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a b s t r a c t
Prediction of complex human activities from a partially observed video is valuable in many practical
applications but is a challenging problem. When a video is partially observed, maximizing the representational power of the given video is more important than modeling the temporal dynamics of the activity. In this paper, we propose a novel human activity descriptor for prediction, which can maximize the
discriminative power of a system in a compact and eﬃcient way using pre-trained deep networks. Specifically, the proposed descriptor can capture the potentially important pairwise relationships between objects without prior knowledge or preset attributes. The relationship information is automatically reﬂected
during the descriptor construction procedure based on object’s participation ratios, local and global motion activations. Pre-trained Convolutional Neural Networks are utilized without additional model training
procedure. From a practical point of view, the proposed method is more cost-effective when implementing a smart surveillance system. In the experiments, we evaluate the proposed methods in two cases: (1)
prediction accuracy with different observation ratios, and (2) the effect of pre-trained network and layer
selection. Experimental results from ﬁve public datasets veriﬁed the eﬃcacy of the proposed method by
outperforming competing methods with stable high-performance regardless of network selection.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Automated recognition of human activity is an important part
of intelligent computer vision systems. Over the past years, many
research studies have been conducted to enable automatic human
action/activity recognition in videos. For human activity analysis,
an accurate recognition of the atomic activity in a video stream
is the primary component of the system, and also the most important, as it affects the performance signiﬁcantly. Although many
recognition studies have been performed in an uncontrolled environment by considering real-world scenarios, recognizing human
activity in a surveillance video is still challenging owing to the
tremendous intra-class variation in activity caused by different visual appearances, motion variations, temporal variability, etc.
In the past, the bag-of-words (BoW) approach [1] with spacetime interest points (STIP) [2] has obtained successful results in
human activity recognition [3–6]. This approach extracts the lowlevel features using local patches by treating sequential images as
3D XYT volumes. However, the BoW approach ignores the important aspects of human activity, namely, the location where the fea∗
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ture was extracted or the relationships between multiple objects.
Some research studies have achieved remarkable results using preset motion attributes or key-pose information [7–12]. However, attributes such as “Which actions are important attributes?”, “When
did the motion occur?” or “How many persons are involved?” are
problem-dependent factors, and ﬁnding these attributes still remains a problem for video surveillance systems.
Most of the existing activity recognition methods are conducted
under the assumption that the videos are in a perfect state, which
makes these approaches unsuitable for human activity prediction
from a partially observed video stream. However, predicting human activity before it is fully executed has broad applications. For
example, an autonomous vehicle would able to prevent an accident
occurring by predicting potentially dangerous actions. The system
can reduce the damage by escaping from the situation before it
occurs. An early detection of criminal activity such as ﬁghting can
also prevent situations from becoming more serious. With these
kinds of applications, prediction on early stage can have an advantage over recognition in the entire video. This is also important
because, in real world applications, it is not guaranteed that the
system can observe the entire video: The human or interacting object can be occluded, video signals can drop off, and the objects
can move out of a ﬁeld of view.
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Fig. 1. Illustration of the human activity prediction problem from a partially observed video. Both the appearance of individual objects and the spatio-temporal relationship
between objects are important factors.

Since Ryoo [4] tackled the problem of inference of ongoing activity given temporally incomplete observation, the prediction of
human activity before it is fully executed has become an interesting ﬁeld [5,13–17]. Fig. 1 depicts an overview of the human activity
prediction problem from a partially observed video. The spatial and
temporal relationships between objects are as important as their
appearance and motion. The major difference between human activity recognition and prediction is that the temporal location of
end point is not given in the prediction task, while the video data
is entirely given in the recognition task. Therefore, for an accurate
prediction, the discriminative power of video descriptor from small
amount of initial frame has to be maximized. We have solved the
prediction problem by expressing the partially observed behavior
robustly at each time step. Spatio-temporal segment of each object,
called sub-volume, that play more important role are automatically
given more weights based on its activation ratio.
In this paper, we propose the sub-volume co-occurrence matrix (SCM) method to predict the partially observed human activity label. The proposed method constructs a mid-level descriptor
by considering the relationships between objects and ﬁnds important sub-volume by using motion activations. The potentially important relationships automatically reﬂect their information during
the SCM construction procedure.
Recently, the Convolutional Neural Network (CNN) has achieved
outstanding results on a variety of computer vision tasks [18–
22]. In research on human action video classiﬁcation, methods
such as 3D CNN [23], two-stream CNN [24] and multi-stream CNN
[25] have been proposed and have shown good performance. However, despite the excellent achievements of these studies, diﬃculties remain in the use of a CNN for complex human activity analysis in a surveillance video system.
Firstly, learning a good CNN model requires a very large amount
of data. However, human activity datasets have a relatively small
number of samples, which is insuﬃcient for the proper training of
a deep model. The large scale VIRAT dataset [26], some event only
has 20 clips which are not enough to train good network model
from scratch. Although it is easy to collect a large number of video
clips in the current digital era, it is still diﬃcult to collect and label
the proper data. Because, unlike video-level event detection where
the entire video clip has a single label, complex human activities
includes multiple actions occur continuously and even meaningless frames are included. Considering that the human activity class
has a large variation in motion, appearance, and length depending
on the environment, this is an important factor that decreases the
discriminative power of the CNN. Secondly, a signiﬁcant amount of
hardware resources are also required to train a CNN model. The
computation cost for video data is incomparably higher than that
for an image dataset. Thus, training individual models for every
different scenario is practically unrealistic. To handle this problem,
the proposed SCM descriptor can utilize pre-trained CNN models

