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Dynamic Orthogonal Projection Constrained
Discriminative Tracking

Bin Yu , Ming Tang , Member, IEEE, Guibo Zhu, Jinqiao Wang , and Hanqing Lu, Senior Member, IEEE

Abstract—Due to the end-to-end feature learning with convolu-
tional neural networks (CNNs), modern discriminative trackers
improve the state of the art significantly. To achieve a strong
discrimination, the learned features are usually high-dimensional,
resulting in a massive number of parameters contained in the
discriminative model and the increase of risk of over-fitting in
the online tracking. In this letter, we try to alleviate the risk of
over-fitting by means of the adaptive dimensionality reduction
(DR) through CNNs. Specifically, an orthogonality constrained
ridge regression model is proposed to reduce the dimensionality
of features, and a dynamic sub-network (DOPNet) is designed to
learn to perform DR. After trained with an orthogonality loss and
a regression one, DOPNet generates a set of orthogonal bases (i. e.,
weights in FC layers) dynamically to reduce the feature dimension-
ality for a discriminative model in the online tracking. Based on the
novel discriminative model and DOPNet, an effective and efficient
tracker, DOPTracker, is developed. DOPTracker achieves the state-
of-the-art results on four benchmarks, OTB-2015, VOT-2018, NfS,
and GOT-10 k while running at 30 FPS.

Index Terms—Visual tracking, dimensionality reduction,
discriminative model.

I. INTRODUCTION

G ENERIC visual tracking is a long-standing topic in the
field of computer vision and has attracted increasing

attention over the last decades. Despite significant progress in
recent years [2], [4], [10], [21], [30]–[34], visual tracking re-
mains challenging due to numerous factors such as very limited
online training samples, large appearance variation, and heavy
background clutters.
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Due to the end-to-end feature learning with convolutional
neural networks (CNNs), discriminative trackers [4], [25], [33]
have improved the state of the art significantly. By integrating the
solver of the discriminative model, i. e., ridge regression, into the
offline training, these trackers learn feature embeddings that are
tightly coupled with their tracking schemes. The dimensionality
of the learned feature embeddings, however, has to be high in
these trackers to achieve the strong discrimination ability. On the
other hand, the employment of high-dimensional features will
increase the amount of trainable parameters of the discriminative
models, even beyond the number of training samples. It is
well-known [15], [17], [22] that over-parameterized models will
increase the risk of over-fitting and degenerate generalization
ability.

In general, the stronger discrimination ability of features
comes from their higher dimensionality, and the stronger gener-
alization ability comes from the lower dimensionality of model
in the case of scarcity of online training samples. Further, the
lower dimensionality of model means the lower dimensionality
of features in our case. Thus, a reasonable way to address the
above dilemma is to resort to the dimensionality reduction (DR)
to find out a proper dimensionality of features, achieving both
strong discrimination and generalization abilities. However, ex-
isting DR methods mainly focus on efficiency, e. g., principal
component analysis (PCA) like in [8], [9] where they can not
ensure the projection for DR is optimal for their discriminative
models. ECO [7] learned discriminative filters and the projection
matrix jointly to achieve good discrimination and generalization
abilities. However, since its projection matrix is not orthogonal,
ECO is not able to construct the feature of lower dimensionality
to improve its performance more greatly.

In order to obtain a discriminative model which exploits
low-dimensional features and is of both strong discrimination
and generalization abilities, in this paper, we propose a novel
ridge regression model subject to an orthogonal projection
constraint, and prove that the ridge regression model can be
analytically solved, given any set of orthogonal bases. The key
of our idea is both to learn features of high dimensionality to
obtain a strong discrimination ability in offline training stage,
and to obtain strong generalization ability of the ridge regres-
sion model through the dimensionality reduction in the online
tracking stage. Moreover, the dimensionality reduction with
orthogonal matrices reserves more discrimination ability than
with non-orthogonal ones of the same sizes.

Then, we design a lightweight sub-network, DOPNet, to learn
to construct proper sets of orthogonal bases. To the best of our
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knowledge, this work is the first to introduce the orthogonality
of the weights (i. e., the projection matrix) into the widely used
FC layers to improve the generalization ability of networks. It is
worthy expecting that the generalization will also be improved
with such or similar projections in FC layers in other visual tasks.

Finally, based on the trained DOPNet and the novel discrim-
inative model, an effective and efficient discriminative tracker,
DOPTracker, is proposed. In DOPTracker, similar to DiMP [4]
and DCFST [33], the learning of feature embedding is tightly
coupled with the discriminative model, resulting in the model of
strong discrimination ability. On the other hand, in comparison
to DiMP and DCFST, the number of trainable parameters of
the discriminative model drops greatly from 1024 to 370 in
DOPTracker, leading to stronger generalization ability.

