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Abstract. In this paper we focus on a novel issue in the ﬁeld of video
retrieval stemming from ﬁlm analysis, namely the investigation of ﬁlm
montage patterns. For this purpose it is ﬁrst necessary to reconstruct the
original ﬁlm sequences, i.e. the camera takes. For the decision whether
or not two shots occurring anywhere in a ﬁlm stem from the same take
we use edge histograms and local feature tracking. Evaluation results on
experimental ﬁlm material (where montage patterns are of great importance) show a very good performance of the algorithm proposed.

1

Introduction

Conventional videos such as Hollywood movies and TV-series usually follow
speciﬁc editing rules (e.g., cross-cutting and shot reverse shot [1]) resulting in
well-deﬁned patterns of shot editing within a scene. Documentaries, experimental
and art house ﬁlms challenge the conventional ﬁlmmaking by the use of unusual
(non-narrative) camera and editing techniques [3]. Currently, the study of such
techniques is a tedious manual process performed by ﬁlm experts.
In this paper we present a new topic in the domain of video retrieval, namely
the identiﬁcation of editing techniques and montage patterns. Furthermore, we
introduce a novel approach for the reconstruction of the original ﬁlm shooting
sequences or the camera takes. A camera take is deﬁned as a single, continuouslyrecorded performance with a given camera setup. In the editing process the
camera takes are cut into multiple shots and joined together to form a complete
movie, i.e. a camera take is a sequence of one or more consecutively recorded
video shots. Semantically related and temporally adjacent shots build a video
scene. Shots originating from the same camera take can be temporally distributed
over the entire movie (see Figure 1).
The reconstruction of camera takes yields relationships of shots that proceed
at the same place and time. This high-level structural information is beneﬁcial for
tasks such as scene segmentation and analysis of montage patterns, editing style,
and motion rhythm. Furthermore, reconstructed camera takes allow for compact
video representation and nonlinear browsing. The reconstruction is based on the
temporal continuity of shots. It does not require the video content to be similar
over the entire camera take. For example, several shots cut out from a camera
take that contains a long camera pan can have highly dissimilar content. Methods
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Fig. 1. Camera takes vs. video scenes

based on keyframes and image features may not ﬁnd similarities among the shots.
The presented approach is able to associate the shots with each other.
Various applications for video analysis and retrieval can beneﬁt from the camera takes reconstruction. Examples include:
– Flashback / -forward detection: A ﬂashback is deﬁned as a shot that is presented out of chronological order [1]. The detection of camera takes implies
the reconstruction of the original chronological order and, thus, allows for a
straightforward ﬂashback detection.
– Montage pattern and rhythm analysis: The rhythmic relations between two
shots indicates highly semantical information. Cinematic rhythm derives
from diﬀerent ﬁlm techniques such as shot duration, motion, sound rhythm,
and montage patterns. For example, the use of alternating close-ups with
shorter shots creates a more intense dialog or conﬂict sequence.
– Film analysis and reconstruction: The reconstruction of the montage schema
allows for the identiﬁcation of incomplete copies and altered versions of the
original ﬁlm material.
– Video summary: The association among shots of the same camera take can
be further used to create a more compact video summary for non linear
browsing.
The remainder of this paper is organized as follows. In Secton 2 we give an
overview over related research. Section 3 describes the two stage algorithm for
camera take reconstruction. Section 4 presents the experimental results. We
conclude in Section 5 and give an outlook for further research.

2

Related Work

Current work on video structure analysis focusses mainly on scene detection
and classiﬁcation. Recent approaches on scene detection and classiﬁcation group
shots into a scene if they are content-correlated and temporally close to each
other [2,7,8,9,11]. Content correlation is usually determined based on color information. An essential disadvantage of this approach is that false color matches
between shots of diﬀerent scenes result in falsely combined shots. Dynamic scenes
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often possess diﬀerent color information which impedes the process of keyframes
selection for reliable shot representation. Motion information is often neglected
within the process of scene detection. Ngo et al. use motion information for the
selection and formation of keyframes as representative for the shot [7]. However,
motion is no further used as matching criterion. Rasheed et al. merge shots together that have high motion activity and small shot length to enable high scene
dynamics [8]. However, the assumption that shots of the same scene follow the
same dynamics holds only for very limited scenarios.
Recently, Truong et al. address the extraction of ﬁlm takes [10]. The authors
apply merge-and-split clustering techniques to group similar shots based on color
histograms. A substantial assumption of the approach is that at most one shot
is presented from a single camera take. This assumption holds for a great part
of Hollywood movies but fails for the most documentary and experimental ﬁlms.
A further limitation of the approach is its inapplicability to shots with extensive camera and/or object motion (e.g. action shots) due to the restrictions of
the selected shot representation. Finally, the task of camera take extraction is
reduced to a shot similarity detection.
In contrast to existing approaches, we strongly rely on motion information.
Motion smoothness between frames of the same camera take allows for the reliable recognition of consecutive shots. Thus, shots are linked together without the
problem of appropriate keyframe selection or shot representation. Furthermore,
since shots of the same camera take can be temporally apart from each other in
the edited ﬁlm, the reconstruction of camera takes captures information, which
is lost by a scene detection algorithm.