trained using heterogeneous data, with minimum additional computational cost. Lastly, and most importantly, most research studies
that use a CNN to perform video classiﬁcation are limited to framelevel representation using the average fusion technique [27,28]. The
average fusion reduces the spatio-temporal characteristics of the
individual activities. Moreover, the temporal modeling of the extracted features in a continuous time is effective for the video classiﬁcation task when the sequences are fully observed, but it is difﬁcult to utilize in a prediction task. Therefore, we will overcome
these disadvantages by focusing on the richer relationship information available in the process of constructing the SCM descriptor.
In this paper, our main goal is to address the problem of human
activity prediction from a partially observed video by maximizing
the discriminative power of a descriptor based on a deep representation. More speciﬁcally, we focus on representing the complex ongoing human activities using a pre-trained deep network
while considering the pairwise interactions between individuals
and their participation ratio in the overall scene. The individual
actions were represented by extracting sub-volume feature vectors with a pre-trained CNN model in an eﬃcient way. The cooccurrence of individual actions and their relationships were described by proposed SCM. The potentially important key relationships were automatically reﬂected in the descriptor conﬁguration
process using their participation ratios and activations. The experimental results showed that the SCM outperformed state-of-the-art
activity prediction methods.
The main contributions of the paper are two-fold: (1) We propose a novel human activity representation method, called subvolume co-occurrence matrix, which can automatically reﬂect important relationships without pre-set attributes. (2) We develop
a uniﬁed framework in which we can robustly predict partially
observed human activity using the pre-trained CNN. The cost of
building the video systems can be reduced by utilizing pre-trained
model without any additional training procedure. Furthermore, the
proposed framework can predict not only human-human interaction, but also human-object interaction owing to representational
power of the CNN.
This paper is an extension of our previous work [29]. This
extension includes a new formulation of descriptor construction
with local and global activation, scoring function, participation ratio measure, sequential data representation, and more experimental results with various pre-trained networks and layer analysis
comparisons.
2. Related work
Understanding human activity has gained great interest from
researchers. For the past few years, the most popular approach
for human activity recognition has used local spatio-temporal features with the BoW paradigm [1–6]. In this approach, a sequence
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of 2D images was treated as a 3D XYT volume where the STIPs
are located. However, in order to understand complex human activities more precisely, richer information about behavior such as
local and global relationships, social context and interactions between people is required [9,30]. In particular, the relationships and
interactions between individuals play an important role in complex human activity recognition [10–12,31–33]. Exploiting motion
attributes or key-poses in human interaction can be useful for attaining more accurate and robust results. Most promising poses
or motions of human activities such as interactive phrases [7], action attributes [8], poselets [9], and discriminative key-components
[11] have been detected. However, automatically extracting such
rich information is still a challenging task.
Meanwhile, most existing methods focus on after-the-fact activity recognition; Ryoo [4] tackled the human activity prediction
problem. Integral BoW and dynamic BoW approaches have been
proposed to detect ongoing human activity. The proposed activity descriptors were computed for each progress level by averaging
the histogram features in the same category. However, the model
was sensitive to outliers, and might not be representative when
videos have a large variation of appearance or pose. Kong and Fu
[5] predicted action labels by capturing the temporal dynamics of
human action considering the history of observed features. Cao
et al. [13] proposed an action model by learning feature bases using sparse coding and used the reconstruction error in the likelihood computation. Lan et al. [14] proposed a coarse-to-ﬁne hierarchical representation for action prediction. Xu et al. [15] proposed
an activity auto-completion model for human activity prediction
from partial videos. A video is represented based on discriminative paths in frames divided into a collection of segments. Yu et al.
[16] predicted human activity by proposing Spatial-Temporal Implicit Shape Model (STISM). The early recognition of human activities is accomplished by pattern matching through STISM. Li et al.
[34] explored the long-duration action prediction problem with a
probabilistic suﬃx tree. However, their work detected segments by
motion velocity peaks, which may not be suitable for complex human activity videos.
Recently, deep learning based representations, especially CNNs,
have shown superior results for most computer vision tasks by
overcoming the problem-dependent limitation of the hand-crafted
features in many tasks [18–22,35,36]. Therefore, there have been
several attempts to utilize deep representations for human activity understanding. Ji et al. [23] proposed a 3D CNN model which
uses multiple channels of information from an input frame to encode motion information for a single human action recognition. Simonyan et al. [24] proposed a two-stream deep convolutional network, which can incorporate both spatial (single image frame) and
temporal (multi-frame optical ﬂow) streams. Deng et al. [32] presented a deep neural network based hierarchical graphical model
for individual and group activity recognition in surveillance video.
The information about the scene, action and pose are considered
by a multi-step message passing structure. Le et al. [35] presented
an extension of the Independent Subspace Analysis (ISA) method
to learn invariant spatio-temporal features from unlabeled video
in an unsupervised manner. However, despite their high accuracy,
there are still remaining issues such as requiring a large amount of
labeled video data and the computational cost of training an individual model.
Donahue et al. [36] proved that the CNN model pre-trained on
the ImageNet dataset can be adapted to different tasks owing to
the discriminative power of the CNN. They proved that the activation value of fully connected layers had robust discriminative
power for images. Xu et al. [28] proposed a latent concept descriptor using a pre-trained convolutional network. They describe
videos using the activation value of pre-trained CNN models. However, such an approach is unsuitable for complex human activity

