition, the advantage of better clustering is not
evident in this case, as often Adaptive Time-SIFT clustering and Adaptive Time-CNNR clustering provide lower
correlation than the adaptation based on Time-SIFT clustering [22]. Finally, instead of automatically computed
clustering, we apply the ensemble User clustering (Section 4) as an adaptation base, to estimate the overall
feasibility of the z-score adaptation approach. The adaptation based on the User clustering also does not lead to a
clear improvement of the results, which suggests that the employed adaptation approach may be too simplistic to
model the user behavior.
Table 4. Correlation with the user preferences after z-scores based context adaptation [22]. Original scores column represents
the original methods’ results without adaptation applied. User clustering column represents the results of adaptation using
the ensemble clustering acquired in the clustering study. Other columns represent results of adaptation with automatically
computed clustering.

Kong et al. [19]
Jin et al. [16]
NIMA [43]

7.2

Original scores

User clustering

0.274
0.230
0.169

0.232
0.254
0.248

Time-SIFT [22] Adaptive Time-SIFT
0.261
0.260
0.217

0.248
0.252
0.185

Adaptive Time-CNNR
0.217
0.243
0.219

Neural Network based Adaptation

As a more powerful alternative to the z-score based adaptation of image scores, here we explore a different
approach for predicting user scores, based on a shallow neural network trained for a regression task. The utilized
network is a multilayer perceptron with one hidden layer consisting of ten neurons and the tan-sigmoid function
used before the output layer with the linear function. The Levenberg-Marquardt algorithm [24] is used as the
optimization approach.
As the input features, we enrich the independent photo score with the following statistics computed from
the cluster partitions: (1) original image score s I , (2) collection level z-score z IC , (3) scene level z-score z ISC , (4)
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near-duplicate level z-score z I N D , (5) number of images in the scene cluster |SC |, (6) number of images in the
near-duplicate cluster |N D|.
For the train-test process we use the nested cross-validation procedure. In the nested cross-validation, an outer
k-fold loop is used to divide the data into training and test folds. Then, each training fold is further split into
training and validations folds on an inner loop, to select the best model parameters. In our case, on each outer
loop, one album is set apart as a test fold, to test model’s performance on it. In the inner loop, two albums are
used in the validation fold, and the remaining albums are used in the training fold. By testing on the test fold
album from the outer loop, we avoid possible model overfitting.
Table 5. Correlation with user preferences after neural network based context adaptation.

Original scores

User clustering

0.274
0.230
0.169

0.546
0.517
0.543

Kong et al. [19]
Jin et al. [16]
NIMA [43]

Time-SIFT [22] Adaptive Time-SIFT
0.485
0.440
0.415

Adaptive Time-CNNR
0.489
0.439
0.457

0.482
0.463
0.459

For each clustering approach, we retrain and test the network on its corresponding clustering results. The
obtained results are shown in Table 5. Compared with the original scores and the straightforward z-score
based adaptation, this method achieves a significant improvement. The adaptation based on the User clustering
provides the highest increase in correlation with the user preferences, which confirms the feasibility of the chosen
adaptation. Moreover, all three automatic clustering approaches lead to improvement over the original unadapted
scores. The score adaptation using the Adaptive Time-SIFT or the Adaptive Time-CNNR clustering methods
provides similar performance. Overall, the best performance is achieved for the method of Kong et al. [19], using
the Adaptive Time-CNNR clustering as an adaptation base. At the same time, for two other scoring approaches,
their best performance is achieved using the Adaptive Time-SIFT clustering. Nevertheless, the adaptation results
between these two clustering approaches are comparable, conforming with a similarity in their clustering
performance.
The obtained results confirm that the clustering information can be successfully used to improve the performance of the independent photo assessment solutions. The User clustering provides the largest improvement,
since the clustering partitions are derived directly from user decisions in this case. At the same time, the automatic
clustering solutions also show a degree of correlation with user preferences, suggesting that the context of a
photo as defined by this form of clustering can assist in the task of automatically scoring and selecting photos
within albums.
Table 6. Ablation study on data features in a neural network based adaptation. The average correlation is shown for the
independent scores by Kong et al. [19] and the adaptation output, when the input is the original score supplied with indicated
data feature(s). We can see that the best performance is achieved when all the features are used together.

Original
scores [19]
User clustering
Adaptive Time-CNNR

0.274

zC

z SC

0.371 0.393
0.365 0.393

zN D

|SC |

|N D|

(zC , z SC , z N D )

(|SC |, |N D|)

All
features

0.413
0.423

0.477
0.431

0.455
0.450

0.424
0.409

0.520
0.470

0.546
0.489

As an additional point of interest, we have performed an ablation study, where our solution has been trained and
tested using only a subset of data features. From the results given in Table 6, we can conclude that the introduction
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of scene and near-duplicate cluster sizes provides an important contribution to the overall performance. This
finding also corresponds with our user study conclusion on dependency between a total number of images in
a cluster and a number of selected images within it. At the same time, while the z-scores based features alone
provide lower improvement, they provide a noticeable increase in performance in case of complete feature
combination. On the whole, the ablation study demonstrates an importance of each data feature and confirms
our earlier intuition on the nature of photo selection.

8

CONCLUSION

To better understand how users manage large photo collections with often repetitive content, we have performed
a user study evaluating photo clustering within albums. We have observed that although overall users achieve a
certain level of agreement in their decisions, particular types of content appear to be easier to cluster than others.
More specifically, higher user agreement is achieved for albums focused on events with people present. This
conclusion also conforms with our earlier study [22] on the nature of selections in photo albums, where we have
found that users achieve higher selection agreement for photos of people. In addition, we have incorporated
the user selections into the output clustering structure obtained in the current study, and we have used this
aggregated data to acquire useful statistics on user decisions within the clusters.
An automatic clustering method for photo collections was also proposed, based on the hierarchical clustering
approach and augmented by an adaptive cut technique and the use of deep features. The performance of the
automatic clustering solutions was evaluated against the acquired user clustering data. The proposed CNNR-based
clustering with an adaptive cut demonstrated the most robust performance, even in absence of time information
in the album. Finally, we introduce an application of context-based score adaptation, where a score obtained
from the independent photo assessment method is adapted to the context extracted via clustering. The obtained
results show that a score adaptation using a small neural network based on the features acquired by means of the
Adaptive Time-CNNR clustering can bring significant improvement in correlation with user provided preference
scores.
Our studies on user clustering and selection decisions also demonstrate that for certain types of content, user
agreement can be noticeably low. In these cases, the potential of the automatic modeling would be limited, as it
would be impossible to create a model that would suit every user. This in contrast suggests that personalized
automatic solutions, which could adapt not only to the nature of the photo collection, but also to the individual
way of photo organization by a user, would be valuable, presenting an interesting direction for future work.
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