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Visual Tracking Via Multi-Layer Factorized
Correlation Filter

Bin Kang , Gaowei Chen, Quan Zhou, Jun Yan , and Min Lin

Abstract—Pruning the parameters of basis filters can effec-
tively eliminate the negative effect of redundant deep features in
discriminative correlation filter based trackers. However, tradi-
tional methods often treat feature maps in Convolutional Neu-
ral Networks (CNN) as isolate observations, ignore the intrinsic
correlation between partially attentional feature maps in multiple
convolutional layers, when basis filter pruning is pursued. In this
letter, we propose a multi-layer factorized discriminant correlation
filter (MLF-DCF) for visual tracking. By integrating the multi-view
discriminant learning and the discriminative correlation filter into
a unified optimization problem, we can explore the correlation
between different target sub-regions from multi-layer viewpoint,
thus can effectively prune multi-layer basis filters. To enhance the
efficiency of MLF-DCF in terms of speed and accuracy, we not
only adopt alternating direction method of multipliers (ADMM) to
solve the unified optimization, but also employ a mask estimation
strategy to eliminate the background noise in deep features. A large
number of experiments on challenging video sequences are given
to illustrate the superiority of our tracking method.

Index Terms—Visual tracking, factorized correlation filter,
multi-view discriminant learning, ADMM.

I. INTRODUCTION

V ISUAL tracking, aiming at predicting the state of the
target at each frame, plays a very important role in com-

puter vision for its extensive applications in video analysis,
vehicle navigation and human-computer interaction. A typical
tracking algorithm mainly includes: 1) a motion model aiming
to track the state of moving target; 2) an observation model
evaluating the likelihood of each target candidate. According to
different observation models, state-of-the-art visual tracking can
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Fig. 1. Randomly selected heat maps of the last convolutional layers in pre-
trained VGG-m net. (a) are the examples of input images, which are obtained
from the dog and blurcar4 video sequences. (b) and (c) are the examples of heat
maps of the last convolutional layers in C-COT (the 70-th and 142-th channels
of dog, the 202-th and 479-th channels of blurcar4). (d) are the examples of
masked feature maps in MLF-DCF.

be categorized into the support vector machine based trackers
[1]–[3], the sparse representation based trackers [4]–[6], the
deep learning based trackers [7]–[10] and the correlation filter
based trackers [11]–[14] et al.

Recently, with the successful implementation of deep learning
in object detection and image classification, it has aroused a great
deal of attention in visual tracking. Unlike image classification,
it is hard to build a large scale reliable dataset for pretraining the
tracking model because labeled samples can only be collected in
the first few video frames and the appearance of the tracked target
often changes dramatically. Aforementioned limitations may
prevent the end-to-end neural network based trackers unleashing
their full potential. Due to this fact, a substantial effort has been
put on the correlation filter based trackers due to their advantage
of adopting large numbers of cyclically shifted samples for
the training of appearance model. Since traditional correla-
tion filter often uses handcraft target feature to achieve visual
tracking, the tracking accuracy may be reduced in challenging
scenarios. To overcome this limitation, C-COT [15], ECO [16]
and STRDCF [17] are successively proposed to introduce deep
features in discriminative correlation filter, which can give more
semantic information for target regression.

Existing deep feature based discriminative correlation filters,
such as [15], [18] and [17], often directly use pre-trained VGG-m
net to yield partially attentional features maps. This may incur
two challenges: 1) In some feature maps such as Fig. 1(b), the
active regions (highlighted by warm color) can not locate the
semantically meaningful parts of the targets. This kind of feature
maps can not contribute to target localization, hence they are
redundant. 2) In some feature maps such as Fig. 1(c), although
the active regions can locate the semantically meaningful parts of
the targets, those active regions may contain background noise.
To overcome aforementioned challenges, the ECO [16] method
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introduced a factorized projection operator in discriminative
correlation filter to prune the parameters of basis filters. This
operator can reduce the negative effective of redundant deep fea-
tures in Fig. 1(b). However, it treats each feature map as isolate
observation, ignoring the intrinsic correlation between different
convolutional layers and the background noise in Fig. 1(c). This
may reduce the accuracy of target regression.

