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ABSTRACT
Object tracking is a challenging task in computer vision. The
correlation filter based trackers are widely used for visual
tracking due to their efficiencies. However, they cannot han-
dle occlusion very well. In this paper, an effective method is
proposed for occlusion detection based on high-level classifi-
cation scores from the Convolutional Neural Network (CNN)
trained on the ImageNet dataset. Also, we propose a novel
tracking method by holistically considering multiple tracking
models trained previously. In each frame, multiple correla-
tion filters are first trained using hierarchical convolutional
features, and then progressively selected according to the so-
called tracking quality (status). Finally, a linear motion model
is adopted to effectively re-detect the lost target. Experimen-
tal results have demonstrated that our method achieved good
performance for handling occlusion.

Index Terms— Object tracking, convolutional neural net-
works, correlation filter

1. INTRODUCTION

Object tracking methods [1, 2, 3, 4, 5] have a wide range
of applications such as video surveillance and human com-
puter interaction. In particular, correlation filter based track-
ing methods [6, 7, 8, 9, 10, 11] have received much attention
because of their efficiency and effectiveness. Also, the Con-
volutional Neural Network (CNN) based trackers [12, 13, 14,
15, 16, 17, 18, 19, 20] have recently achieved very promis-
ing results. However, they still cannot handle occlusion very
well. As tracking models are updated dynamically, trackers
may be contaminated when target objects are partially or fully
occluded. To solve this problem, we propose an effective oc-
clusion detection method based on semantically meaningful
category responses of pre-trained CNN classifiers to estimate
tracking status (tracked or lost).

First, we develop a novel occlusion estimation scheme by
using CNN classifiers trained on the ImageNet dataset. Then,
we develop a new discriminative tracker by online updating
and weighting multiple tracking models to prevent our tracker
from occlusion contamination. Furthermore, CNN features
extracted from middle convolutional layers are used to train
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correlation filters. Instead of using all of convolutional lay-
ers, we distinctively select some of them according to occlu-
sion estimation scores for training different tracking models.
Finally, we introduce a linear motion model to effectively re-
detect lost target objects.

Classifier responses of known object categories are used
as high-level semantic features in object recognition [21, 22]
to recognize novel categories. Inspired by this, we utilize
large-scale CNN classifiers trained on the ImageNet dataset
to encode target objects for tracking. Although pre-trained
classifiers have finite categories, the corresponding high-level
semantic features are able to represent generic target objects.
Hence, we use these high-level semantic category scores to
facilitate our tracker to handle arbitrary target objects.

2. RELATED WORK

Object tracking can be divided into two categories: genera-
tive [23, 24, 25] and discriminative [26, 27, 28]. Recently,
correlation filter based classifiers [6, 8, 9, 29, 30] have been
successfully used for object tracking. Moreover, CNN based
trackers have obtained very good performance due to power-
ful CNN feature representations [14, 31, 32, 33].

Previously, CNN is used as a black-box for extracting fea-
tures. This ignores structure information contained in middle
convolutional layers. The main difference between existing
CNN based trackers and ours is that we propose an occlu-
sion detection method using semantically meaningful cate-
gory scores to estimate tracking status, and also select fea-
tures extracted from different convolutional layers.

3. PROPOSED METHOD

First, we present our occlusion estimation scheme. Then, we
explain our multi-model tracking algorithm. Next, we de-
scribe our feature selection strategy. At last, we depict how
to re-detect lost target objects. The overview of our proposed
method is shown in Fig.1.

3.1. Occlusion Estimation

After applying pre-trained CNN classifiers to target objects,
we find that category responses tend to be similar in the
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Fig. 1. Overview of our proposed method. The upper formulation
presents multi-model tracking algorithm. The confidence map of
t-th frame is calculated via I tracking models selected from frame
index set D (3.2). The green part is individual frame tracking via
convolutional features (3.3). The bright green, hunter green and dark
green (from left to right) represent the processes based on different
features extracted from Conv3, Conv4 and Conv5 layers of VGG net
respectively. The red part is re-detection (3.4). (Best view in color)

frames where target objects are not occluded. In contrast, if
occlusion happens, category scores will change significantly
as shown in Fig.2(a), in which top 3 category responses are
presented. We can find that when the runner is not occluded,
the top 3 scores (last layer output of VGG network [32])
correspond to similar class categories. Once the runner is
severely occluded, the predicted categories are totally differ-
ent from previous ones.
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Fig. 2. (a) Tracking results and corresponding occlusion estimation
scores. The top 3 classification categories (corresponding scores in
percentage) are listed at the right down corner of each frame. (b)
Illustration of significant appearance changes and corresponding oc-
clusion estimation scores.

