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Anisotropic Convolution for Image Classification
Wenjuan Li, Bing Li , Chunfeng Yuan , Yangxi Li, Haohao Wu, Weiming Hu , and Fangshi Wang

Abstract— Convolutional neural networks are built upon sim-
ple but useful convolution modules. The traditional convolution
has a limitation on feature extraction and object localization
due to its fixed scale and geometric structure. Besides, the loss
of spatial information also restricts the networks’ performance
and depth. To overcome these limitations, this paper proposes
a novel anisotropic convolution by adding a scale factor and
a shape factor into the traditional convolution. The anisotropic
convolution augments the receptive fields flexibly and dynam-
ically depending on the valid sizes of objects. In addition,
the anisotropic convolution is a generalized convolution. The
traditional convolution, dilated convolution and deformable con-
volution can be viewed as its special cases. Furthermore, in order
to improve the training efficiency and avoid falling into a local
optimum, this paper introduces a simplified implementation of
the anisotropic convolution. The anisotropic convolution can be
applied to arbitrary convolutional networks and the enhanced
networks are called ACNs (anisotropic convolutional networks).
Experimental results show that ACNs achieve better performance
than many state-of-the-art methods and the baseline networks in
tasks of image classification and object localization, especially in
classification task of tiny images.
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I. INTRODUCTION

IMAGE classification has received significant interests in
the communities of pattern recognition and computer vision

with wide application to intelligent systems [38]. Many clas-
sical techniques promote the development of image clas-
sification, such as Wavelet [12], SIFT [35], and HDEM
(hausdorff-distance enhanced matching) [39]. In recent years,
the convolution neural networks (CNNs) have made great
breakthroughs in many tasks such as image classification [29],
[42], [44], [60], object detection [43], [56], and semantic
segmentation [6], [51]. AlexNet [29] is the first CNN to win
the ImageNet Challenge [13]. As enhanced versions of neural
networks, CNNs replace full connection by local convolutional
connection to reduce the number of parameters and speed up
the convergence.

Convolution is an important operation in analytical math-
ematics, and its discrete form used in CNNs is the core
competitiveness for the neural networks’ rebirth. It is a useful
and simple structure in CNNs to extract linear features from
images [29], [42], [53], [54]. The down-sampling technique,
pooling, usually accompanies with convolution to enlarge the
receptive fields and pass information forwards. Layer by layer,
the representative features are extracted. Although CNNs have
achieved breakthroughs in various application fields, they still
have two limitations.

The first limitation in the traditional convolution is the
fixed scale which inevitably results in fixed receptive fields
in anywhere of an image. However, objects in the same image
may have different sizes, thus the fixed scale limits the feature
extraction. As illustrated in Fig. 1, the scales and shapes of
different cows are very different. An ideal convolution should
adaptively select convolution kernels with specific scales and
shapes according to the objects’ valid sizes.

The second limitation is the information loss [21], [57],
which is due to the down-sampling operation and the depth
of networks. In deep networks, it increases the difficulty in
optimization and even leads to the gradient disappearance
problem. ResNet [21] addresses this problem by modifying
the network structure along depth, and introduces shortcut to
maintain the important information in deep networks. Then
many extension models [23], [24], [58], [59] are proposed. The
down-sampling operation discards much information rapidly
and leads to the spatial information loss. As illustrated
in Fig. 2, three feature maps are chosen from ResNet’s three
successive layers, and the third layer has a down-sampling
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Fig. 1. Objects with different sizes.

Fig. 2. The information losses of three successive layers in ResNet-18.

operation. We can find that there are more information losses
due to the down-sampling. This problem is particularly promi-
nent in classification task of tiny images, because there is less
information and the pivotal information is easier to lose.

Many object detection methods, such as Fast R-CNN [19],
Faster R-CNN [40], R-FCN [10], and Mask R-CNN [20], try to
solve the fixed scale problem through a set of anchors with dif-
ferent scales. These methods achieve impressed performance
in object detection, while they don’t address the fixed scale
problem in backbone networks. Focusing on the backbone
networks, researchers try to improve the property of convolu-
tion by changing on kernel designs [11], [26], [47], [56], [57]
and conversion of channels [22], [52]. Among these methods,
the dilated convolution and the deformable convolution are two
representative ones. However, the deformable convolution is
lack of guidance on scale selection, and the dilated convolution
cannot directly construct the irregular convolution shape. In a
word, these two convolutions cannot take both scale and shape
into account simultaneously.