representation owing to the lack of the consideration of relationships among people. Although the previous methods have demonstrated their effectiveness for their given purposes, they mostly focus on frame-level event detection or atomic action recognition.
In this work, we represent the ongoing human activity from
partially observed video using a pre-trained CNN without additional training. Unlike existing methods, the proposed method automatically captures spatio-temporal relationships between objects
without prior knowledge or preset attributes. Speciﬁcally, we ﬁrst
extract low-level features using a pre-trained CNN. Using the lowlevel features, we construct a novel descriptor to represent ongoing
complex human activities in a compact and eﬃcient way.
3. Proposed method
In this section, we describe a method for representing a partially observed human activity for early prediction. Given a partially observed human activity video, the proposed method predicts the future activity before the clip ends.
Fig. 2 illustrates the overall ﬂowchart of the proposed method.
From a given partially observed video clip, we extract the activation of a fully connected layer weight of each object region for image representation. The coordination of each object is used to measure motion activations. We ﬁrst generate the sub-volume feature
vector for each time segment, then apply a BoW scheme to construct a sub-volume codebook. With the collection of sub-volumes
and codebook, an SCM descriptor is constructed for each time step
by considering the object appearance, local motion activation, the
global motion activation and the relationship between objects. The
proposed mid-level SCM descriptor can represent a complex human activity in a single matrix without any constraints. Once the
descriptor is constructed, the linear support vector machine (SVM)
predicts the class label at the current time step.
3.1. Pre-trained convolutional neural networks
We used publicly available pre-trained CNN models to extract representative image features. Speciﬁcally, in this paper, we
extracted the low-level features using the MatConvNet toolkit
[37] and TensorFlow [38] with the model shared by Simonyan et al.
[21]. The network was trained for the ImageNet ILSVRC-2014 classiﬁcation task [39]. The ﬁrst 13 layers were convolutional layers,
and the last three layers were fully connected layers. For the lowlevel image representation, unless stated otherwise, we extract the
activation value of the ﬁrst fully connected layer of the network as
reported in previous works [20,36,40]. Here, we should note that
the activation values after the rectiﬁcation operation are considered as separate layers. In Section 4.2.2, we compare the classiﬁcation performance of various pre-trained networks (AlexNet [19],
VGG-S [40], VGG-M [40], and VGG-VD16 [21]) or fully connected
layers (fc6 , f c6 _relu, fc7 , f c7 _relu).
From a given video clip, we ﬁrst extract object images for consecutive frames. Here, we should note that it is possible to use
any available object detection and tracking algorithms, owing to
the fact that main goal of this work was to represent partially observed complex human activities in a single descriptor without any
constraint. To utilize the pre-trained CNN models, we resize the
images of object regions to 224 × 224 using bilinear interpolation.
The pre-trained CNN models represent each human object image
by a 4096-dimensional feature vector, fc6 .
3.2. Sub-volume feature generation
To handle the streaming video in a temporal scale, we divide
the video into non-overlapped ﬁxed time duration l, and called
sub-volumes. A sub-volume feature vector of object i at the tth
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Fig. 2. An overview of the proposed sub-volume co-occurrence matrix construction procedure.

segment is denoted as fti = [ p, δ x, δ y], where p denotes the average of the image representation feature vector in a sub-volume. A
series of frame-level image feature vectors fc6 of object i at time t
for consecutive l frames are averaged into a 4096-dimensional feature vector. We also use the coordination difference of an object,
δ x and δ y, to denote the movement of the center of the bounding
box during the time duration l. The magnitude
 of coordination difference of each object is calculated as sti = (δ xti )2 + (δ yti )2 , which
is called the local motion activation value. The global motion activation is calculated by sum of all local motion activation value in

each segment,  t = ∀i sti . The local and global motion activations
denote how actively each object is participating in the activity.