In this letter, we propose a multi-layer factorized discriminant
correlation filter (MLF-DCF) for robust visual tracking. The
main contributions of our method are listed as follows.
� To reduce the negative effect of redundant deep features,

the basis filter selection in MLF-DCF is achieved by
integrating the multi-view discriminant learning and the
discriminative correlation filter into a unified optimization
problem. In this way we can simultaneously make pruned
multi-layer basis filters highlight their responses of tar-
get sub-regions through minimizing the variation between
similar feature maps in different convolutional layers.

� An ADMM algorithm is developed for solving the joint op-
timization problem in MLF-DCF, where each sub-problem
has the closed-form solution.

� To eliminate the background noise of feature maps, we
employ a revised SCDA method to estimate a mask to
effectively extract the actively semantic representation of
target. This can enhance the generality of the pre-trained
CNN model. The examples of masked feature maps are
shown in Fig. 1(d).

II. FACTORIZED CORRELATION FILTER

A. Traditional Factorized Discriminant Correlation Filter

Suppose these exist a training set B = {(xi,yi)}Mi=1, where
each training sample xi = [x1

i , . . .,x
d
i , . . .,x

D
i ] is composed of

D feature maps, and yi is the predefined Gaussian shaped labels.
The ECO method can eliminate the negative effect of redundant
feature maps through using a factorized projection to prune the
parameters of basis filters. This method is formulated as [16]

min
f ,P

M∑

i=1

αi‖SPf (xi)− yi‖22 +
C∑

c=1

‖w · f c‖22 + λ‖P‖2F , (1)

where f = {f1, . . ., fC} denotes the multi-channel basis filter
set, P = (Pd,c) ∈ RD×C(C < D) denotes a projection matrix
and SPf denotes the factorized projection operator, which is
calculated as that

SPf (xi) = f ∗PTJ(xi) =
∑

c,d

Pd,cf
c ∗ Jd(xd

i , t), (2)

with

Jd(x
d
i , t) =

Nd−1∑

n=0

xd
i [n]bd

(
t− T

Nd
n

)
, (3)

where Jd(x
d
i , t) is an interpolation operator aiming at transfer-

ring multi-channel feature maps xd
i to the continuous spatial

domain t ∈ [0, T ). In Eq. (2), the operator SPf (xi) is aimed to
prune the parameters of basis filters (reduce the size of basis
filter set) through using projection P to reduce the dimension of
feature map J(xi). The limitations of Eq. (1) are two-folds:

1) Feature maps in multi-channel often focus on different sub-
regions of the target, this means that multi-channel features maps

can be naturally clustered into groups. Eq. (1) treats each feature
map as an isolate observation and could not explore the intrinsic
group similarity in each training sample xi. This may lose some
useful semantic information when reducing the dimension of
feature maps.

2) {xi}Mi=1 are obtained from pre-trained VGG-m net. The
training dataset for VGG-m is ImagNet, which is not built for
the specific visual tracing task. Hence the gap between the
training and the online tracking datasets may make {xi}Mi=1
involve background noise. The background noise may reduce
the accuracy of target regression.

B. The Proposed Method

Eq. (1) is the factorized correlation filter model for a single
convolutional layer. In this letter, we propose a MLF-DCF model
to simultaneously optimize the factorized correlation filters in
multiple convolutional layers. The MLF-DCF model is formu-
lated as that

min
f ,P

L∑

k=1

(
M∑

i=1

αk
i ‖SPf (x̄

k
i )− yk

i ‖22 +
C∑

c=1

‖wk · (fk)c‖22
)

+ λTr(PT (B− S)P),
(4)

where P = [(P1)T , . . .(Pk)T , . . ., (PL)T ]T and Pk denotes
the projection matrix that can reduce the dimension of feature
maps in the k-th convolutional layer, (fk)c denotes the c-th basis
filter in thek-th layer and x̄k

i is the i-th training sample in thek-th
layer after using group mask to highlight its useful information.
Parameter matricesB andS are used to evaluate the within group
variation and between group variation from both inter-view and
intra-view [19].