3

Camera Take Detection

The core element of the algorithm for camera take detection is the motion
smoothness analysis between diﬀerent shots. However, since motion tracking
in a long video can become computationally expensive, we introduce an intermediate step to limit the number of candidates for camera takes. To determine
possible camera takes we use a fast and yet reliable similarity measure based on
edge histograms. Following, we analyze the motion smoothness based on local
feature tracking. Figure 2 gives an overview over the workﬂow of the algorithm.
3.1

Continuity Analysis

For the detection of candidate camera takes we ﬁrst construct the set of all
continuity regions for a given shot Sx . The continuity region CR between two
shots Sx and Sy is deﬁned as the union of the last n frames of Sx and the ﬁrst
n frames from Sy :
 Sx

S
S
Sx
, fa−n+2
, ..., faSx , f1 y , f2 y , ..., fnSy
CRSx ,Sy = fa−n+1
(1)
where a denotes the number of frames of Sx and f the respective frames in Sx
and Sy . Sy represents any other shot from the ﬁlm. Thus, for a given shot Sx
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Fig. 2. Algorithm workﬂow

a set of continuity regions (with common Sx last frames) is constructed. In our
evaluations, n is set to three which results in a continuity region of the length 6
between any two shots.
For every frame from the regions an MPEG-7 edge histogram is computed
which has been proved to be eﬀective for image similarity retrieval [6]. The edge
histogram captures the distribution of orientations of the edges across blocks
of a frame. Each video frame is divided into 16 non-overlapping blocks. For
each block we create a local edge histogram with 5 bins (vertical, horizontal, 45
degree, 135 degree, and non-directional edges). Thus, the edge histogram for the
entire frame contains 16 × 5 = 80 bins [4].
Sx
Sx
, fa−n+2
, ..., faSx is compared to every frame from the set of
Each frame fa−n+1
continuity regions for Sx that represents a shot diﬀerent than Sx . Following, frames
vote for the shot with the highest similarity score in terms of Euclidean distance.
A shot Sy is accepted to be a following shot of Sx if 1) the majority frames from
Sx vote for Sy , and 2) there is at least one reverse vote, i.e. at least one frame from
Sy votes for Sx . In case, Sy is a following
 shot of Sx , both are assigned to a new
candidate camera take: CTi = Sx , Sy . For every last shot of the current CTi the
process is repeated until there are no more following shots detected.
3.2

Motion Smoothness Analysis

Motion vector ﬁelds estimated for consecutive video frames are slowly varying
over both space and time. Therefore, we measure the variations of the motion
vectors along the temporal direction in the continuity region of each candidate
camera take. Figure 3 shows an example for consecutive shots. The diﬀerence between the respective motion vectors is very low and, thus, indicates high motion
smoothness. On the contrary, Figure 4 depicts frames that are visually similar
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Fig. 3. Motion smoothness for frames of the same camera take (ﬁrst row: feature
tracking; second row: diﬀerences between the respective motion vectors)
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Fig. 4. Motion smoothness for frames of similar but not consecutive shots (ﬁrst row:
feature tracking; second row: diﬀerences between the motion vectors)
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but belong to diﬀerent, temporally non consecutive shots. The slight move of
the girl’s head results in signiﬁcantly larger diﬀerences in the motion vectors.
For motion detection and tracking we apply local feature tracking based on
SIFT (Scale Invariant Feature Transform) matching [5]. However, other motion
tracking methods can be applied as well. We limit the number of extracted
SIFT features per frame to 500. The resulting feature descriptors are matched
by identifying the ﬁrst two nearest neighbors in terms of Euclidean distances.
A descriptor is accepted if the nearest neighbor distance is below a predeﬁned
threshold. The value of 0.8 was determined experimentally and used through the
evaluation tests described in Section 4. Finally, only camera takes with smooth
motion vectors are accepted.