3.3. Bag-of-words assignment

f p = log

In previous research studies [1,3–5], the BoW paradigm has
proved that it can construct a discriminative mid-level descriptor
by clustering a set of unknown local patches from spatio-temporal
interest points [2]. Our approach also takes advantage of the BoW
paradigm to generate the SCM descriptor. Speciﬁcally, K-means
clustering is performed to generate codewords {wk }Kk=1 , where k
denotes the number of clusters. First, we perform the K-means
clustering on sub-volume features of training videos to generate
codebook. After the clustering, we assign each sub-volume feature
fti to the corresponding cluster wk following the BoW paradigm.
The index of the corresponding cluster kti is codeword index, which
is also the index of the rows and columns of the SCM descriptor
during the construction procedure.
3.4. Sub-volume co-occurrence matrix
Assigning sub-volume features using the BoW paradigm for a
video representation can lose the temporal dynamics of a video
sequence and the spatial relationship between multiple objects. In
this section, we describe the process of the proposed SCM construction, which is a mid-level descriptor based on the fully connected layer weights of a CNN model. The SCM can represent the
ongoing human interactions using the pairwise relationships of
sub-volumes by considering their potential importance.
In each time segment t, we consider the relationships between
pairs of all existing sub-volumes while constructing the SCM descriptor. The potentially important pairwise relationships between
sub-volumes are automatically considered based on the spatial relationships, global motion activation and the ratio of their participation. From each sub-volume of an object vti = (f, x, y, k ), we ﬁrst
measure the spatial distance between sub-volume i and j as follows:

dit j =



(xti − xtj )2 + (yti − ytj )2 ,

(1)

The overall spatial distance between sub-volume i and the rest
j in segment t for # pairs, where j = i, is aggregated as follows:

rt =

1  t
di j
2
i

j=i

Generating a descriptor with a higher weight for a potentially
important relationship makes the descriptor more discriminative.
Therefore, we assume that if the objects are located close to one
another and have a notable activation, which was measured using the ratio of the aggregated distance to the individual distance
and the ratio of the local motion activation to global motion activation, it is highly possible for potentially important behavior to occur. The distance between each of sub-volume feature vector f and
codeword w is used to assign the activation value. The difference
in distance between sub-volume i and j to the global motion activation represents the participation ratio of the pair in the segment
t. The feature scoring function based on sub-volume clustering is
calculated as follows:

(2)

||wti − fti || + ||wtj − ftj ||
2



+ψ

(3)

The SCM descriptor is constructed using the ﬁnal value considering the ratio of the distance between each sub-volume i, j to the
total distance, the ratio of local / global motion activation, and the
feature scoring function. After computing all required values between all sub-volumes and relationships, we ﬁnally construct the
SCM descriptor, as follows:

Mt (kti , ktj ) =

1   sti rt
f (ft , ft )
N
 t dit j p i j

(4)

i,i= j 1:t

where N is the normalization term. The value of the sub-volume
between i, j is assigned to the SCM using the corresponding cluster
index, kti and ktj , of each sub-volume. Each of the SCM descriptors
is generated for every non-overlapped time step. Thus, from the
start, the descriptor is constructed in a cumulative way.
Fig. 3 shows a simple example of the SCM construction procedure for ﬁve consecutive time segments when K = 10. From the
sub-volumes of the ﬁrst 20% of the entire video, we construct a
descriptor that comprises a sub-volume by combining the image
feature and the local motion value. Then, we specify the index of
each sub-volume using a codebook. Since the sub-volumes of object #1 and object #2 of the ﬁrst 20% are assigned to the third and
sixth clusters in the codebook, respectively, the value of (3,6) in
the SCM is increased following Eq. (4). After the 20% of the next
20%, we assign a weight to (9,6) by repeating the same procedure.
At this time, the matrix is constructed in a cumulative way. This
procedure is repeated for T segments to construct a SCM descriptor for the entire video. When constructing the descriptor, we can
see that, in Fig. 3-(2) and -(4), object #1 is allotted to cluster #3,
#8 and #9 whereas object #2 is allotted to clusters #6 and #4, respectively. As a result, values are assigned to different indexes and
a descriptor becomes distinguishable when there are similar motions and appearances. Furthermore, we can also see that the highest weight is assigned to (8,4) by automatically detecting a potentially important sub-volume, which makes the proposed descriptor
more discriminative. Here, we should note that the ﬁgure shows a
simpliﬁed schematic example for the visualization. The matrix M is
calculated in a symmetric form. We also should note that (3,6) appears repeatedly; therefore, we can see that relatively high values
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Fig. 3. Example of the proposed SCM construction procedure with ﬁve different observation ratios. (1)-(5) denote the constructed SCM descriptor for each of the observation
ratios.