It is observed from [20] and [21] that in a certain convolutional
layer, a convolutional feature channel often corresponds to a
certain type of visual pattern. Dividing feature channels into
different groups can yield multi-attention target representation.
On the other hand, in VGG net, feature maps of early layers
contain more spatial information of target, while feature maps
of latter layers capture the semantic information of target, which
are robust to the target appearance change. Both feature maps of
early and latter layers are useful for visual tracking. Considering
aforementioned observations, feature maps of different layers
can be considered as the observations of the same target from
different viewpoints. And if the feature maps are clustered
into groups, the same observation groups in different views
contain inherent correlation. Based on above considerations,
the motivation of Eq. (4) is to highlight active response and
effectively reduce the redundant information of multi-layer
multi-channel feature maps through simultaneously exploiting
the group similarity that within a certain convolutional layer and
between different convolutional layers. To achieve this purpose,
we first divide {x̄k

i }Mi=1 into n groups, then refer to multi-view
discriminant analysis [22] and [19] to calculate B and S. In this
way we can exploit the multi-layer group similarity to restrict
projection P.

The advantages of Eq. (4) over Eq. (1) include: i) Eq. (1) only
can reduce the redundant information of deep features in a single
convolutional layer. Different from Eq. (1), Eq. (4) uses the
regularizer Tr(PT (B− S)P) to maximize the between-group
variations and minimize the within-group variations in both
inter-view and intra-view. This can simultaneously highlight the
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discriminative information of multi-layer feature maps, making
the pruned multi-layer basis filters more class discriminative. ii)
For a certain layer, we do not directly use xk

i such as Eq. (1)
to train the basis filters. Instead, we use the masked training
sample x̄k

i to train the correlation filters. Specifically, since the
feature maps in xk

i can be naturally grouped, we firstly propose
a revised SCDA method to estimate group masks for different
groups inxk

i . Then, we use group masks to refine original feature
map groups. After orderly refining each feature map group, we
can obtain masked x̄k

i . In aforementioned process, to estimate a
group mask, our revised SCDA method firstly employs [23] to
combine all the feature maps in a feature map group together
to generate an aggregation map, then refers to [20] to use
log-likelihood function to smooth the aggregation map, yielding
the final group mask.

C. Reconstruction Method

To reduce the computational complexity of reconstruction
method, we propose an ADMM method to solve Eq. (4), where
we firstly use the Parsevals theorem to transform Eq. (4) into
Fourier domain and obtain

min
f̂ ,P

L∑

k=1

(
M∑

i=1

αk
i ‖(ẑk)TPk f̂k − yk

i ‖22 +
C∑

c=1

‖ŵk ∗ (f̂k)c‖22
)

+ λTr(PT (B− S)P),
(5)

where ẑk denotes the discrete Fourier transform of J(x̄k
i ).

Then, we introduce a variable H into Eq. (5) and set P = H.
After that, the Augmented Lagrangian function of Eq. (5) is that

L(f̂ ,P,H) =

L∑

k=1

(
M∑

i=1

αk
i ‖(ẑk)TPk f̂k − yk

i ‖22

+
C∑

c=1

‖ŵk ∗ (f̂k)c‖22+
μ

2
‖Pk−Hk − 1

μ
Λk‖2F

)

+ λTr(HT (B− S)H),
(6)

where μ and Λk are the Lagrangian parameters.
Thirdly, we propose to use alternate strategy to alternately

optimize three sub-problems: P-Step, H-Step and F-Step. For a
single training sample x̂k, the P-Step is formulated as

min
P

L∑

k=1

αk‖(ẑk)TPk f̂k − yk‖22 +
μ

2

∥∥∥∥P
k −Hk − 1

μ
Λk

∥∥∥∥
2

F

.

