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Abstract— Practically, it is more feasible to collect compact
visual features rather than the video streams from hundreds of
thousands of cameras into the cloud for big data analysis and
retrieval. Then the problem becomes which kinds of features
should be extracted, compressed and transmitted so as to
meet the requirements of various visual tasks. Recently, many
studies have indicated that the activations from the convolutional
layers in convolutional neural networks (CNNs) can be treated
as local deep features describing particular details inside an
image region, which are then aggregated (e.g., using Fisher
Vectors) as a powerful global descriptor. Combination of local
and global features can satisfy those various needs effectively.
It has also been validated that, if only local deep features are
coded and transmitted to the cloud while the global features
are recovered using the decoded local features, the aggregated
global features should be lossy and consequently would degrade
the overall performance. Therefore, this paper proposes a joint
coding framework for local and global deep features (DFJC)
extracted from videos. In this framework, we introduce a coding
scheme for real-valued local and global deep features with
intra-frame lossy coding and inter-frame reference coding. The
theoretical analysis is performed to understand how the number
of inliers varies with the number of local features. Moreover, the
inter-feature correlations are exploited in our framework. That
is, local feature coding can be accelerated by making use of
the frame types determined with global features, while the lossy
global features aggregated with the decoded local features can
be used as a reference for global feature coding. Extensive experimental results under three metrics show that our DFJC framework can significantly reduce the bitrate of local and global deep
features from videos while maintaining the retrieval performance.
Index Terms— Local deep feature, joint coding, visual search,
inter-feature correlation.

T

I. I NTRODUCTION
HE last decades have witnessed tremendous advances
in big data analysis. As the main part of big data,
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video data has exploded both in term of its quantity and
its applications, placing greater demands on its compression,
transmission and analysis. To address the video big data issue,
the classical solution is to compress videos with some video
coding standards and then transmit them to the cloud for
further analysis. Recently, inspired by deep learning, CNN
based video coding frameworks (e.g., [55]) have developed
to replace some coding modules with CNNs. To largely
reduce the network bandwidth, videos can be compressed at
a high compression ratio, but this will bring difficulties in
visual feature extraction, consequently reducing the accuracy
of video analysis [39]. More importantly, even the state-ofthe-art video coding standard, AOMedia Video 1 (AV1) [37],
is applied, it is still very hard to transmit such big amount of
compressed video streams into the cloud.
Instead, an alternative solution is to aggregate compact
visual features extracted from videos directly in the cameras
or edge servers, which are then compressed and transmitted to
the cloud. Compressed videos can be stored in the local servers
and only some of them are transmitted to the cloud on demand.
Practically, collecting compact visual features instead of video
content can greatly reduce the bitrate, relieving the costs on big
video data transmission and storage. Meanwhile, visual features extracted directly from cameras or from the high-quality
videos that are stored in the edge servers would enable better
analysis accuracy compared with those extracted from the
lower-quality videos that are possibly transmitted to the cloud.
For visual feature coding, nevertheless, the first thing is to
pick a feature set that is as sufficient but concise as possible
for visual analysis tasks. In the past decades, hand-crafted
local features like SIFT [24] and SURF [28] as well as their
expanded versions used to be popular. However, after the success of deep convolutional neural networks (CNNs) in many
visual analysis tasks (e.g., [15], [31]–[33]), research focus
has transferred to deep learning based methods. Recently,
the activations from the convolutional layers are interpreted as
local features (e.g., [13], [14]), consequently achieving better
performance than the existing hand-crafted local features in
some visual tasks such as image retrieval. Typically, local
features play an irreplaceable role in spatial verification [34]
because global features often will disregard the spatial information. Combination of local and global features is known
to deliver a better performance for large-scale image/video
retrieval task (e.g., [40], [41]), where global features are
first used to rank the reference images/videos with similarity
decreasing for a given query while local features are then
employed to re-rank a small set of the top matches.
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Local features are often aggregated into a powerful global
feature with aggregation approaches like Vector of Locally
Aggregated Descriptors (VLAD) [29] and Fisher Vectors
(FV) [30]. To bridge the gap between these aggregated representations and the matching techniques, AMSK and its
variants [56], [57] propose to combine them with a match
kernel. More recently, CNN-based or pooling approaches
(e.g., [35], [36], [46], [52], [60]) have also been developed.
[46] presents a nested invariance pooling method to derive
compact deep global features. Inspired by VLAD, [36], [52]
develop CNN-based VLAD layers which are trainable in an
end-to-end manner. Zhang et al. [60] extracts feature for
each frame of videos and constructs a visual dictionary with
clustering method to represent videos with frame clusters.
Moreover, deep learning based hashing methods show remarkable power in large-scale visual search and [44] presents
a comprehensive survey of the existed deep learning based
hashing methods for mobile visual search. For video hashing,
[45] proposes a deep network to extract binary codes in a set
of consecutive frames and results in multiple binary codes to
represent each video. In addition, action recognition methods
[53], [54] often extract deep features for segments at first and
then aggregate them to encode the entire video into a compact
feature representation. Lately, [58] proposes to directly extract
spatial-temporal features using 3-dimensional (3D) CNNs.
With numerous approaches proposed to extract features,
the diversity of them mainly lies in the following two aspects.
On one hand, the methods used for feature extraction are
quite varied, which reflects in different deep networks and
feature generation strategies. On the other hand, the feature
types are also different, which can be local features or global
features, float points or binary codes. Therefore, the feature
coding system is supposed to be universal and extensible,
that is the framework should have no limit to the feature
extracting methods and the feature types. If excellent feature
extracting methods are available, they can be easily integrated
into the system and the extracted features can be compressed
subsequently. Moreover, to collect features into the cloud for
big data analysis, the feature size should be scalable to meet
various bandwidth limitations in network transmission.
It should be noted that the problem of feature coding
has attracted the interest of research in the community for
several years. Visual feature coding for images was proposed
for different visual analysis tasks [48], [51], where [51]
employed high efficiency video coding (HEVC) [27] standard to compress features. Meanwhile, visual feature coding
for videos was put forward to further reduce the feature
temporal redundancy. Makar et al. [1], [2] proposed an
approach to encode temporally coherent patches or local feature descriptors (e.g., SIFT) for mobile augmented reality and
image recognition applications. In [3], they also developed an
inter-frame coding method for the residual-based global signature Residual Enhanced Visual Vector (REVV) [9]. Similarly,
Baroffio et al. [4], [5] proposed a local feature encoding
method for real-valued features such as SIFT and SURF. Following this, they also proposed a method [6] to encode streams
of binary local and global features. Huang et al. [11] proposed
an efficient coding framework for Compact Descriptors for
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Visual Search (CDVS) from video sequences [8]. In our
previous work [16], the encoding of global deep features
extracted from videos was addressed for the first time by utilizing the inter-frame correlation between features. In addition,
some works [51][52] came up to compress the keypoints or
the keypoint trajectories.
However, how to develop an universal and extensible
solution to compress both local and global deep features
still remains open. Meanwhile, approaches are proposed to
compress local and global features separately, but no work
investigates their interactions to further improve the overall
coding performance. In this paper, we propose an effective
deep feature joint coding framework for real-valued local and
global deep features (DFJC) extracted from videos, which
exploits the frature correlations to achieve better coding performance. Overall, this work mainly contains two contributions:
1) The intra-frame lossy coding and inter-frame reference coding are designed for local deep features. The
intra-frame coding process consists of feature selection,
multi-bit quantization and coordinate coding modules.
Moreover, a theoretical analysis is performed to understand how the number of inliers varies with the number
of features. While the inter-frame coding process is
realized by encoding the relative motions between two
frames with multiple motion matrices.
2) The inter-feature correlations between local and global
deep features are effectively exploited in the DFJC
framework. On the one hand, global features are used
to make frame type decision and then local feature
coding can be accelerated by making use of the frame
types. On the other hand, the decoded local features
can aggregate into a lossy global feature which can be
utilized as a reference for global feature coding.
For global features, we partially adopt the method proposed in
our previous work [16] and redesign some tools for real-valued
features. Extensive experiments on three datasets show that the
proposed DFJC framework can significantly reduce the bitrate
while maintaining the retrieval accuracy.
The rest of this paper is organized as follows. In Sec. II,
we illustrate the DFJC framework. In Sec. III, we develop
different tools for local deep feature coding. Section IV
presents how to joint coding the local and global deep features. In Sec. V, we describe the global deep feature coding
algorithms. In Sec. VI, we report the experimental results on
the benchmark datasets. Finally, Sec. VII concludes this paper.
II. F RAMEWORK
The proposed joint coding framework for local and global
deep features is illustrated in Fig. 1. As a whole, it consists of
three main parts, i.e., local deep feature coding, global deep
feature coding, and the joint coding of them by exploiting
their correlations. Basically, the original feature set of a frame
consists of uncompressed local deep features and a global deep
feature. Given an input video, we first extract dense features
from some convolutional layer of a CNN for each frame.
In this study, we take the method in [14] which proposes
an attentive local feature descriptor based on CNNs referred
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Fig. 1.