are assigned, which is reﬂected by the standby state before and after taking an action on the dataset. It is not a problem, however,
considering that there is no unnatural waiting state in real-world
scenarios.
3.5. Classiﬁcation
In the proposed SCM descriptor, each sub-volume is assigned
using their own cluster index of the codebook. Since the human
activity is partially observed, in this work, we construct an SCM
descriptor at each time segment t. Speciﬁcally, in the training
stage, we ﬁrst extract sub-volumes from each object from fully observed videos. We then perform K-means clustering using all subvolumes from the training data. The codebook wk is then used to
construct the SCM descriptor of the training data. We then train
the descriptor using the one-against-all linear SVM found in Eq.
(5), where we have the training data {xn , yn }.

minimize
w


1
||w||2 + C max(1 − yn wT xn , 0 )
2
n

(5)

In the testing stage, our goal is to predict the class label yn of a
partially observed video for [1: t]. Given a partially observed video,
we extract sub-volume feature vectors at each time segment. We
then construct a SCM for use in codebook wk , which was generated
at the training state. The class label yn is predicted by a SVM using
the descriptor for [1: t] segments.
4. Experiments
4.1. Datasets and experimental setup
To validate the effectiveness of the proposed method, we tested
the proposed SCM approach on ﬁve datasets: the BIT-Interaction
dataset [10], the UT-Interaction dataset (sets #1 and #2) [41], the
VIRAT 1.0 Ground dataset and the VIRAT 2.0 Ground dataset [26].
The proposed method was evaluated for classifying videos of incomplete executions using 10 different observation ratios from 0.1
to 1, as done in previous works [5,13,42]. The observation ratio

means the proportion of frames used for analysis in each clip. If
a full video contains N frames, the accuracy of the proposed SCM
descriptor is evaluated by representing it with the ﬁrst observation
ratio × N frames. The half video and full video denote an observation ratio of 0.5 and 1, respectively.
The BIT-Interaction dataset consists of eight classes of humanhuman interaction: bow, boxing, handshake, high ﬁve, hug, kick,
pat, and push. In this dataset, each class contains 50 video clips.
The videos were captured in realistic scenes with moving objects
in a cluttered background, partially observed body parts, illumination conditions, variations in human object scale, unrelated human
objects in the scene, etc. For the experiment, 272 videos were selected as the training set (34 clips per class) and the remaining
128 videos were used as testing samples (16 clips per class). For
the quantitative comparison, the performance of competing methods and the training/testing clip indexes were provided by the BITInteraction dataset provider [5,10].
The UT-Interaction dataset consists of six classes of humanhuman interaction: push, kick, hug, point, punch, and handshake.
The dataset is composed of two sets of video; set #1 and set #2,
which were captured at different environments, for example, illumination conditions, human object scale, camera jitters and background movements. Each set contains 10 videos for each class. The
UT- Interaction dataset has been tested by several state-of-the-art
methods [4,5,7,9,13]. For this experiment, we performed the leaveone-out cross-validation strategy as done in previous works [4,5].
The VIRAT 1.0 Ground dataset and the VIRAT 2.0 Ground dataset
include six classes of human-vehicle interaction: person Loading
an object to A Vehicle (LAV), person Unloading an object from A
car/Vehicle (UAV), person Opening A vehicle/car Trunk (OAT), person Closing A vehicle/car Trunk (CAT), person Getting Into a Vehicle (GIV), person Getting Out of a Vehicle (GOV). The VIRAT 1.0
Ground dataset consists of around 3 h of videos and the VIRAT 2.0
Ground dataset consists of over 8 h of videos. The activities are
recorded from different parking lots. For the experiment, half of
video clips were used as the training samples and the remaining
video clips were used as testing samples following previous works
[43–45].
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Table 1
Comparison of the prediction results on the BIT-Interaction dataset with 10 different observation ratios.
Method

0.1 (%)

0.2 (%)

0.3 (%)

0.4 (%)

0.5 (%)

0.6 (%)

0.7 (%)

0.8 (%)

0.9 (%)

1.0 (%)

Linear SVM(BoW)
Dynamic BoW [4]
MSSC [13]
MTSSVM [42]
MMAPM [5]
CNNavg w. AlexNet
CNNavg w. VGG-VD16
Proposed Method w. AlexNet
Proposed Method w. VGG-VD16