Extensive experiments on four popular benchmarks, OTB-
2015 [28], VOT-2018 [20], NfS [19], and GOT-10k [14], show
that our DOPTracker achieves the state-of-the-art performance
on all datasets, and outperforms the baseline DCFST on both
accuracy and efficiency.

In summary, our contributions are in three folds.
1. We propose a novel ridge regression model subject to an

orthogonal projection constraint.
2. We design a lightweight sub-network to learn to construct

sets of orthogonal bases.
3. We develop an effective and efficient discriminative

tracker DOPTracker which achieves the state-of-the-art
performance.

II. PROPOSED METHODOLOGY

A. Ridge Regression With Orthogonal Projection Constraint

In general, the optimization problem of standard ridge regres-
sion is formulated as follows,

min
w

‖w�X− y�‖22 + λ‖w‖22, (1)

where w ∈ RD, X ∈ RD×N consists of N D-dimensional
training samples, y ∈ RN×1 is the labels, and λ ≥ 0 is the
regularization parameter.

It is clear that the learned regression model will be of over-
fitting and degenerate the generalization ability if D > N . In
order to find out a subspace of lower dimensionality than the
original one to improve the generalization ability, we propose
the ridge regression with orthogonal projection constraint as
follows.

Letw = Pα, where projection matrixP = [p1,p2, . . . ,pM ]
∈ RD×M , and α ∈ RM×1, M � N . Then, our novel optimiza-
tion problem of ridge regression is expressed as

min
α,P

F(α,P) ≡ ‖α�P�X− y�‖22 + λ‖Pα‖22,

s.t. ‖P�P− IM‖2F = 0, (2)

where IM ∈ RM×M is an identity matrix. The dimensionality
of training samples is reduced from D to M with P if M < D.
P is constrained to be column orthogonal. Then, the sufficient

discriminative ability can be remained and the risk of over-
fitting can be reduced, by means of a proper dimensionality of
optimal α∗.

In order to solve for (α,P) in Problem (2), let the Lagrangian
of Problem (2) be

L(α,P, ξ) = ‖α�P�X− y�‖22 + λ‖Pα‖22
− ξ‖P�P− IM‖2F . (3)

Then, the Karush-Kuhn-Tucker (KKT) conditions [5] of prob-
lem (2) are {∇α,PL(α,P, ξ) = 0,

‖P�P− IM‖2F = 0,
(4)

Suppose λ is large enough. It can be derived from (4) that

Pα =
(
XX� + λID

)−1
Xy. (5)

It is easy to see that the minimum of Problem (2) can be
achieved by replacing Pα with (5) because w = (XX� +
λID)−1Xy is the optimal solution of Problem (1), w = Pα,
and F(α,P) is obtained by substituting w with Pα in (1).
Therefore, the KKT conditions are necessary and sufficient for
Problem (2).

Given any column orthogonal matrix P∗, according to (4), we
have

α∗ =
(
P∗�XX�P∗ + λIM

)−1
P∗�Xy (6)

for a large enough λ. (α∗,P∗) satisfies (4), being an optimal
solution of Problem (2). Consequently, an optimal solution to
Problem (2) can be obtained through using (6) with any column
orthogonal matrix.

Nevertheless, different (α∗,P∗) does not mean the same
generalization ability of the model. Therefore, we have to find
out a proper P∗ and its corresponding α∗ to achieve strong
generalization ability in the online tracking task. The approach
to acquiring such (P∗,α∗) will be stated in the next subsection.

B. Dynamic Sub-Network for Dimensionality Reduction

We propose to generate the proper P∗ with the dynamic
sub-network DOPNet, i. e., P∗ = ϕρ(U), where ϕρ(·) is the
DOPNet with U as its input, and ρ contains the learnable
parameters. The target featuresU and the features of test samples
Z are used to trainϕρ(·) in an end-to-end way by minimizing the
regression loss subject to the orthogonality constraint, obtaining
the strong generalization ability of the model. The optimization
problem of DOPNet is formulated as follows,

min
ρ

‖ŷ� − y�‖22,

s.t. ‖ϕ�
ρ (U)ϕρ(U)− IM‖2F = 0, (7)

where

ŷ = Z�ϕρ(U)α∗, (8)

Z ∈ RD×N contains the D-dimensional features of N test
samples, and

α∗ =
(
ϕ�
ρ (U)XX�ϕρ(U) + λIM

)−1
ϕ�
ρ (U)Xy. (9)
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Fig. 1. The architecture of DOPNet. All convs are 3× 3, deconvs are 3× 3
with stride 2, and we use BatchNorm [16] and PReLU [12] after each conv or
deconv layer.