However, if the category scores of pre-trained CNN clas-
sifiers are simply applied to calculate the similarity of consec-
utive frames, there will be much noise information caused by
the large number of irrelevant classes. Therefore we propose
to reduce the noise information by normalizing the scores as
follows:

ct =
Oρ

‖Oρ‖1
(1)

where ρ > 1 is a parameter of the normalization. O is the
classification response vector (output of last layer of the VGG
network) for the tracked bounding box (red bounding boxes
in Fig.2). ‖·‖1 means the L1 norm. Through the above for-
mulation, we can reduce the noisy information of the category

responses, i.e. suppress the responses with small values and
enhance the large values. ct is the classification scores af-
ter noise reduction. In experiments, we find that ρ = 3 is a
reasonable value and this value is fixed throughout our exper-
iments. Then we use the following functions to calculate the
occlusion estimation score (os):

ost =
∑
e

min(ct{e}, ĉt−1{e}) (2)

ĉt =


(
t−1∑
i=1

ĉi

)
/ (t− 1) if ost ≤ τ

1
2ct + 1

2

(
t−1∑
i=1

ĉi

)
/ (t− 1) if ost > τ

(3)
here e is the index number of the elements of ct. ĉ is the tem-
plate computed based on the previous frames. τ is the thresh-
old used to determine occlusion or tracking failure. When the
occlusion score ost is equal or smaller than the threshold τ
(set to 0.05 in our experiments), it means the tracker fails to
track the object; the template ĉt is the average category scores
of all the previous tracking results. Otherwise, we update the
template by averaging the current frame’s with the previous
ones.

In Eq.2, we use ĉt−1 instead of ct−1 to compare with
ct, because ĉt−1 contains information from previous frames,
which makes it more robust to appearance change. By using
the above template, the occlusion score can accurately esti-
mate the occlusion and avoid the noise caused by the gradual
appearance change of occlusion object.

From the examples shown in Fig.2(b), we can see that
even when object appearance changes drastically, our pro-
posed evaluation scores (os) can still obtain reasonable val-
ues, which means that trackers are tracking correct targets.
However, when target objects are occluded or bounding boxes
fail to cover targets, corresponding scores (os) will be rela-
tively low (last figure of Fig.2(a)).

3.2. Multi-model Tracking

If there is only one tracking model, and unfortunately it lost
target object, it would be difficult to continue tracking. To
address this issue, we build a discriminative tracker which
holistically leverages multiple preceding trained models. In-
spired by generative trackers, in which dictionaries are built
and maintained, we develop a dictionary containing multi-
ple tracking models. Mathematically, the summed confidence
map of multi-model is achieved by the following equation:

ft(z) =

I∑
i=1

wif(TrD(i), z), i = {1, 2, ..., I} (4)

where z is the input image and w are the weights for pervi-
ous frames’ trackers TrD(i). We will introduce how to obtain



each frame’s tracker Tr in section 3.3. I is the number of
tracking models of previous frames. D denotes a set of I
frame indexes (yellow font in Fig.1). In our experiments, I is
set as 5, which means that the model dictionary consists of 5
tracking models, which are trained from the frames indexed
by D.

In most tracking tasks, the earlier tracking results are more
robust. Subsequently the trackers trained from earlier frames
should be given larger weights to keep accurate tracking and
avoid drifting. Hence, the frame index set D is updated based
the method proposed in [34]. A probability sequence Ps =
{0, 1

2I−1−1
, 3

2I−1−1
, ..., 1} is created. In each frame track-

ing, a random number on the unit interval [0, 1] is generated.
Through checking the section where this random number be-
longs to in Ps, we select the corresponding frame index to
update. This proposed updating method aims to update the
old models slowly and recent models quickly.

In addition, although the occlusion estimation score is ini-
tially designed for obstruction detection, the score can also re-
flect the tracking quality. Hence, we further create a weight-
ing scheme based on the occlusion estimation scores (os) in-
troduced in section 3.1:

wi =
osD(i) + γ

I∑
i=1

(osD(i) + γ)

(5)

The estimation score os is calculated based on Eq.2 and 3. γ is
a small base weighting which is used to avoid zero denomina-
tor. By using the proposed model dictionary and the weight-
ing method, our tracker can improve robustness of tracking
models and accuracy of combined confidence maps.