17.19
22.66
21.09
28.13
32.81
61.13
58.98
56.18
58.37

18.75
25.78
25.00
32.81
36.72
64.84
61.13
61.25
62.75

37.50
40.63
41.41
45.31
53.90
66.50
62.30
65.87
65.87

50.00
43.75
43.75
55.47
59.38
68.16
62.99
71.18
73.62

56.25
46.88
48.44
60.00
67.97
70.02
63.09
78.22
78.42

57.03
54.69
57.03
61.72
63.28
72.07
63.28
78.93
80.57

58.59
55.47
60.16
67.19
68.75
73.54
66.99
79.98
83.30

57.81
54.69
62.50
70.31
75.00
75.39
72.36
83.30
85.25

60.16
55.47
66.40
71.09
75.78
75.10
75.59
85.16
86.52

64.06
53.13
67.97
76.56
79.69
73.83
77.05
87.01
88.70

4.2. Performance evaluation
4.2.1. BIT-Interaction dataset
In this experiment, we evaluated the performances of our proposed method on the BIT-Interaction dataset. We compared the
performance with state-of-the-art methods, i.e., dynamic BoW [4],
mixture of training video segment sparse coding (MSSC) [13], multiple temporal scale support vector machine (MTSSVM) [42], maxmargin action prediction machine (MMAPM) [5], and the baseline
method linear SVM. We also performed a classiﬁcation of the average fusion of the activation value feature of sub-volumes with two
different CNN models, AlexNet [19] and VGG-VD16 [21]. In this experiment, to extract a frame-level image feature vector, we used
the activation values of the ﬁrst fully connected layer, fc6 . Further
information about the CNN models can be found in Section 4.2.2.
The K value in the K-means clustering of the sub-volumes was set
to K = 15. The validation of the effects of the K values is described
in Section 4.2.3. The performances of the competing methods were
provided by the BIT-Interaction dataset provider [5,10].
The experimental results from the BIT-Interaction dataset are
shown in Table 1. The table lists the prediction accuracies measured with observation ratios of 0.1–1. The result indicates that
the proposed method achieved the best accuracies in the comparison. The proposed method achieved 78.42% recognition accuracy
when only the ﬁrst 50% of the frames were observed. We also obtained an accuracy of 88.70% from fully observed video sequences.
For the ﬁrst 30% of the observation ratio, the proposed method
showed a slightly lower performance than the CNNavg . The performance degradation was because the front part of the interaction clips did not include momentous information. Some clips only
showed standing or slightly moving activities at the ﬁrst 30% of the
video. However, in the rest of the experiments, our method outperformed the average fusion of the fc6 feature because we modeled not only the appearance of the humans but also the spatial
relationship between human objects, the local and global motion
activation, and the ratio of its participations. This is notable because we can expect better performances in a real-world scenario
as there are no waiting motions before taking an action or waiting
times to capture a dataset.
4.2.2. Pre-trained CNN models
The proposed method extracts image representation features
using pre-trained CNN models learned from heterogeneous data.
Thus, in this section, we will show through the experimental results which pre-trained network to use and which layer has the
best performance when extracting the activation value. First, we
compared the performances between networks using the AlexNet
[19], VGG-S [40], VGG-M [40], and VGG-VD16 [21] networks, which
were trained on the ImageNet dataset [39]. We also compared
the performances between the ﬁrst fully connected layer fc6 and
the second fully connected layer fc7 . The activation layers after
the ReLU operation, f c6 _relu and f c7 _relu, were also considered
as separate layers in this experiment. To show that the proposed

Fig. 4. Average of the classiﬁcation performance using multiple pre-trained CNN
models.

method is better than the average fusion technique, we also compared the performance of the original feature vectors with average
fusion.
Table 2 shows the prediction performances on both half- and
full-video sequences. The average fusion of the activation values
showed large performance deviations depending on the selected
layer and network. Therefore, we cannot guarantee the prediction
performance when a speciﬁc network is selected and used. On the
other hand, with the proposed method, the system showed stability and high accuracy regardless of which layer or network was
used.
Fig. 4 shows the average recognition performance of each layer
for the four pre-trained CNN models. In the case of the average
fusion of the activation value, the f c6 _relu layer showed the best
performance on the half-video sequence, whereas the fc7 layer
showed the best performance on the full-video sequence. This is
inconsistent with the fact that fc6 had the highest performance
of 77.66% in the half-video sequence in the VGG-S network and
77.05% in the VGG-VD16 network in the full-video sequence. On
the other hand, the proposed method showed the best overall accuracy and was superior not only in performance, but also in terms
of reliability. In the rest of the experiments presented in this paper,
we used the fc6 layer of the VGG-VD16 networks, which showed
the best performance in the full-video.
4.2.3. Effect of the parameter
In this work, the K-means clustering for generating sub-volume
codebook may have an effect on the performance. We conducted
an experiment on the BIT-Interaction dataset to validate the im-
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Table 2
Comparison of the prediction performances using various networks and layers.
Methods