4

Experiments

Subject of the evaluation are experimental monochromic documentaries from the
late 1920s. Noteworthy is the low quality of the material as a result of multiple
storage, copying, and playback over the last decades. The results achieved show
that the process of camera take detection performs robustly to various artifacts
such as scratches, dirt or frame shrinking.
4.1

Camera Take Detection

The ﬁrst experiment focusses on the evaluation of camera take detection. The
explored movie consists of 1.768 shots (95.678 frames). Our algorithm detected
119 camera takes of two and more shots. The results were evaluated manually
by experts. 92.44% of all detected camera shots were correct (see Table 1).
The lack of motion and the same visual appearance of shots may cause false
positive detection of camera takes for identical, static shots. Another reason for
incorrect detected camera takes is the dissolve editing technique. The gradually
replacement and high degree of similarity between the shots falsely assigns them
to the same camera take (see Figure 5 for an example).
Table 1. Performance on camera take detection
True positives
110 92.44%
False positives
5 4.20%
Ambiguous camera takes 4 3.36%
Detected camera takes 119 100.00%

Fig. 5. False positive camera take due dissolve (the same scene is shoot from two
diﬀerent perspectives)
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Fig. 6. Ambiguous shot

Additional four detected camera takes could not be veriﬁed due to ambiguity.
An example for such shots is presented in Figure 6. The shot depicts a ﬁgure in
a shooting gallery on a fair. Due to the repetitive movement of the timbal in the
right hand it is not possible to deﬁnitely determine if 1) multiple shots are part
of the same camera take or 2) it is always the same shot on diﬀerent positions.
4.2

Montage Reconstruction

The next experiment aims at the reconstruction and the analysis of the original
montage schemas. Montage schemas describe the assemblage of a ﬁlm through
editing. They allow for the analysis of editing techniques and montage patterns.
Furthermore, the reconstruction of montage schemas is essential for the analysis
of archive ﬁlm material where the original versions (ﬁlmstrips) do often no longer
exist. The remaining copies are usually backup copies from ﬁlm archives that
are often incomplete due to bad storage, mold, and ﬁlm tears.
We investigate three diﬀerent ﬁlm sequences. We ﬁrst detect camera takes. In
the next step, we assign labels to the shots of the same camera take.
The ﬁrst sequence presents workers building a railway. The whole sequence
of 19 shots (204 frames) originates from three cross-cut camera takes. Our algorithm successfully detected and assigned the respective shots (see Figure 7).

Fig. 7. Detected camera takes in sequence 1 (white arrows show dominant motion)
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Since we investigate experimental video material, not all of the resulting montage schemas comply with conventional editing patterns. Figure 8 presents the
detected montage pattern in a sequence of 31 shots (1539 frames). It exhibits an
unusual editing technique that is not reconstructable with other common scene

Fig. 8. Detected camera takes in sequence 2 (an X denotes a single shot camera take)

(a) Reproduced schema

(b) Extract from the original schema (black box frames indicate some of the
detected missing shots, oval frames: rearranged shots)
Fig. 9. Montage schema for sequence 3
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detection algorithms. The interpretation of such patterns is a research subject
for ﬁlm experts.
The evaluation of the third sequence (42 shots, 773 frames) was motivated by
the discovery of the original montage schema from the mid 1920s. It shows the
experiment of the ﬁlmmaker to graphically chart the montage of shots within a
scene (see Figure 9(b)). The reconstructed montage schema indicates missing and
rearranged shots (see Figure 9(a)). Currently, it is not clear whether the original
ﬁlm complied with the discovered schema and if the nowadays available copy is
a full version of the original ﬁlm. Notwithstanding, the results demonstrate the
reliability of the algorithm and its applicability in a scenario where the original
montage schema is not available.

5

Conclusion and Outlook

In this paper we presented a novel application for the reconstruction of camera
takes. We applied the proposed algorithm on a test set of experimental documentaries. Presented results demonstrate the reliability of the algorithm and
outline its applicability for manifold application scenarios such as montage pattern analysis or comparison of diﬀerent ﬁlm cuts.
Reliable camera take detection provides a new perspective to the domain of ﬁlm
analysis. From a technical point of view, it allows for the comparison of diﬀerent ﬁlm
cuts and the analysis of montage patterns that do not follow conventional editing
rules. Moreover, further analysis of the motion smoothness between two shots can
provide information about missing frames from the original camera take.
From a semantical point of view, reconstructed camera takes capture information that can be missed by conventional scene detection algorithms. By the
analysis of motion smoothness within a given continuity region, the proposed
method does not require appropriate shot representation or keyframe and feature selection. Moreover, two shots to be grouped are not required to be visually
similar for the whole shot length. Highly dynamical shots (e.g. action) or large
camera motion often result in great dissimilarity in the visual perception. However, motion smoothness analysis can still detect consecutive shots due to the
smooth transition present in a continuos camera take. This information can be
further used to improve the process of video representation and retrieval.
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