To further address the aforementioned limitations, this paper
proposes an anisotropic convolution which aims at integrating
variances of both scale and shape into a unified convolution.
It is inspired by human vision system [2], [50]. As stated
in [50], humans are able to detect visually distinctive scene
regions effortlessly and rapidly in a pre-attentive stage, then
perceive and process them in finer details for the extraction
of richer high-level information in an attentive stage. The

proposed anisotropic convolution contains two parameters:
scale and shape. The scale parameter is used to find the
most suitable scale of the convolution kernel for the current
location, and the shape parameter is used to construct the
most suitable shape. Thus the anisotropic convolution selects
the most suitable scale and shape for each pixel. Moreover,
the anisotropic convolution is a generalized kernel, and the
dilated and deformable convolutions can be viewed as its
special cases. Consequently, the new convolution has better
generalization ability to multiple tasks. It can be applied to
arbitrary CNNs and the armed networks are named anisotropic
convolution networks (ACNs). We evaluate four kinds of
ACNs on five image classification databases and three image
localization databases. The experimental results demonstrate
that ACNs perform well for image classification and object
localization, especially for tiny image classification.

The contributions of this paper are summarized as follows:
• Inspired by human vision system, a novel anisotropic con-

volution is proposed by adding a scale factor and a shape
factor into the traditional convolution. The anisotropic
convolution augments the receptive fields flexibly and
dynamically depending on the valid sizes of objects.

• In order to improve the training efficiency and avoid
falling into a local optimum, this paper proposes a sim-
plified solution of the anisotropic convolution.

• The anisotropic convolution can be applied to arbitrary
CNNs. According to a large number of experiments,
the enhanced networks are superior to many state-of-the-
art methods.

II. RELATED WORKS

We review the recent progress in CNNs. The related meth-
ods are categorized and introduced as follows.

A. Dilated Convolution

Dilated convolution is initially introduced by Chen et al. [5]
for semantic segmentation. It has been widely used in image
classification and other fields [56], [57]. Dilated convolution is
also called atrous convolution [6]. It changes the normal stride
of filter larger than 1 and keeps the original weights at sparse
sampling locations. It rapidly enlarges the receptive field
to incorporate more context information without introducing
extra parameters or computation cost. The loss of spatial
sharpness accompanied with feature learning is alleviated
by dilation, and the resolution of output increases without
reducing the receptive field of individual neurons.

B. Large Kernel

Some large convolution kernels, such as 11 × 11, 5 × 5
convolution kernels, are used in AlexNet [29]. The large kernel
enlarges the receptive field of convolution. Sometimes, better
characteristics are obtained to accompany the information’s
increase. Nevertheless, the large convolution kernel leads to
an explosion of computation, and it is not conducive to the
increase of model depth.
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C. Group Convolution

Group convolution is first adopted in AlexNet [29]. Due to
the limited hardware resources, the feature maps are processed
through multiple GPUs and the multiple results are fused
finally. In group convolution, the feature maps are fused by
concatenation.

D. Inception

Inception in GoogLeNet [48] assembles different sizes of
kernels, such as 1 × 1, 3 × 3 and 5 × 5, to gain the best
features. However, too many Inception structures bring in a
large number of parameters and reduce the efficiency of the
networks. Xception [8] can be seen as an improvement of
Inception.

E. ShuffleNet

This architecture [61] uses two operations, point-wise group
convolution and channel shuffle. They reduce the computa-
tional complexity without loss of accuracy. The architecture is
widely used in small networks.

F. Active Convolution

Active convolution [26] augments the sampling ranges with
offsets which are learnt via back-propagation. However, there
are two crucial shortcomings which make it less general and
non-adaptive. The offsets are shared all over the different
spatial locations and they are static model parameters which
are learnt per task or per training.

G. Spatial Transformer Network

Spatial transformer network [25] adopts a learnable module,
the spatial transformer, to do the spatial operation as affine
transformation within the network. The improved method
called inverse STN [33] replaces the complicated feature
warping by efficient transformation parameter propagation.

H. Deformable Convolution

It is introduced by Dai et al. [11] for object detection, and
is inspired by effective receptive field [27]. It augments the
spatial sampling regions in the modules with additional offsets,
which are learnt via additional convolutions without additional
supervision. They deal with dense spatial transformations in a
simple, efficient and end-to-end manner to change the shape
of receptive field.

I. Multi-Scale Analysis

Multi-scale analysis is realized by taking different sizes of
filters [3], [12], [32]. It is the theoretical basis of many effec-
tive tools. For example, wavelet analysis [12] is one kind of
multi-scale analysis method which analyzes a series of nesting
air spaces. Boscaini et al. [3] adopt a set of oriented anisotropic
diffusion kernels to learn the intrinsic dense correspondences
between deformable shapes. It is mainly applied to 3D space
information and region association.

J. Cutout

Cutout [14] is a new regularization method, and it masks
out random sections of input images during training. This
technique simulates occluded examples and encourages the
model to take more minor features into consideration rather
than only rely on the few major features.

K. Dropout

Dropout [45] is a neural network regularization technique to
drop (remove) a random subset of the neural network’s hidden
units during each training iteration. The weights of the neural
network are scaled down at the testing stage. Dropout aims at
forming an efficient model averaging, where each model is a
“thinned” neural network with a units’ subset of the original
network.