Overview of our joint coding framework for local and global deep features. The joint coding process is indicated with the green modules.

to as DELF (DEep Local Feature). Specifically, it uses the
output of the conv4x convolutional block taken from the
ResNet50 [12] model that is pre-trained on ImageNet [15] and
fine-tuned for different target datasets. Then the convolutional
features with higher attention scores are retained as local
deep features for future compression, meanwhile these uncompressed local features are aggregated as the original global
deep feature. VLAD is adopted for global feature aggregation,
while other methods can also be used.
In order to utilize the temporal redundancy of deep
features in consecutive frames, three types of frames
are defined according to their potential coding modes:
Independently-coded frame (I-frame), Predictively-coded
frame (P-frame) and Skip-coded frame (S-frame). Features in
I-frames are always coded independently, without referencing
to other frames for coding and decoding. This I-frame can
thus provide a high-quality reference for the other frames.
Features in P-frames are coded by referencing to I-frame.
While, features in S-frames are directly represented with the
features in the previously-coded I- or P-frames. All the frames
between two neighboring I-frames, together with the first
I-frame, are grouped as a Group of Frames (GOF) and
the GOF size is adaptively determined. Moreover, each
GOF is divided into several sub-GOFs such that each
sub-GOF contains only one I- or P-frame. As shown in
our previous work [16], the definition of frame types can
significantly reduce the overall bitrate with little or no
performance loss.
When each GOF has been divided into several sub-GOFs,
the best representative frame in each sub-GOF will be selected
as the actual I- or P-frame with Adaptive Prediction Structure (APS) [16]. The frame type decision process is often
based on the temporal redundancy of the features in two
consecutive frames. If the performance of pairwise matching
between the local features in two consecutive frames is used
to evaluate the temporal redundancy, the computational cost
will be great. However, compared with pairwise matching,
the distance calculation between two global features is really
with low-complexity and thus is adopted to determine the
frame type in this study. Then both local and global deep
features are coded according to the frame types.

Before feature compression, a subset of the local deep
features with higher scores are selected to be coded.
For I-frames, both the real-valued descriptors and the coordinate information need to be quantized. Specifically, since
the statistic distribution of the descriptors looks like a
zero-centered Gaussian distribution, it is more suitable to
quantize the descriptors with non-uniform quantization methods than the uniform ones. Meanwhile, the coordinate information is quantized by dividing each frame into grids and using
a bit to indicate whether there are features in a grid. For grids
with features, a number is further used to indicate the number
of features in the grid. While for P-frames, after feature matching with the corresponding I-frame, the coordinate differences
in the two frames are presented with an affine transform matrix
expressing the relative motion, and the descriptors are directly
represented by the ones in the previously-coded I-frame.
Moreover, in a real scenario, multiple transform matrices are
also provided to adequately express different moving objects
in a frame.
Global deep features are also coded independently or predictively. Intuitively, the original global feature can be coded
and transmitted to the cloud directly. However, in some cases,
the lossy feature may be similar with the original feature, thus
coding the residue between the lossy global feature and its
corresponding original version could be more cost efficient.
Thus in order to save the bitrate while maintaining the performance, we propose two coding options for both I-frames
and P-frames. For I-frames, the decoded local features are first
utilized to recover a global feature and this aggregated global
feature is used as a reference. That is, one option is coding
the original vector and the other one is coding the residue
between the aggregated global feature and its original version.
While for P-frames, besides the original vector, the residue
between the original vector and the decoded global feature of
I-frame is also an option for coding. To compress the original
and residual vectors, we propose a weighted coding method
and quantize the vectors with the non-uniform quantization
method. Then the vector with less rate-distortion cost is chosen
to be encoded and transmitted.
In the last step, we apply Context Adaptive Binary Arithmetic Coding (CABAC) algorithm [17] to eliminate the
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statistical redundancy, where the context models are used in a
similar way as HEVC. Five context models are developed in
our study, three for local feature coding while the other two
for global feature coding. All context models are initialized
every GOF. Then the bit-stream of each frame along with other
side information (e.g., the frame type, the feature number in
each frame) will be transmitted to the cloud and the decoded
features will be used as the references in the coding of the
following features.
III. L OCAL D EEP F EATURE C ODING
Let In (n = 1, 2, . . . , N) denotes the
frame in a video
of size Ix x I y , where N is the number of the frames.
{L max
n , G n } denotes the deep features extracted from In ,
= {ln1 , ln2 , . . . , lnMmax } refers to a set of Mmax local
where L max
n
deep features and G n refers to a V-length global deep feature
i
aggregated with L max
n . Each feature l n contains a W-length
i
descriptor dn , the associated coordinate (x ni , yni ), the scale δni
and the attention score sni . Both dni and G n are real-valued in
our work. As for lni = {dni , (x ni , yni ), δni , sni }, we only consider
the bitrate used to encode the descriptor and the coordinate,
while δni is quantized with a fixed number of bits and sni is
just used for feature selection in the encoder and will be not
transmitted to the cloud.
In the following subsections, we will present the details
about three main parts of local deep feature coding in our
DFJC framework: feature selection, intra-frame coding and
inter-frame coding. At last, a theoretical analysis is performed
to explain how the number of inliers varies with the number
of features.