After training ϕρ(·) on large-scale tracking datasets, the op-
timal solution (α∗,P∗) that generalizes best can be efficiently
obtained by using ϕρ(·) and (9).

It is worth noticing that although theoretically there are
DM +M parameters to optimize in Problem (2), P∗ can be
directly produced by the trained DOPNet without online opti-
mization. Therefore, only M parameters of α need to learn in
the online tracking.

Network Architecture: We use the same feature extraction
network as that in DCFST. To obtain the target features in
each frame, we extract two feature maps, Ui,1 and Ui,2, of the
target RoI with the fixed size of 8× 8× 256 and 4× 4× 512,
respectively, after the PrPool layers [18] of the feature extraction
network, where i is the frame number. Three different frames,
named base frames, are randomly sampled from a sequence.
Then, target features from base frames are used to train DOPNet,
that is U = {(Ui,1,Ui,2)}3i=1. Note that we use three base
frames for a good balance between accuracy and efficiency.
To obtain enough bases efficiently and effectively, we propose
to predict one base at each spatial location of features. Fig. 1
shows the architecture of DOPNet where the parameters of two
branches are not shared. Concretely, first, the three feature maps
in each branch are concatenated along the channel dimension
and then fed into the following convolutional layer to output
the fused feature map whose number of channels is the same
as the dimensionality of samples. Second, two deconvolutional
layers expand the spatial sizes of two feature maps to 17× 17
and 9× 9, respectively, generating 17× 17 + 9× 9 bases. Two
groups of the bases are then reshaped to form projection matrices
P1 andP2, respectively. The final projection matrix is expressed
as

P =

[
P1 02

01 P2

]
1024×370

, (10)

where 01 ∈ R512×289 and 02 ∈ R512×81 are two zero matrices.
By using P, the number of parameters of our discriminative
model is reduced significantly from 1024 to 370. More complex
architectures of the projection head may have the potential to
improve tracking performance further, but are not the focus of
this letter.

C. Loss Function

We convert the constraint of Problem (7) to the orthogonality
loss of DOPNet in the way similar to that in [1], [3], [24], [27],
[29] as follows.

Lorth = ‖ϕ�
ρ (U)ϕρ(U)− IM‖2F . (11)

We use this method instead of directly solving the ‘hard
orthogonal constraint’ [3], [27] mainly due to the following two
reasons. First, the orthogonality penalty is differentiable and
requires no SVD, thus computationally cheaper [3]. Second,
although theoretically the orthogonality penalty can only lead
to the approximate orthogonality of projection matrices and
further a suboptimal solution to Problem (2), the solution is still
experimentally satisfactory in the localization performance.

Note that different from previous works [1], [3], [24], [27],
[29] which aimed at learning orthogonal weight matrices that are
unchanged during inference, our DOPNet is devised to generate
dynamic orthogonal projection matrices as the input changes
during the online tracking. Besides, we use the same regression
loss Lreg as that in DCFST [33] to replace the original one
in Problem (7) to optimize DOPNet and the feature extraction
network more effectively.

Finally, the total loss of DOPNet is given as follows.

Ltotal = Lreg + ηLorth, (12)

where η is the tradeoff hyper-parameter.

D. Online Tracking With DOPTracker

Updating: For robustness, we update the projection matrix by
changing the input in every frame as follows.

ŨT = U, T = 1,

ŨT = (1− γ)ŨT−1 + γU, T > 1, (13)

where U = {(Ui,1,Ui,2), (Ui,1,Ui,2), (Ui,1,Ui,2)}, and γ is
a weight parameter. Note that, different from the training stage of
DOPNet, three pairs of feature maps are equal. Besides, during
tracking, we update the regression model by using a moving
average method as that in DCFST every 10 frames.

Detection and Refinement of Target Object: Given the solution
to Problem (2) by using (6) and ϕρ(·), and the test data matrix
Z in a new frame, we obtain the predicted location response ŷ
by using (8). The element of ŷ which takes the maximal value
is accepted as the predicted location of the target object in the
new frame. Then, we refine the bounding box of the predicted
target with ATOM [6], as done in [4], [33].