Half video

CNNavg w. AlexNet
CNNavg w. VGG-S
CNNavg w. VGG-M
CNNavg w. VGG-VD16
Proposed Method w. AlexNet
Proposed Method w. VGG-S
Proposed Method w. VGG-M
Proposed Method w. VGG-VD16

Full video

f c6 ( % )

f c6 _relu(% )

f c7 ( % )

f c7 _relu(% )

f c6 ( % )

f c6 _relu(% )

f c7 ( % )

f c7 _relu(% )

70.02
76.66
73.24
63.09
78.22
78.22
78.42
78.42

72.46
74.51
73.83
74.41
78.32
78.03
77.64
78.22

73.24
63.09
59.77
63.67
77.93
78.03
78.52
77.93

68.55
67.29
61.62
75.88
78.32
78.22
78.52
78.03

73.83
73.44
74.61
77.05
87.01
87.11
86.62
88.70

73.34
73.05
73.44
73.73
86.62
86.13
86.04
87.30

73.83
73.24
76.56
75.49
86.52
86.72
86.82
85.64

71.00
70.61
73.54
74.02
86.62
86.62
86.82
87.01

Table 3
Comparison of the classiﬁcation performances of different K values on
the BIT-Interaction dataset.

Table 5
Comparison of the prediction results on the UT-Interaction dataset
(set #2).

K

5 (%)

10 (%)

15 (%)

20 (%)

50 (%)

100 (%)

Method

Half video (%)

Full video (%)

Accuracy

83.4

87.4

88.7

86.3

82.6

81.9

Bag-of-Words(BoW)
Dynamic BoW [4]
Lan et al.[14]
MSSC [13]
SC [13]
MMAPM [5]
CNNavg w. VGG-VD
Proposed Method w. VGG-VD

66.00
61.00
68.33
71.67
66.67
75.00
64.72
83.22

80.00
70.00%
83.33
81.67
80.00
86.67
81.11
89.40

Table 4
Comparison of the prediction results on the UT-Interaction dataset
(set #1).
Method

Half video (%)

Full video (%)

Bag-of-Words(BoW)
Integral BoW [4]
Dynamic BoW [4]
MSSC [13]
SC [13]
MMAPM [5]
CNNavg w. VGG-VD
Proposed Method w. VGG-VD

50.00
65.00
70.00
70.00
70.00
78.33
66.94
82.67

81.67
81.70
85.00
83.33
76.67
95.00
77.78
90.22

pact of the K value. The experimental result in Table 3 shows the
recognition performance with fully observed videos.
The result shows that the recognition performance was not
much affected by K value. The accuracy changed by 6% when the
K value was changed from 5 to 100. This lack of effect implies that
the key volumes were assigned separately owing to the representational power of the CNN. However, the performance could decrease
if the K value is set without consideration of the training data size.
4.2.4. UT-Interaction dataset
We also compared the proposed method on the UT-interaction
dataset with state-of-the-art methods, i.e., dynamic BoW [4], Lan
et al.’s work [14], sparse coding (SC), MSSC [13], and MMAPM [5].
The experiments were performed on both set #1 and set #2, respectively, as done in previous works [5,7,30]. In this experiment,
we used the activation of the fc6 layer from the VGG-VD16 network.
Table 4 shows the prediction results on set #1 of the UTInteraction dataset. We can see that the proposed method outperformed all the competing methods by achieving an impressive
82.67% recognition accuracy when only half of the testing videos
were observed. However, the proposed method had a slightly lower
performance than MMAPM on the fully observed video because
not only were some video segments similar in appearance, but also
the local motion activation of the other sub-volumes took more
weight in the rest of the descriptor construction procedure of the
total. Moreover, the environmental complexity of the video from
set #1 of the UT-Interaction dataset was clear enough to capture
human appearance. The set #1 videos were captured in a graycolored parking lot background without noise such as jittering,
etc. The spatio-temporal local patches with STIP were suﬃcient to
present human activities in these simple environments. However,
the backgrounds in set #2 of the UT-Interaction dataset consisted