Fig. 2. Curves to verify the effectiveness of two feature selection strategies.

nt h

A. Attention Score Guided Deep Feature Selection
Because of bandwidth limitation, features are often compressed by reducing the number and the size of the features.
In general, to reduce the number of the features while maintaining the analysis performance, high attention scores are
often assigned to features useful for visual analysis and then
local deep features are selected by removing features with
lower scores. Specifically, in this study, we first allocate a
score for each feature with the method in [14]. Next, suppose
= {ln1 , ln2 , . . . , lnMmax } are already
the local features in L max
n
ranked with their scores decreasing, a subset of L max
with
n
higher scores L n = {ln1 , ln2 , . . . , lnMr } are selected for future
compression and transmission where Mr less than Mmax is
the number of the selected features.
We design two feature selection strategies, namely, Fixed
Ratio of the Feature Number (FRFN) and Fixed Ratio of the
Feature Scores (FRFS) in this study. FRFN is to select a fixed
ratio of the original feature number and FRFS is to select a
fixed ratio of the sum of the feature scores. That is, Mr is
decided by the selection ratio r ,
⎧ M
r
⎪
,
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⎪
⎪
⎪
M
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⎪
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⎪
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⎪
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⎪
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⎩
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Fig. 3.

The statistic distribution of the descriptors of DELF.

We compare these two strategies in Fig. 2 with four moving
camera sequences in the MAR dataset where each sequence
contains a common object captured with a mobile phone.
The number of inliers (the matched features) Ninliers is used
to evaluate the matching performance and a higher Ninliers
indicates a better performance. Both MAR and Ninliers are
described in Sec. VI. The result is measured under four
different selection ratios in set {0.25, 0.5, 0.75, 1.0} and the
maximum feature number is set as 200. It is observed that
the two selection strategies have a comparable performance.
To control the bitrate more intuitively, FRFN is adopted in this
study.
B. Intra-Frame Coding
The local deep features extracted from I-frames are encoded
independently from the features extracted from other frames.
Specifically, the intra-frame coding process for local deep
features consists of descriptor’s multi-bit quantization and
coordinate coding. We evaluate the performance of these two
modules in this part with four moving camera sequences in
the MAR dataset and analyse the results on average of all the
frames.
1) Multi-Bit Quantization: In the literature [38], it has been
observed that exploiting redundancies of local features belonging to the same frame does not bring significant coding gains,
so we just encode each local descriptor individually. As shown
in Fig. 3, the descriptors of DELFs are real-valued in the range
of {−1, 1} and the statistic distribution of them looks like a
zero-centered Gaussian distribution. In the following, three
quantization methods including scalar uniform quantization,
Balanced quantization [19] and Greedy approximation [18]
are applied to quantize the descriptors.
Suppose each element is quantized to q bits, Balanced
quantization firstly constructs 2q intervals making each
interval contain the same proportion of the distribution.
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Fig. 4.
Greedy approximation illustration: approximate the real-valued
descriptor with a sum of scaled binary vectors.
Fig. 6.
Allocation of one frame’s bit budget between descriptors and
coordinates.

Fig. 5.
Comparisons of different quantization methods on two metrics:
(a) Ninliers , (b) Jaccard.

Then each element of the descriptor is quantized to the center
of its corresponding interval. As illustrated in Fig. 4, Greedy
approximation quantizes the descriptor dni by approximating it
with a binary expansion, that is
dni ≈ B, a =

q−1


aj Bj,

(2)

j =0

where B ∈ {0, 1}W ×q and a ∈ Rq are the concatenations of q binary vectors {B0 , . . . , Bq−1 } and q
scale factors {a0 , . . . , aq−1
 } respectively. The reconstruction
error e = dni − B, a2 can be minimized to obtain the
binary expansion, but it is time consuming. For simplicity,
B j and a j are sequentially learnt and each of them is approximate with the current optimum. That is,




B j , a j = arg min  R̂ j − a B  ,
B∈{0,1}W ,a∈R

R̂ j = dni −

j −1


a k Bk

2

(3)

k=0

where R̂ j is the approximation residue after j -bit quantization.
It can be solved through derivative calculations, and we have,
B j = sgn( R̂ j )
aj =

B j , R̂ j

(4)
W
in which sgn() calculates the sign of the element.
We evaluate these three quantization methods in Fig. 5 with
two metrics Ninliers and Jaccard under four different numbers
of bits quantization in set {1, 2, 3, 4}. Jaccard index described
in Sec. IV evaluates the localization accuracy and a higher
value indicates a better performance. The comparison results
illustrate that the two non-uniform quantization methods (Balanced quantization and Greedy approximation) perform better
than the uniform quantization method both on the matching

performance and the localization performance. In other words,
uniform quantization method is not suitable for non-uniformly
distributed data such as the descriptors of DELFs.
Moreover, we compare the complexities of these methods.
As for Scalar uniform quantization, only a division operation
is needed to quantize the element to its corresponding interval,
thus the complexity for a W-length descriptor is O(W ). While
for Balanced quantization, each element is compared with 2q
intervals, then the minimum complexity is O(W q). For Greedy
approximation, B j and a j are sequentially learnt with Eq. 4
and the complexity is O(W ). Thus the total complexity for
q-bits quantization is O(W q). Overall, Greedy approximation
gets the best performance among the three methods with
reasonable complexity. Consequently, in this study, DELF will
be quantized with Greedy approximation and the two-bit quantization is selected as a good tradeoff between performance
and bitrate.
2) Coordinate Coding: For coordinates, we adopt the coordinate coding method in [8], where each frame is first divided
into grids of 3x3 pixels. Then a histogram map is used to
indicate whether there are features in each grid (‘0’ means
there are no features and ‘1’ opposite) and a histogram count
indicates the number of features in the nonzero grids. Both
the histogram map and histogram count are encoded with the
context-based arithmetic coders.
We investigate the average allocation of DELFs’ bit budget
between their descriptors and coordinates in Fig. 6. The blue
histogram indicates the bitrate without compression, expressing each element of a descriptor with 32 bits and each
element of the histogram count with 8 bits. Correspondingly,
the orange histogram indicates the bitrate with compression.
It is observed from the result that the context-based arithmetic
coding method achieves 23x bitrate reduction for the coordinates and the overall bitrate allocation ratio of the descriptors
to the coordinates is about 10:1.
C. Inter-Frame Coding
The inter-frame coding process for local deep features of
P-frames will be described in this part. Suppose the n t h
frame is a P-frame with local features L n = {ln1 , ln2 , . . . , lnMr },
the I-frame of the same GOF with local features
L r f (n) = {lr1f (n) , lr2f (n) , . . . , lrMf r(n) } is its reference frame,
where r f (n) is the frame index. After feature matching, each
rl(i)
local feature lni in the P-frame has a reference one lr f (n) in
the I-frame where rl(i ) is the feature index of lrrl(i)
f (n) in L r f (n) .
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Fig. 7.
Comparison between unidirectional reference and bidirectional
reference.