(7)

Setting the partial derivative of Eq. (7) with respect to vec(Pk)
to zero, we can obtain

vec(Pk) =
(
2αkMk(Mk

)T
+ μI)−1

(
μ · vec(Hk)

+ vec(Λk) + 2αkMkyk
)
,

(8)

where Mk = f̂k ⊗ ẑk with ⊗ meaning Kronecker product,
vec(·) denotes the vectorization operator. Eq. (8) is obtained
due to (ẑk)TPk f̂k = (f̂k ⊗ ẑk)T vec(Pk).

The H-Step is formulated as

min
H

L∑

k=1

μ

2

∥∥∥∥H
k −Pk +

1

μ
Λk

∥∥∥∥
2

F

+ λTr(HT (B− S)H), (9)

‖Hk + 1
µΛ

k −Pk‖2F is upper bounded by ‖Hk‖2F +‖ 1
µΛ

k −
Pk‖2F . Based on this observation, we can simplify Eq. (9) as

min
H

Tr
(
HT (λB− λS+ I)H

)
, (10)

Eq. (10) can be solved by eigenvalue decomposition.
Inspired by [15], the F-Step is formulated as

min
f

L∑

k=1

αk‖(ẑk)TPk f̂k − yk‖22 + ‖Wf̂k‖22, (11)

where Toeplitz matrix corresponding to convolution operator
is denoted as Wd(f̂k)c = vec(ŵk ∗ (f̂k)c) and W is the block-
diagonal matrix W = W1 ⊕W2. . .⊕WC . Setting the partial
derivative of Eq. (11) to zero, we can obtain

(
αk(Ak)H(Ak) +WHW

)
f̂k = (Ak)Hyk, (12)

where Ak = (ẑk)TPk

III. EXPERIMENTS

In this section, we use two datasets OTB-50 [24] and OTB-
100 [25] to test the tracking performance of our MLF-DCF
method. Here, four objective measures (position error, overlap
rate, precision plot and success plot) are used to evaluate the
quantitative tracking performance. The position error is defined
as the Euclidean distance between the central location of the
tracked bounding box and the manually labeled ground truth.
The overlap rate is defined as area(BT∩BG)

area(BT∪BG) , where BT and
BG are the tracked bounding box for each video frame and
the corresponding ground truth, respectively. The precision plot
indicates accumulated position errors under different location
error thresholds. The success plot reflects the accumulated suc-
cess rates versus different overlap thresholds and the success
rate counts the number of video frames whose the overlap rate
is larger than 0.5. In this experiment, we use 11 state-of-the-art
methods as comparison to test the tracking performance of our
methods. The selected tracking methods include: C-COT [15],
ECO [16], DSST [26], KCF [11], SiamFC [27], MCPF [13],
VITAL [7], PTAV [28], HDT [29], CF2 [21], MCCT [18].
Specifically, C-COT, ECO, MCPF and MCCT are the top track-
ers that use the combination of deep feature and discriminant
correlation filter to achieve visual tracking. SiamFC, CF2. HDT
and VITAL are four well known deep learning based trackers.
DSST, KCF and PTAV are the correlation filter based trackers
with handcraft features.

Experiment setting: In our method, we do the same as ECO
that uses the Conv-1 and Conv-5 convolutional layers in the
VGG-m network to achieve visual tracking. The original number
of basis filters for Conv-1 and Conv-5 layers are 96 and 512,
respectively. SinceP1 andP2 have the same size, we empirically
reduce both of basis filters in Conv-1 and Conv-5 to 30. The
parameters λ and μ in the reconstruction method are empirically
set as λ = 1, μ = 0.1. In online visual tracking, we update the
parameters of basis filters every 6 frames.
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Fig. 2. The overall tracking performance in OTB-50 dataset: (a) Precision plot
(b) Success plot. The distance precision and the AUC score are shown in the
legend of precision and success plots, respectively.