3.3. Feature Selection

Although the response maps from higher convolutional lay-
ers preform better, low-level filters are already robust enough
usually. In addition, spatial resolutions of high convolutional
layers sometimes are too coarse for accurate tracking. Hence,
we use high level features only when trackers are incorrect. In
other words, we resort to high level semantic features if low
level ones cannot track accurately.

The filters trained on feature maps of Conv3, Conv4 and
Conv5 layers are denoted as Tr3, Tr4 and Tr5 respectively.
Hence, for each element inside the tracking model dictio-
nary, there are three models represented as Tr3

D(i), Tr
4
D(i)

and Tr5
D(i). In the first frame, we train the model based on

Conv3, Conv4 and Conv5 layer features respectively. During
the t-th frame tracking, we firstly use Tr3

D to calculate the po-
sition of the target based on the confidence map obtained via
Eq. 4. Then we calculate the corresponding ost score based
on the tracking result. Through checking the value of ost,
we can detect the tracking failure and subsequently select the
hierarchical correlation filters. When the current model fails
to track the target, we use the higher level features to track

again and save the corresponding layers’ models; otherwise
we update the filters of other layers based on models of pre-
vious frame and continue the tracking on the next frame. The
last os score obtained during each frame tracking is defined
as the os score of this frame, which will be used in Eq. 5
for tracking via multi-model. When the ost is smaller than
the threshold in continuous k frames, the re-detection will be
activated (section 3.4).

3.4. Target Re-detection

We use a constant velocity motion model to predict potential
positions of target objects in subsequent frames. This kind
of linear motion models are widely used in multiple people
tracking [35]. We propose the following motion model to re-
duce searching area size.

(x, y)t = (x, y)t−∆ + v̄ •∆

v̄ =

t−∆∑
i=t−∆−m

(vi)

m+1

(6)

vt =

{
(x, y)t − (x, y)t−1 if ost > τ
vt−1 else

(7)

where (x, y) and v represent the 2D image position and the
velocity respectively, (m + 1) is the number of frames that
we aim to calculate the average velocity, ∆ is the time pe-
riod after the target is lost. To better save computation time,
the re-detection is not activated until evaluation scores ost
is smaller than the threshold in continuous k frames, where
k ≤ ∆. As the tracker may stick to the occlusion, we need to
update the velocity selectively based on the evaluation scores
(as shown in Eq.7). To balance the tradeoff between compu-
tation cost and performance, k is empirically set to 5 in our
experiments and m is set to 4, meaning we consider the pre-
vious five frames to calculate the average velocity.

Fig. 3. Prediction of re-detection position. The solid lines represent
the previous obtained velocity and positions. The dotted lines is the
predicted velocity and positions.

The red bounding boxes are two of the re-detection re-
gions shown in Fig.3. The positions of the re-detection
regions are decided by moving the predicted position (x, y)t
to up, down, left and right for a half of the size of the
corresponding width and height of the object. The con-
fidence maps of re-detection are calculated via: fre(zre) =∑
iwif(TrD(i), zre), where zre are the re-searching regions.
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Fig. 4. Success and Precision Plots of our proposed methods com-
paring with baselines.

4. EXPERIMENTS

Benchmark. To assess the performance of the proposed
tracker, we evaluate our tracker on the OTB benchmark [36]
containing 50 video sequences. The benchmark uses two
measurements: i) Success rate vs. Overlap threshold, the per-
centage of the frames in which overlapping scores of tracking
results against ground truth are higher than certain thresholds.
ii) Precision vs. Location error threshold, the percentage of
the frames in which distances between tracking results and
ground truth is below certain thresholds.

Baseline Comparison. We evaluate the impact of the
proposed multi-model (MM), weighting (W), re-detection (R)
and multi-layer (ML) tracking schemes here. We investigate
the consequence of simply using one tracking model (denoted
as oneM+ML in Fig.4). Then we test the performance of our
proposed method with trackers trained from only the Conv3
layer features (denoted as MM+oneL). ”oneM+oneL w/oR”
represent the proposed one-model one-layer trackers without
re-detection. To better prove the effectiveness of our proposed
weighting method introduced in Eq. 5, we also present the re-
sults of our method without the proposed weighting scheme
(MM+ML w/oW).