It is shown in [26] that the coordinate differences expressing
relative motion can be efficiently described with an affine
transform matrix obtained from RANSAC [24] computation.
Let M denote an affine transform matrix with six real-valued
parameters. We quantize M with the fixed-bit scalar quantization and M̃ denotes the matrix after inverse quantization.
Through RANSAC computation, most coordinates in the current frame can be predicted from their reference coordinates
with M̃, specifically, the coordinate (x ni , yni ) of lni is predicted
rl(i)
rl(i)
with its reference one (xrrl(i)
f (n) , yr f (n) ) of lr f (n) as follows,
⎡ rl(i) ⎤ ⎡
⎡ i⎤
⎤ ⎡ x rl(i) ⎤
xr f (n)
a b c
x̃ n
r f (n)
⎥ ⎣
⎥
⎢
⎣ ỹni ⎦ = M̃ × ⎢
= d e f ⎦ × ⎣ y rl(i) ⎦ (5)
⎦
⎣ yrrl(i)
f (n)
r f (n)
0 0 1
1
1
1
where (x̃ ni , ỹni ) is the estimation of (x ni , yni ).
In practice, an I-frame is usually inserted when scene cut or
a certain degree of content change happens, thus consecutive
frames as well as the features in the same GOF should have
great similarities. Then we don’t need to encode the descriptor
differences between the matched feature pairs, and this have
been proved achieving a significant bitrate reduction without
degrading the image matching performance in [26]. Therefore,
we directly represent the descriptor with its reference one in
the I-frame. Then we only have to transmit the quantized affine
transform matrix M̃ instead of the coordinate differences and
a reference map indicating the referenced features meeting M̃
in the I-frame. The reference map is a binary vector of the
same size as the local feature number in the I-frame and a
bit ‘1’ indicates the feature of the same index in the I-frame
will be referenced while ‘0’ opposite.
With APS, an I-frame is more likely to be in the middle of
a GOF, so it can be bidirectionally referenced by the P-frames
of the same GOF before or after it. While, if I-frame is always
the first frame of a GOF, it will be unidirectionally referenced
by the other P-frames following it. Unidirectional reference
(I-frame is the first frame of a GOF) and Bidirectional
reference (the position of I-frame is decided with APS) are
compared under four different feature numbers with only
I- and P-frame types in Fig. 7. As the result indicates,
Bidirectional reference has a better matching performance than
Unidirectional reference by keeping more useful local features
due to a shorter propagation interval.
In addition, some scenarios may contain multiple regions
of interest in a frame. Fig. 8 shows two frames from a
surveillance video of the same GOF, where the regions of

Fig. 8.

Fig. 9.

Visualizing multiple motions in one frame.

Block diagram of multiple motions estimation.
TABLE I

I NFLUENCE OF THE M OTION N UMBER ON THE
M ATCHING P ERFORMANCE

interest are always the moving pedestrians. Some features
extracted from two people are marked with yellow and blue
crosses respectively, meanwhile arrows are used to connect
the matched feature pairs. Actually, motions of these two
people meet two different affine transform matrices (denoted
as M1 and M2 ). Therefore, for this kind of scenario, it is
necessary to use multiple affine transform matrices to represent
motions of different moving parts.
Figure 9 visualizes the block diagram of multiple motions
estimation. Firstly, feature matching is performed between the
feature sets of P-frame and its reference I-frame to obtain the
feature pairs. Then a motion matrix is estimated with these
feature pairs through RANSAC computation and the features
meeting the motion matrix (inliers) are removed from the set
of the feature pairs, while the remaining feature pairs are
used for the next motion estimation. Multiple motion matrices
are iteratively estimated until the number of inliers for some
matrix is lower than a threshold Tinliers . To reserve as many
features as possible, Tinliers is set to six in our work, since
it takes at least three feature pairs to estimate a matrix. Thus
different groups of inliers corresponding to different matrices
are separated. In the end, all the matrices together with their
corresponding reference maps are encoded and transmitted. In
Table I, the inter-frame coding with multiple motion matrices
is evaluated under four different numbers of affine transform
matrices in set {1, 2, 3, 4} on the VFC-1M surveillance dataset,
which may contain multiple moving objects like pedestrians
and vehicles in a frame and is described in Sec. VI. The GOF
contains only I- and P-frames and the DELFs are extracted
from the regions of interest. We can observe from the result
that the matching performance improves with the number of
the motion matrices increasing, because more useful features
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Fig. 11. The curves represent different relationships between the number of
features Mr and that of the inliers Ninliers .

Fig. 10. The empirical distributions of the number of inlier for matching
and non-matching image pairs as well as their well-modeled distributions
p (K |Mr ) and p K̄ |Mr : (a) Mr = 400, (b) Mr = 300, (c) Mr = 200,
(d) Mr = 100.

are kept with more transform matrices while introducing little
bitrate cost.
D. Analysis How the Number of Inliers Varies
With the Number of Features
Generally, the number of selected local features influences
the retrieval performance. In this part, a theoretical analysis
is conducted to explain how the number of inliers varies with
the local feature number. Basically, the retrieval performance is
tightly related to the number of inliers (or matched features).
Let K and K̄ denote the number of inliers for a matching
image pair and a non-matching image pair respectively. Firstly,
we model the distributions of K and K̄ . For a query image
with Mmax local features, whether the local features are inliers
for a reference image can be presented by an Mmax -length
binary vector where ‘1’ indicates an inlier and ‘0’ indicates a
non-inlier. Generalized Binomial Distribution(GBD) [10] can
capture the dependence between bits and the non-constant
probabilities of success (be ‘1’) from bit to bit, as such it
is used to model the distributions of K and K̄ .
Then, the conditional distribution of K with local feature
number Mmax is p (K |Mr = Mmax ) = pG B D (k|m) where
the conditional distribution of K̄ ,
m  = Mmax . Similarly,

p K̄ |Mr = Mmax , can also be modeled with GBD. Note that
the calculation for pG B D (k|m) has been described in [10] in
detail and the parameters {α, θ } in pG B D (k|m) are trained
with matching and non-matching image pairs from the training
dataset Paris6k [43] which is composed of 6,412 images
of landmarks in Paris. To state it more clearly, we plot
the modeled p(K |Mr = Mmax ) and p( K̄ |Mr = Mmax ) as
well as their empirical distributions over the Rome landmark dataset (RLD) in Fig. 10(a) where Mmax is set to
be 400. RLD contains videos of different landmarks in Rome
and is described in Sec. VI. We can see that the modeled
distributions can fit the empirical distributions well.