Fig. 3. The overall tracking performance in OTB-100 dataset: (a) Precision
plot (b) Success plot. The distance precision score and the AUC score are shown
in the legend of precision and success plots, respectively.

Evaluation on OTB-50 dataset: OTB-50 dataset contains 50
challenging video sequences. The tracking experiments on this
dataset are shown in Fig. 2. From Fig. 2(a) and (b), we could see
that, our method ranks second on both distance precision and
AUC scores, outperforming ECO by 5% and 4%, respectively.
Although VITAL gives slightly higher distance precision and
AUC scores than our method, it requires expensive adversarial
learning to enrich the training data. Different from VITAL, we
only use the labeled candidates obtained from the first video
frame to train the correlation filter. This can obviously reduce
the computational complexity of tracking process.

Evaluation on OTB-100 dataset: Here, we use OTB-100 to
carry out the experiments (see Fig. 3). OTB-100 dataset contains
100 video sequences, which is more challenging than OTB-50.
From Fig. 3(b) we could see that our method gives the highest
AUC score on success plots, outperforming ECO by 4%. Even
compared with VITAL, we can outperform it by 1.4% in AUC
performance.

In the OTB-100 dataset, the 100 video sequences are tagged
by 11 attributes, which indicate the challenging aspects in visual
tracking. Those 11 attributes include: Illumination Variation
(IV), Scale Variation (SV), Occlusion (OCC), Deformation
(DEF), Motion Blur (MB), Fast Motion (FM), In-Plane Ro-
tation (IPR), Out-Plane Rotation (OPR), Out-of-View (OV),
Background Clutters (BC) and Low Resolution (LR). We refer
to [25] to divide 100 video sequences into 11 subsets, and give the
overlap rate evaluation on different subsets (see Table I). From
this test we can see that our method can give obviously higher
overlap rate score than ECO, especially in IV, DEF, OPR and
BC scenarios. This test can indicate the advantage of reducing
the redundant deep features through exploring multi-layer group
similarity.

Besides aforementioned quantitative evaluation, we also give
qualitative evaluation on different trackers in Fig. 4. Jump video
sequence is very challenging because it contains several adverse
factors such as scale variation, fast motion and deformation.

TABLE I
MEAN VALUE OF OVERLAP RATE OVER DIFFERENT VIDEO SUBSETS.

THE BEST TWO RESULTS ARE DENOTED AS RED AND BLUE

Fig. 4. The qualitative results on two video sequences in OTB-100 dataset.
(a) Jump (b) Singer2.

TABLE II
FPS PERFORMANCE FOR DIFFERENT TRACKERS

From Fig. 4(a) we could clearly see that our method can still
track the athlete using an appropriate bounding box. This perfor-
mance obviously outperforms other 11 methods. Besides jump
sequence, we also give the tracking performance of singer 2
sequence in Fig. 4(b). From Fig. 4(b) we could see that our
method can give similar tracking performance as MCCT and
VITAL when facing severe illumination change and background
clutter.

Finally, we evaluate the tracking speed of different methods.
The average FPS is carry out on a desk with Inter(R) Core(TM)
i3-2310 M CPU @ 2.10 Hz (2 GB RAM) (see Table II). From
this test we can see that our MLF-DCF model does not involve
higher computational complexity than ECO.

IV. CONCLUSION

In this letter, we have proposed a multi-layer factorized dis-
criminant correlation filter for visual tracking. This method can
effectively prune multi-layer basis filters through simultane-
ously exploring the group similarity that within a certain convo-
lutional layer and between different convolutional layers. Com-
pared with state-of-the-art trackers such as [15], [16] and [18],
the extensive experiments show the superior performance of our
method in challenging video sequences. Our future work is to
extend MLF-DCF to temporal domain, exploring the multi-layer
multi-frame partially attentional feature map correlation.
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