E. Discussion

Here, we explicitly discuss the difference between this work
and the baseline DCFST. 1) The focuses are different. DCFST
focuses on integrating the discriminative model solvers into
the offline training to learn optimal features for the discrim-
inative model. DOPTracker focuses on alleviating the risk of
over-fitting by means of the adaptive dimensionality reduction
through CNNs. 2) The discriminative models are different. DOP-
Tracker uses ridge regression model with orthogonal projection
constraint (Problem (2)) while DCFST uses standard ridge re-
gression model (Problem (1)). 3) The networks are different.
DCFST contains a feature extraction network and a model solver.
DOPTracker contains an additional dynamic sub-network for
dimensionality reduction. 4) The loss functions are different.
DCFST only employs a regression loss to train the feature
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TABLE I
ABLATION STUDIES OF DOPTRACKER ON NFS AND THE TEST SET OF

GOT-10 K

extraction network while DOPTracker uses the orthogonality
loss and the regression loss to train our networks.

III. EXPERIMENTS

A. Implementation Details

Offline Training: DOPNet and the feature extraction network
are trained jointly and offline in our approach, and the gradient
in DOPNet will not back-propagate to the input features. We use
the training splits of the TrackingNet [23], LaSOT [11], GOT-
10k [14] datasets. Our proposed networks with ResNet-50 [13]
as the backbone network receive a tuple of frames, i. e., 3 base
frames for extracting target features, a training frame and a test
one, as the input in the offline training. The hyper-parameter η
in (12) is set to 10−8 and the other settings are the same as those
in [33]. See more details in supplementary materials.

Online Tracking: The search area is 52 times the target area.
The weight parameter γ in (13) is 0.01. On a single TITAN
X (Pascal) GPU, DOPTracker achieves a real-time speed of
30 FPS.

B. Ablation Studies

Loss Function We additionally train our networks without the
orthogonality loss and the performance gets worse (see Table I).
This confirms that orthogonality of the projection matrix plays
an important role in achievement of strong discrimination ability
when the feature dimensionality is reduced. Moreover, the re-
sults verify that the tracking performance cannot be improved if
we only increase the number of parameters in the networks. As
shown in Table I, when we use L1/L2 penalty for the projection
matrix in the loss function instead of the orthogonality penalty,
the results are both better than that when imposing no penalty for
P but L1/L2 penalty can not benefit the solution to Problem (2)
and thus is less effective.

Base Numbers: When the numbers of bases produced by
DOPNet are reduced to 100+64, the discriminative model is
prone to be of under-fitting and further leads to degenerated per-
formance. In our experiments, base numbers around 370, e. g.,
256+100, can also lead to similar results to ours (see Table I),
showing the robustness of our model to the base numbers. When
we try to generate much more bases by DOPNet, e. g., 400+100,
the performance can not be further improved because the simple
architecture in DOPNet is not able to generate more suitable

Fig. 2. The precision and success plots of the proposed DOPTracker and other
state-of-the-art trackers on OTB-2015.

TABLE II
STATE-OF-THE-ART COMPARISONS ON THE VOT-2018

TABLE III
STATE-OF-THE-ART COMPARISONS ON GOT-10 K

TABLE IV
STATE-OF-THE-ART COMPARISONS ON NFS

bases for effective DR. Note that for simplicity we do not attempt
to refine base numbers by cropping the feature maps in DOPNet.
The final numbers of bases, i. e., 289+81, are totally dependent
on the input sizes of feature maps and the convolutional and
deconvolutional layers in DOPNet.

C. State-of-The-Art Comparisons

OTB-2015: Fig. 2 shows the precision and AUC scores of
DOPTracker and other state-of-the-art trackers. DOPTracker ob-
tains AUC and precision scores of 0.720 and 0.924, respectively,
outperforming DCFST50 by 0.8% and 1.4%, respectively.

GOT-10k: In this experiment, to ensure a fair comparison, we
retrain our network only with the training splits of GOT-10 k.
DOPTracker obtains 0.653 in terms of AUC score, surpassing
its baseline DCFST50 by 1.5% (see Table III).

VOT-2018: DOPTracker obtains the EAO score of 0.471, out-
performing DCFST50 by 1.9% (see Table II). Although DOP-
Tracker obtains a similar accuracy score to that of DCFST50,
our tracker surpasses DCFST50 in terms of robustness with a
gain of 1.4%, which indicates that DOPTracker has stronger
generalization ability than DCFST50.

NfS: We evaluate our approach on the 30 FPS version of
the dataset, containing 100 challenging videos. Table IV shows
that DOPTracker obtains an AUC score of 0.660, surpassing
DCFST50 by 1.9%.

IV. CONCLUSION

In this letter, we propose a novel ridge regression model of
an orthogonal projection constraint and devise a simple yet
powerful dynamic sub-network DOPNet to learn to perform
adaptive dimensionality reduction. Our DOPTracker achieves
state-of-the-art performance on four popular benchmarks.
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