if Mr is less than Mmax , p (K |Mr ) and

Moreover,
will
p K̄ |M
r

 change accordingly, and we model p (K |Mr )
and p K̄ |Mr in two steps: firstly, two different functions
are utilized to describe the relationships between the number of inliers and that of local features for matching and
non-matching image pairs. Secondly, based on the relationships as well as p(K |Mr = Mmax
 ) and p( K̄ |Mr = Mmax ),
we can derive p (K |Mr ) and p K̄ |Mr . Theoretically, it is
difficult to precisely model the relationships mainly because
they can be affected by the score function. However, by assuming useful features would be assigned high scores, we come
up with a rough estimation of the relationships as follows.
In Fig. 11, three curves are used to represent three different
relationships between the number of the selected features Mr
and the number of inliers Ninliers . These three specific curves
are only used to aid analysis and understanding, and do not
represent the real relationships. Specifically, the green curve
describes an ideal but non-existent case where all the inliers
have higher scores than the non-inliers, so the inliers are
always selected preferentially. The blue curve means Ninliers
has a linear relationship with Mr , that is, local features with
different scores have equal probabilities to be inliers and it
properly describes the relationship for non-matching pairs.
Let K̄ max denote the number of inliers for non-matching pairs
when the feature number is Mmax , thus we have the following
relationship,
K̄ =

Mr
K̄ max .
Mmax

(6)

Nevertheless, for matching pairs, features with higher scores
are more likely to be inliers, hence more inliers are selected
at the beginning. Therefore, the red curve between the other
two curves is reasonable to describe the relationship between
K and Mr .
For the sake of simplicity, we use the second order Taylor
expansion to approximate the red curve,
K = a2 · Mr 2 + a1 · Mr + a0 ,

(7)

where K and K max are the number of inliers for matching
pairs when the feature numbers are Mr and Mmax respectively. Because this curve goes through two points (0, 0) and
(Mmax , Kmax ), we have,
⎧
⎨a 0 = 0
(K max − a1 · Mmax )
(8)
⎩a 2 =
.
2
Mmax
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In the meantime, Eq. 7 must be a strictly non-decreasing function within the definition domain of {0, Mmax }, so, according
to the properties of quadratic polynomials, we get,
⎧
⎨a 2 < 0
K max
2 · K max
a1
⇒
< a1 <
.
(9)
> Mmax .
⎩−
Mmax
Mmax
2 · a2
In summary,
⎧
(K max − a1 · Mmax )
⎪
⎪K =
· Mr 2 + a1 · Mr ,
⎪
2
⎪
M
⎪
max
⎨
K max
2 · K max
< a1 <
, f or matchi ng pair s; (10)
⎪
M
M
⎪
max
max
⎪
⎪
Mr
⎪
⎩ K̄ =
K̄ max , f or non − matchi ng pair s,
Mmax
Consequently, we can
where a1 is assigned experimentally.


derive p (K |Mr ) and p K̄ |Mr with Eq. 10, where the
distributions
of Kmax and K̄ max are p (K |Mr = Mmax ) and

p K̄ |Mr = Mmax . Figure 10(b)(c)(d) plot the real distributions of the number
and their modeled distributions

 of inliers
p (K |Mr ) and p K̄ |Mr under three feature numbers in set
{100, 200, 300}. We can discern that the modeled distributions
are basically in line with the real distributions and this validates the correctness of the relationships in Fig. 11.
IV. J OINT C ODING OF L OCAL AND G LOBAL
D EEP F EATURES
Features extracted from one frame should have some correlations, so we can effectively exploit these inter-feature
correlations for bitrate saving. In this section, we focus on
the joint coding of local and global deep features.
A. Global Feature Based Frame Type Decision for
Efficient Local Feature Coding
Considering two extreme cases: when scene cut happens,
the current features will not match well with their previous
features; conversely, when the scene is almost unchanged,
the features will also remain almost unchanged. Thus,
to accommodate different degrees of scene change, we design
three frame types according to the temporal redundancy of the
features in two consecutive frames. Let DG n,n−1 represent
the global feature distance between the current global feature
G n and its preceding one G n−1 and DL n,n−1 represent the
local feature distance between the current local feature set
L n and its preceding one L n−1 . Normally, a larger feature
distance represents a smaller temporal redundancy. However,
the computational cost of DL n,n−1 calculated with pairwise
matching is much more than that of DG n,n−1 calculated with
Euclidean distance, where
DG n,n−1 = G n − G n−1 2 .

(11)

For example, under the same experimental environment,
the computation of DG n,n−1 for 1024-length VLADs will take
1ms, while the computation of DL n,n−1 for 40-length DELFs
will take 50ms which is really time-consuming. Actually,
the frame types for local and global features of one frame
are often consistent, thus we use the Euclidean distance of the
global features to make frame type decision and local feature
coding takes advantage of the frame types for acceleration.
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Fig. 12. Visualizing the process of frame type decision. Arrows indicate the
reference relationships.

Figure 12 visualizes the process of frame type decision,
in which the frame sequence {I1 , . . . , I N } is first grouped
into several GOFs and each GOF is further divided into
several sub-GOFs. Specifically, if the distance DG n,n−1 is
larger than a pre-defined threshold T I P , In will be decided
as the start of a new GOF. To avoid possible coding error
propagation, we define the maximum GOF size as G O Fmax .
If the current GOF size reaches G O Fmax , an I-frame will be
inserted. Meanwhile, if DG n,n−1 is equal to or smaller than
the threshold T I P , but larger than a smaller threshold T P S ,
In will serve as the parting of two sub-GOFs and belong to
the second sub-GOF.
So far, each GOF has been divided into several sub-GOFs.
Then a representative frame is selected in each sub-GOF with
APS. We formulate APS as a search problem of the optimal
reference among several consecutive frames, which can be
efficiently solved by a greedy search strategy. For a sub-GOF
{Ii1 , Ii2 , . . . , Ii J }, we first calculate the Euclidean distance of
each global feature with the others,
DG group (k) =

J



G ik − G i j  ,
2

(12)

j =1

where DG group (k) is the group distortion between G ik and
the other features in the same sub-GOF, k = 1, 2, . . . , J .
For each sub-GOF, the frame with the lowest group distortion
should be selected as the representative. On this basis, the best
one among the representatives of the sub-GOFs is further
decided to be the I-frame and the others P-frames. Intuitively,
compared with sequential reference (the first frame is the
representative one), APS can result in a smaller feature coding
bitrate as well as a better analysis/retrieval performance by
providing good references for the features in the same GOF.
B. Lossy Global Feature Aggregation With Decoded Local
Features for Global Feature Coding
In the decoder, a lossy global feature Ḡ n can be aggregated
with the decoded local deep features denoted as L̃ n . In Fig. 13,
we study the influence of local feature compression on the
retrieval performance of the aggregated lossy global feature,
where MAP is evaluated on RLD under four different feature
numbers. The three curves correspond to three number of bits
in set {1, 2, 3} used for DELF quantization. It is observed that
the more bits used for local descriptor quantization, the better
performance the lossy global feature gets. For comparison,
a separate marker on the right edge states the performance
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Fig. 13.
The influence of local feature compression on the retrieval
performance of its aggregated lossy global feature.

of the original global feature aggregated from the uncompressed DELFs. We observe that the retrieval performance
improves with the number of bits used for DELF quantization
increasing, and the lossy global feature recovered from DELFs
quantized with three bits almost reaches the performance of the
original global feature. As the number of DELFs increasing,
the performance decreases a little which is probably because
more noisy features with small attention scores are selected
for global feature aggregation.
Practically, considering the bandwidth limitation, one or
two bits quantization is often used for local feature coding.
In this case, transmitting local deep features only is insufficient for many visual analysis tasks. From another point of
view, the lossy global feature Ḡ n ia similar with its original
version G n , thus coding the residue between Ḡ n and G n may
be more cost efficient, where the residue is denoted as Cn,n̄ ,
Cn,n̄ = G n − Ḡ n .