of grass and jittering twigs, which could be noisy local patches. In
the following experiment on set #2, we performed prediction task
by treating each activity occurring simultaneously as separate clips
for evaluation. Table 5 shows the prediction results on set #2 of
the UT-Interaction dataset.
As we expected, the proposed method achieved an accuracy
of 83.22% and 89.40% on the half-video and full-video sequences,
respectively. It is remarkable that the proposed method outperformed all the competing methods on the both the half- and the
full-video sequences with more complex scenarios such as a complex background, partial occlusion, unrelated object movements,
etc. Furthermore, the proposed method outperformed all the competing method in half-video observation in the three different
datasets. It is noteworthy considering that the temporal location of
the atomic human activity is given imperfectly in real-world scenarios.
4.2.5. VIRAT datasets
To demonstrate how the proposed method can be further extended with arbitrary objects, we conducted an experiment for
human-object interaction recognition using the proposed SCM
descriptor. We compared the performance with state-of-the-art
methods, i.e., Zhu et al.’s work [43], Bayesian Network (BN) [44],
and Deep Hierarchical Context Model [45]. The experiments were
performed on both the VIRAT 1.0 Ground dataset and VIRAT 2.0
Ground dataset, respectively. Each human and vehicle is treated as
an object without prior separation. We extracted fc6 feature using VGG-VD16 [21] network for frame-level image representation.
Here, we should note that, in this experiment, there were some
frames that human objects are not properly detected occasionally
due to the small object size or the occlusion to the vehicle. The image representation feature in the frame is set to be a zero vector
at the previously detected position.
The experimental result on VIRAT 1.0 dataset is shown in the
Table 6. The table lists the classiﬁcation accuracies for each of six
classes and average. Our proposed method achieved better overall
performance over all the other comparison methods with 76.3% of
recognition accuracy. Here, we also report the recognition accuracy
of CNNavg feature obtained 73.2% accuracy.
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Table 6
Comparison of the activity recognition results on the VIRAT 1.0 dataset.
Method

LAV (%)

UAV (%)

OAT (%)

CAT (%)

GIV (%)

GOV (%)

Average (%)

Zhuet al. [43]
BN [44]
DHCM [45]
CNNavg
Proposed Method

52.1
100
66.7
84.7
70.5

57.5
71.4
85.7
61.0
80.0

69.1
50.0
50.0
88.4
94.7

72.8
54.5
81.8
93.7
94.7

61.3
45.2
64.5
52.6
53.7

64.6
73.5
70.6
48.4
64.2

62.9
65.8
69.9
73.2
76.3

Table 7
Comparison of the activity recognition results on the VIRAT 2.0 dataset.
Method

LAV (%)

UAV (%)

OAT (%)

CAT (%)

GIV (%)

GOV (%)

Average (%)

SVM-STIP
BN [44]
DHCM [45]
CNNavg
Proposed Method

44.44
77.78
66.67
88.76
90.76

51.72
58.62
68.97
40.93
73.91

10.00
35.00
45.00
53.43
90.22

52.63
63.16
89.47
62.67
88.40

58.33
68.75
70.83
68.65
57.61

33.33
48.89
57.78
59.41
76.63

41.74
58.70
66.45
62.31
79.53

We also conducted an activity recognition experiment on the
VIRAT 2.0 dataset using same settings as used in the VIRAT 1.0
dataset. The six person-vehicle interaction events were successfully
classiﬁed as shown in Table 7. The proposed method outperformed
other competing state-of-the-art method in four out of six events,
and signiﬁcantly improved the top average recognition accuracy
from 66.45% to 79.53%.
In the VIRAT experiments, the sub-volume of vehicle object was
assigned to eight of twenty clusters. The rest of the human objects
were assigned to fourteen clusters, which is interesting that the vehicle and human objects are sharing two clusters. Nevertheless, our
results show that, in the given experiments on VIRAT datasets, the
proposed method can work with non-human objects by clustering
the sub-volumes. Even when the different objects are assigned to
the same cluster, the descriptor can be discriminative by measuring participant, activation ratio, and feature scoring.
5. Conclusion and future work
Predicting the label of a complex human activity from a partially observed video has many practical applications, but is a challenging problem. To address these issues, in this paper we proposed a method for representing the ongoing human activity from
a partially observed video in a compact and eﬃcient way. The proposed sub-volume co-occurrence matrix descriptor can maximize
the discriminative power of the video using pre-trained CNN models. Utilizing deep representation such as a CNN without additional
training procedure can be a cost-effective and practical approach
when implementing a smart surveillance system. Owing to the
representational power of the proposed sub-volume co-occurrence
matrix descriptor for short time segments, we can predict an activity class label even when the video has not ended. For a real application, a smart surveillance system needs to classify the activity
label without the exact temporal location of the activity. In our experimental studies on public datasets, i.e., the BIT-Interaction, the
UT-Interaction dataset (set #1 and set #2), the VIRAT Ground 1.0
dataset, and the VIRAT Ground 2.0 dataset, we validated the effectiveness of the proposed method, which outperformed the other
competing methods from the literature. The superior performance
on the half-video classiﬁcation task and the robustness in a complex environment such as a cluttered background are noteworthy
because the proposed method may be more competitive than other
methods in a real-world streaming video. We also validated the
stability and applicability of the proposed method by showing the
pre-trained network and layer comparison. This is a promising advantage for real applications such as a smart surveillance system
with limited resources. However, in the experiment on the VIRAT

datasets, some activities show lower recognition performance than
others. This could be a limitation of the proposed method that can
work better on interaction between moving objects than with nonmoving objects. Improving expandability of the proposed descriptor will be our forthcoming research.
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