Fig.4 shows the Success and Precision Plots on the OTB
benchmark. From the experiments, we can see that even
when only one convolutional layer is used, our proposed
multi-model method (MM+oneL) outperforms the single
model tracker with multiple layers’ features (oneM+ML).
Additionally, the tracker without the proposed weighting
method (MM+ML w/oW) performs worse than our proposed
method MM+ML; the reason is probably that without judg-
ing the reliability of the models, the model dictionary may
include some wrongly updated tracking models. In contrast,
our proposed weighting scheme can effectively evaluate the
tracking quality of the models and consequently ensure the
accuracy of the model dictionary. Through the comparison
between ”oneM+oneL w/oR” and ”oneM+oneL”, we can
prove the effectiveness of our proposed re-detection method.

Overall Evaluation. Here, we evaluate the overall per-
formance in object tracking benchmark. In addition to the
popular correlation filter trackers KCF [8] and DSST [29], we
also compare our proposed tracker with recent trackers TGPR
[37] and MEEM [38]. The other trackers appear in Fig.5 are
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Fig. 5. Success and Precision Plots of tracking results from the top
10 trackers on all video sequences of the benchmark [36].

Table 1. Success rates and precision scores on different attributes:
background clutter (BC), deformation (DEF), fast motion (FM),
in-plane rotation (IPR), illumination variation (IV), low resolution
(LR), motion blur (MB), occlusion (OCC), out-of-plane rotation
(OPR), out-of-view (OV) and scale variation (SV). The best results
are in red color.

Suc. MEEM TGPR KCF Struck DSST Ours Pre. MEEM TGPR KCF Struck DSST Ours

BC 0.578 0.543 0.535 0.458 0.517 0.636 BC 0.808 0.761 0.753 0.585 0.694 0.885
DEF 0.582 0.556 0.534 0.393 0.510 0.637 DEF 0.859 0.768 0.740 0.521 0.660 0.886
FM 0.568 0.441 0.459 0.462 0.435 0.580 FM 0.757 0.575 0.602 0.604 0.517 0.799
IPR 0.535 0.487 0.497 0.444 0.560 0.596 IPR 0.809 0.706 0.725 0.617 0.765 0.881
IV 0.548 0.486 0.493 0.428 0.563 0.573 IV 0.778 0.687 0.728 0.558 0.735 0.835
LR 0.367 0.351 0.312 0.372 0.409 0.549 LR 0.494 0.539 0.381 0.545 0.497 0.875
MB 0.565 0.440 0.497 0.433 0.464 0.627 MB 0.740 0.578 0.650 0.551 0.547 0.857

OCC 0.563 0.494 0.514 0.413 0.534 0.613 OCC 0.814 0.708 0.749 0.564 0.716 0.879
OPR 0.569 0.507 0.495 0.432 0.535 0.602 OPR 0.853 0.741 0.729 0.597 0.733 0.879
OV 0.597 0.431 0.550 0.459 0.459 0.600 OV 0.730 0.495 0.650 0.539 0.515 0.728
SV 0.510 0.443 0.427 0.425 0.541 0.541 SV 0.808 0.703 0.679 0.639 0.730 0.888

All 0.572 0.529 0.514 0.474 0.554 0.621 All 0.840 0.766 0.740 0.656 0.737 0.897

[27, 39, 28, 40, 23, 34, 41].
From Fig.5, we can clearly see that our proposed method

is comparable to other state-of-the-art trackers, especially
when there are significant appearance changes and occlusion.
We attribute this success to the occlusion estimation scheme
which significantly enhance tracking performance through
holistically considering multiple tracking models and robust
re-detection.

Attribute Evaluation. Table.1 shows the average suc-
cess scores and precision of tracking results from the top 6
trackers on benchmark video sequences in terms of 11 cate-
gories. We can find that our tracker outperforms other track-
ing methods in most of the categories. It demonstrates that our
proposed tracking algorithm can handle these typical tracking
challenges well.

5. CONCLUSIONS

In this paper, we propose a novel occlusion estimation method
based on high-level semantic category responses of CNN
classifiers pre-trained on the large-scale ImageNet dataset.
Also, we develop a multi-model tracking algorithm to make
our tracker more robust. Furthermore, we propose to select
CNN features from different convolutional layers. At last,
we propose a linear motion model to re-detect target objects.
Experimental results have demonstrated that our proposed
method can enhance tracking performance significantly.
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