(13)

On these grounds, in order to save the bitrate while maintaining the analysis performance, we utilize the lossy global
feature as a reference for global feature coding. Namely,
besides coding the original global feature G n directly, coding
the residue Cn,n̄ is also an option. If the residue is chosen to
be encoded, we will obtain the decoded local deep features
L̃ n and the decoded residue C̃n,n̄ in the cloud. Then, adding
C̃n,n̄ to Ḡ n , we get the final recovered global feature G̃ n ,
G̃ n = C̃n,n̄ + Ḡ n .

(14)

s
S
divide Cn,n̄ into a group of equal-length sub-vectors {Cn,
n̄ }s=1 .
Then each sub-vector is assigned a weight reflecting the subvector’s importance to the original global feature. The weight
s
of the s t h sub-vector Cn,
n̄ is defined as,

Wn s =

s
Cn,
n̄ 

G n 

.

Technologically, global deep features in I- and P-frames are
coded independently or predictively. For I-frame, as mentioned
before, there are two coding options, one is coding the original
vector G n and the other one is coding the residual vector
Cn,n̄ . While for P-frame, the decoded global feature of I-frame
G̃ r f (n) should be a better reference than Ḡ n where r f (n) is
the index of the I-frame. Therefore, there are also two coding
options for P-frame. Besides G n , the residue between G n and
G̃ r f (n) denoted as Cn,r̃ f (n) is also an option for coding, where
(15)

To compress the original or residual vectors, we propose
a weighted coding method to save the bitrate by ignoring small coefficients. Taking Cn,n̄ as an example, we first

(16)

According to the weight, we design two candidate modes for
each sub-vector:
1) code mode: Encode and transmit the sub-vector;
2) skip mode: Transmit nothing.
If Wn s exceeds a predefined threshold, code mode will be
selected, otherwise skip mode. As a whole, a two-step compression is adopted: firstly, an S-length mode-vector is used
to denote the modes of the sub-vectors, where ‘1’ indicates
code mode and ‘0’ indicates skip mode. Secondly, only the
sub-vectors of code mode are quantized and transmitted. The
mode-vector is encoded using a context-based arithmetic coder
and the sub-vectors are quantized with Greedy Approximation.
Subsequently, rate-distortion cost is used to determine which
vector to code, the original vector or the residual vector.
For I-frame, the cost for coding Cn,n̄ is
Jr = D(C̃n,n̄ , Cn,n̄ ) + λ · R(C̃n,n̄ ),

(17)

where D(C̃n,n̄ , Cn,n̄ ) is the distortion for presenting Cn,n̄ with
C̃n,n̄ and it is obtained by calculating the distance between
Cn,n̄ and C̃n,n̄ . R(C̃n,n̄ ) is the bitrate for coding C̃n,n̄ . λ is the
Lagrangian multiplier. While the cost for coding G n is
Jo = D(G̃ n , G n ) + λ · R(G̃ n ).

V. G LOBAL D EEP F EATURES C ODING

Cn,r̃ f (n) = G n − G̃ r f (n) .

Fig. 14. Verification of the effectiveness of taking the lossy global feature
as a reference.

(18)

A smaller rate-distortion cost often indicates a better coding
performance, so the vector with a smaller cost is selected to be
encoded and transmitted. Practically, the bitrate of the global
feature is much smaller relative to that of the local features,
but the distortion of the global feature directly influences the
final retrieval performance. Thus, in this work, lambda is set
to a small value 0.0005 which protects the global feature from
large distortion. Similarly, for P-frame, the vector in G n and
Cn,r̃ f (n) with a lower rate-distortion cost is selected.
Finally, we evaluate the retrieval performance of the global
coding tools on RLD under four number of bits quantization
in set {1, 2, 3, 4}. In Fig. 14, we evaluate the effectiveness of
taking the lossy global feature as a reference by comparing
two schemes: coding the original global feature G n only
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Fig. 15. Verification of the effectiveness of two coding modes: code mode
and skip mode.

(denoted as Original coding); coding G n or the residual vector
Cn,n̄ (denoted as Original + Residual coding). All the frames
are coded as I-frame with only code mode on. As we have
expected, the result proves that utilizing the aggregated lossy
global feature as a reference for global feature coding provides
performance improvement. We also evaluate the effectiveness
of code mode and skip mode in Fig. 15, from which one can
discern that skip mode has a potential to reduce the bitrate
with little analysis/retrieval performance reduction. As the
retrieval performance approaches its maximum value, the little
performance fluctuation less than 0.005 is reasonable.
VI. E XPERIMENTS
In this section, since we have tested the performance of
different components in the previous sections, several experiments are conducted mainly from two objectives: to evaluate
the advancement of deep feature and our framework, and to
evaluate the effectiveness of our method.
A. Datasets
To evaluate the joint coding framework, three public datasets
for video retrieval Rome landmark database (RLD) [21],
Stanford streaming mobile augmented reality (MAR) dataset
[20] and our Video Feature Coding Dataset (VFC-1M) [16]
are employed in this work. Meanwhile, 10K images from
FLICKR1M [22] serve as distracters. Figure 16 shows some
query examples along with their relevant examples.
1) Rome Landmark Database (RLD): The dataset consists
of 10 videos each capturing a different landmark in the city
of Rome with a camera embedded in a mobile device. These
videos are recorded at 24 fps, whereas the resolution ranges
from 480x360 pixels to 640x360 pixels. The first 50 frames of
each video are used as query. Each query video corresponds
to a number of relevant images representing the same physical object under different conditions and with heterogeneous
qualities in the database.
2) Stanford Streaming Mobile Augmented Reality (MAR)
Dataset: The dataset consists of 23 objects including books,
CD covers, DVD covers and common objects. These videos
are captured with a hand-held mobile phone with different amounts of camera motion, glare, blur, zoom, rotation
and perspective changes. Each video is 100 or 200 frames
long, recorded at 30 fps with resolution 640x480 pixels. The
ground-truth location of the object is given in the database.
3) Video Feature Coding Dataset (VFC-1M): The dataset
contains surveillance videos captured with fixed cameras distributed in campus and recorded at 30 fps with resolution

Fig. 16.

Visualizing the datasets: (a) RLD, (b) MAR dataset, (c) VFC-1M.

1920×1080 pixels. In this work, a video clip of 200 frames
long is employed for evaluation. There are 1730 pedestrians
in this video and 500 of them with different postures are used
as queries. Each query corresponds to a number of relevant
images representing the same person.
B. Evaluation Metrics
To evaluate the performance of the proposed methods,
the following three measure metrics are used:
1) Matching Performance: In the query videos, each frame
is labeled with an index corresponding to the reference images
in the database. Firstly, the query video frame matches with
its relevant image according to the ratio test method [23].
Then the outliers are filtered out according to the geometric
evaluation by the RANSAC algorithm. At last, the number of
inliers (the matched features) Ninliers is used as a metric for
matching performance evaluation.
2) Localization Performance: Given the ground-truth location of the object in the relevant image, the quadrilateral
of the object in a query video frame is estimated by the
geometric projection using RANSAC. The Jaccard index [25]
is utilized as the localization accuracy evaluation metric, which
is defined as a ratio between the area of intersection between
the ground-truth and the projected quadrilaterals, and the area
of their union.
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3) Retrieval Performance: In the query videos, each
frame/object is labelled with an index corresponding to its
relevant images in the database and the performance of each
frame/object is evaluated. Two commonly used metrics for
retrieval task are Mean Average Precision (MAP) and mean
Precision at rank k (P@k). MAP and P@k for Q query images
are calculated as follows,
NI
1 Q
k=1 Pl (k) i l (k)
M AP =
(19)
l=1
Q
Rl
k
1 Q
r=1 i l (r )
(20)
P@k =
l=1
Q
k
where Pl (k) is defined as the ratio of retrieved positive (similar
to query) images to the number of retrieved k relevant images;
i l (r ) is an indicator function which equals ‘1’ if the image at
rank r is a relevant image and ‘0’ otherwise; Rl is the total
relevant images for the l t h query. N I is the total number of
images in the database. MAP considers all the returned images
as well as the order of them, while P@k concerns with the
most relevant ones.
C. Experimental Results
In the following subsections, experiments are conducted to
evaluate the coding performance of our DFJC framework.
We first verify the advancement of local and global deep
features by comparing them with hand-crafted features. Then
we compare our method with existing methods to verify the
advancement of our framework for the retrieval task. Next,
we validate the effectiveness of the joint coding scheme and
diferent configurations. Finally, we evaluate the effectiveness
of our method for video features of action recognition and
further compare our method with other methods.
In our experiments, the descriptor length for local and
global deep features are 40 and 800 respectively. For global
features, each sub-vector is of the same length as the local
descriptors. We provide three different coding configurations:
IIII, IPPP and IPSS. IIII denotes all the frames are I-frames;
IPPP denotes the frame type is either I- or P-frame; while
IPSS denotes that the three frame types are used. Re-ranking
is performed on the top-200 candidates resorting to the local
features to accelerate the retrieval process. Rate is evaluated
in terms of Kbits per frame for a better understanding of the
compression ratio.
1) Verifying the Advancement of Deep Feature: Firstly,
we verify the advancement of local and global deep features
for the retrieval task. We compare the deep feature encoding
DELF and its aggregated features with the hand-crafted feature CDVS encoding SIFT and Scalable Compressed Fisher
Vector [42]. Comparison results on the three datasets are
shown in Fig. 17 where different bitrates are achieved by
setting four feature sizes from 512 Bytes to 4096 Bytes.
For deep feature coding, all the features are coded with our
coding tools developed for I-frame. For CDVS coding, all
the parameters are left equal to their default values. Curve
‘CDVS local + Deep global’ uses the local feature of CDVS
and the global deep feature. From the comparison results
in Fig. 17(a), we can find that CDVS doesn’t do well when

Fig. 17. Comparisons between deep feature and CDVS: (a) Rate-MAP curves
on RLD, (b) Rate-Inliers curves on RLD, (c) Rate-MAP curves on VFC-1M,
(d) Rate-Inliers curves on VFC-1M, (e) Rate-Inliers curves on MAR, (f) RateJaccard curves on MAR.

the feature size is small, while adopting global deep feature
greatly improves the retrieval performance based on CDVS.
Furthermore, adopting DELF and its aggregated feature gets
the best retrieval performance. In Fig. 17(b), DELF also
obtains a larger number of inliers than CDVS.
Results on the VFC-1M dataset reaches the similar conclusions. However, the deep feature fails in some cases on the
MAR dataset. In summary, the deep feature performs good
on identifying landmarks and pedestrians, but fails on the
common objects. Even though deep features can’t outperform
handcrafted features in every way, they still have the edge in
most cases and the potential to perform better considering the
rapid development of deep learning.
2) Verifying the Advancement of Our Framework: Then
we compare the overall performance of our joint coding
framework with Baroffio’s work [5], [6] which are the state-ofthe-art global and local feature coding frameworks for videos.
Both works compress the same local and global deep features.
Comparison results on RLD and MAR are shown in Fig. 18
and Fig. 19, where four quantization bits in set {2, 3, 4, 5}
are applied to our work and four quantization steps in set
{0.05, 0.1, 0.2, 0.3} are applied to Baroffio’s work. In our
work, features are coded under IPSS configuration with APS
and the two-bit quantization is applied to the global deep
descriptors to reach a high MAP. The maximum number of
the selected local features in each frame is set to 200 and
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Fig. 18.
Comparisons between our scheme and Baroffio’s on RLD:
(a) Rate-MAP curves, (b) Rate-Inliers curves.
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Fig. 20.
Verifying the effectiveness of our method for the key
frame based feature extraction strategy on RLD: (a) Rate-MAP curves,
(b) Rate-P@1 curves.

Fig. 19.
Comparisons between our scheme and Baroffio’s on four
sequences (barrywhitemov, chrisbrownmov, titanicmov and toystorymov) of
MAR dataset. The left dotted lines and the right solid lines present the results
of our scheme and Baroffio’s respectively. The red lines indicate the average
results of the four sequences in other colors. (a) and (b) Report the matching
performance and the localization performance.

the GOF size is set to 25. In Fig. 18, the hollow dots on the
red lines present our performance at high bitrates obtained by
decreasing the gop size.
For the MAR dataset, we evaluate the matching performance and the localization performance of four sequences
(barrywhitemov, chrisbrownmov, titanicmov and toystorymov)
separately as well as the average results of them. It is observed
in Fig. 18 (a) that our work significantly reduces the bitrate
by 4x over Baroffio’s at a comparable retrieval performance.
Fig. 18 (b) and Fig. 19 (a) presents the matching performance,
compared to the point-to-point inter-frame coding method of
Baroffio’s work, our inter-frame coding method preserves most
of the features with much less bitrate. Moreover, the localization performance in Figure 19 (b) proves that it is accurate to
express the relative motions with motion matrices.
Meanwhile, we measure the time costs of our
method and Baroffio’s on RLD with Intel(R) Core(TM)
i5-6500 CPU@3.20GHz. The feature coding processes of our
method and Baroffio’s take 0.0372 and 0.1270 second per
frame on average respectively. That is, the time cost of our
method is about 70% faster than Baroffio’s, and this is mainly
due to the efficient inter-frame coding process. Moreover,
multiple objects in one frame can be encoded and decoded in
parallel, thus our method is real-time in most cases.
Different from the frame-by-frame feature compression,
work [46] proposes to detect keyframes of a video at first
and only extract binary codes for the keyframes. While
there may exist temporal redundancies among the codes
of the keyframes. To this end, to investigate whether our
method works under this condition as well, our method is
applied to the binary codes extracted from the keyframes
and experimental results on RLD are shown in Fig. 20,

Fig. 21.
Comparison results to verify the effectiveness of the joint
coding scheme on RLD: (a) Rate-MAP curves, (b) Rate-P@1 curves,
(c) Rate-P@5 curves, (d) Rate-P@10 curves.

where Keyframes corresponds to the keyframe based feature
compression strategy in work [46], extracting and compressing features of the keyframes independently and KeyframesOurs denotes applying our method to Keyframes. The feature
extraction method in work [35] with source code released
by the authors is adopted to extract the global features and
work [47] is then used to derive binary codes of four lengths
in set {256, 512, 1024, 2048} bytes. The results indicate that
our method can further save the bitrate by eliminating the
redundancies among the features of the keyframes.
3) Verifying the Effectiveness of Our Method: Then we
demonstrate the effectiveness of the joint coding scheme by
comparing with the scheme without joint coding. As for the
scheme without joint coding, the local and global features
are compressed separately, that is, the first frame of each
GOF is coded as an I-Frame followed by several P-Frames
and the global feature is compressed without referencing
the lossy global feature recovered from the decoded local
features. The results on RLD are illustrated in Fig. 21
where ‘w. joint’ denotes the joint coding scheme and ‘w.o.
joint’ denotes the scheme without joint coding. All the
experiments are tested under IPPP configuration with different GOF sizes in set {5, 10, 20, 40}. Comparing with the
scheme without joint coding, the joint coding scheme saves
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Fig. 22. Comparison results to verify the effectiveness of the joint coding
scheme on VFC-1M: (a) Rate-MAP curves, (b) Rate-Inliers curves.

Fig. 24.
Comparisons of different coding configurations on VFC-1M:
(a) Rate-MAP curves, (b) Rate-Inliers curves.
TABLE II
R ATE -A CCURACY R ESULTS ON UCF101

Fig. 23.
Comparisons of different coding configurations on RLD:
(a) Rate-MAP curves, (b) Rate-P@1 curves, (c) Rate-P@5 curves,
(d) Rate-P@10 curves.

about 10% to 20% bitrate with little retrieval performance loss
by utilizing the correlations between local and global deep
features. The results for the VFC-1M dataset are illustrated
in Fig. 22 and improvements can also be observed.
Moreover, we evaluate the overall coding performance of
our framework under the three configurations. Figure 23 and
Figure 24 show the comparison results on RLD and VFC-1M
respectively under different GOF sizes in set {5, 10, 20, 40}.
The separate markers on the right edge of the figures state
the performances of IIII. In Fig. 23 (a), the bitrate for IIII
is 21.55 Kbits/Frame. Compared with IIII, IPPP substantially reduces the bitrate by nearly 76% with no retrieval
performance loss, because the incremental local features and
the descriptor differences between consecutive frames are
not transmitted in P-frames. Besides, compared with IPPP,
IPSS further reduces nearly 45% bitrate by using S-frames
in which even the global residue, the motion matrix and
the propagation map are not transmitted relative to P-frames.
Improvements can also be observed from the Rate-P@k
results.
Similar conclusions are also applicable to the results of the
VFC-1M dataset in Fig. 24. Since the timedomain posture
change of moving objects is highly complex, the correlation
of consecutive features is less than that of RLD which results a
less compression ratio. In summary, impressive bitrate saving

indicates that the frame types for inter-frame coding can
efficiently eliminate temporal redundancy and save the bitrate.
4) Compressing Video Features for Action Recognition: At
last, we evaluate the effectiveness of our method for video
features of action recognition, where we adopt the network
3D ResNets [58] based on ResNets [12]. We train the 50-layer
3D ResNet on the train split 1 of UCF101 [59] which includes
13,320 action instances from 101 human action classes. The
input size is 3x16x224x224 and the batch size is 32. All the
other parameters are left equal to the default values. After
training, 3D ResNet can be used as a feature extractor for
video analysis. We extract the activations of the two layers named spatial_temporal_module and segmental_consensus
before the last fully connected layer. The activations of
spatial_temporal_module represent the spatial and temporal
information of the video with size 30x2048 denoted with
stfeat. Then these activations are averaged to form a more
compact 2048-dim feature denoted with segfeat. We refer to
stfeat and segfeat as the video features.
Then we compress these two features with four bits in set
q = {1, 2, 3, 4} under IIII configuration, which are denoted
with stfeat_IIII_q and segfeat_IIII_q respectively. Moreover,
we treat stfeat as 30 consecutive 2048-dim features and compress them with GOF size 30 under IPPP configuration, where
4 bits quantization is adopted and the experiments are tested
under four different thresholds for sub-vectors mode decision
in set thr = {2, 4, 6, 8}./1000, denoted with stfeat_IPPP_thr .
As for stfeat, we compress features of 1000 test videos and
the results are on average of these videos. Table II presents
the rate-accuracy results on UCF101 and rate is evaluated
in terms of Kbits per video. As for intra-frame coding,
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Fig. 25.
Comparisons of different coding methods on UCF101:
(a) Rate-P@1 curves, (b) Rate-P@5 curves.

the 1 bit quantization makes drastic degradations in the accuracies, while more bits of quantization remains the results.
Our intra-frame coding method achieves 95% bitrate saving
over the original feature size with no accuracy reduction. Our
inter-frame coding method can reach 98% bitrate saving with
little accuracy reduction. The results indicate that our method
works for the video features of action recognition.
We further compare our method with the other two methods
in Fig. 25. Work [51] adopts HM16.20 [61] to compress stfeat
and the results are denoted with ‘Choi’s’ in Fig. 25, where
all coding tools and parameters are left equal to the default
values of HM16.20 and each 2048-dim feature is compressed
as a still image with four quantization parameters (QPs) in
set {10, 20, 30, 40}. We also design another coding scheme
where we round the real-valued stfeat and compress them
with Zip3.0 [62], and the result is denoted with ‘Zip’. As
for our work, we adopt the same coding configuration with
stfeat_IPPP_thr . Comparison results indicate that the accuracy
of Choi’s method reduces greatly with the decrease of bitrate
while our method maintains the accuracy even at low bitrates.
Besides, our designed Zip based method performs well.
VII. C ONCLUSION
In this paper, we have proposed a joint coding framework
for local and global deep features extracted from videos.
The inter-feature correlations between local and global deep
features are effectively exploited. On one hand, global features
are used to make frame type decision and then local feature
coding can be accelerated by making use of the frame types.
On the other hand, the lossy global feature aggregated with
the decoded local features can be utilized as a reference for
global feature coding. Then both local and global deep features
are coded with intra-frame lossy coding and inter-frame reference coding. For local deep features, the intra-frame coding
process consists of feature selection, multi-bit quantization
and coordinate coding modules, while the inter-frame coding
process is realized by representing the coordinate differences
with multiple motion matrices. Experimental results show that
our DFJC framework significantly reduce the bitrate while
maintaining the retrieval performance. In the future work,
we will optimize the coding tools of deep features for multiple
analysis or retrieval tasks.
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