L. Maxout

Maxout [4] is a classical activation function which is partic-
ularly suitable to be used together with dropout. It has benefi-
cial characteristics for both optimization and model averaging
with dropout. A single maxout unit aims at making a piecewise
linear approximation to an arbitrary convex function, so that
the activation function is effectively learnt.

III. ANISOTROPIC CONVOLUTION

The following gives the details of the proposed anisotropic
convolution as well as its implementation.

A. Formulation

Suppose that X is an input image or a feature map. Given a
pixel with position p0 in X , the traditional convolution learns
the feature using a small square Q around p0. Namely, through
a convolution, the output feature map Y of X is calculated as

Y (p0) =
∑

pn∈Q

W (pn) · X (p0 + pn), (1)

where W represents the weight coefficient, and the set of
{pn|n = 1, . . . , N, N = |Q|} enumerate N locations in a local
region Q. The local region Q is called the receptive field and
usually defined as a small square with p0 as its center,

Q = {(a, b)|a, b ∈ [−1, 0, 1]}.
When observing an image, humans often take notice of the

broad range of objects in the image, then notice the detailed
shapes. Inspired by this recognition mechanism, we propose
a new anisotropic convolution by adding two items to the
traditional convolution. The scale factor l0 of the position p0
aims to obtain the broad range, and the shape factor �pn

aims to achieve the real outline. The anisotropic convolution
is formulated as follows,

Y (p0) =
∑

pn∈Q

W (pn) · X (p0 + l0 · pn + �pn), (2)

where �pn is a set of offsets within the constraints. Let
�pnx and �pny be values along the horizontal and vertical
directions, respectively. Let �t� be a round-down operator to
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gain the largest integer which is smaller than t . Then the
formulation of �pn is shown as follows,

|�pnx | < � l0

2
�, |�pny| < � l0

2
�. (3)

From a macro perspective of the whole image, the target
object is locked in the appropriate area through scale learning.
From the micro view of local point, it’s easier to learn the com-
prehensive and particular shape. Through changing the scale
and the shape factors, the closest contour is quickly found in
current region. Thus the receptive field with flexible scale and
irregular shape is obtained by the anisotropic convolution. This
is meaningful because the discriminative features’ extraction
is related to the receptive field. The cognition of the objects
under different receptive fields may be different. For example,
the information about the eyes can be learnt under a smaller
receptive field, while the whole facial information is required
to learn under a large enough receptive field.

B. Optimization and Implementation

It is obvious that the scales and shapes in different positions
should be different. As defined in Eq. (2), l0 and �pn are both
learnable. It is a key step to learn the optimal values of them.
Control variates [55] can be used to learn l0 firstly, then learn
�pn with the best l0.

1) Simplified Solution: In order to improve the accuracy and
convergence speed, a simplified training scheme is introduced
and it avoids falling into a local optimum. First, the best scale
l0 is selected from a set of candidate scales L = {1, 2, . . . , 2s}.
The Eq. (2) is reformulated as

Y (p0) = Fl∈L(
∑

pn∈Q

W (pn) · X (p0 + l · pn + �pn)), (4)

where F(·) represents a selection operation. For each fixed l,
it is only required to learn the variant �pn , then select the
optimal scale from a serial of learnt convolutions.

Another issue is choosing the selection operation F(·).
In this paper, the maximum operation is used. Eq. (4) is
rewritten as

Y (p0) = Maxl∈L(
∑

pn∈Q

W (pn) · X (p0 + l · pn + �pn)), (5)

where Max represents a maximum function to select the
maximum response from feature maps with scales L.

This solution strategy has following benefits:
• A local point can search its best �pn and l along optimal

trend through taking multiple feature maps into account
and fully considering the structural character.

• The maximum strategy is useful to obtain the maximum
response and maintain the effective information. It can
avoid the information loss to a certain extent.

• For different points, the �pn and l are different, which
keeps the receptive field of every point with flexible
variability.

Fig. 3. The structure of the anisotropic convolution.

2) Implement: According to the simplified optimization,
the anisotropic convolution is implemented by a maximum
operation on multiple branches, and each branch is with the
property of deformation localization. The structure of the
anisotropic convolution is shown in Fig. 3. Taking two points
A and B in the input feature map for example, A has larger
receptive field than B , and its corresponding point A∗ gains
features mainly from a larger receptive field with scale l = 4,
while B∗ gains feature mainly from a smaller receptive field
with scale l = 1. The receptive fields of different points
are different, which proves the self-adaptation property of the
anisotropic convolution.

3) Analysis: First, the corresponding receptive fields are
subsets of the whole image through the setting of some discrete
scales L = {1, 2, . . . , 2s} as Eq. (4) and the �pn under
constraints as Eq. (3). As similar as the multi-scale analysis
used in wavelet analysis [12], these subsets construct an open
cover of the whole image. Thus it is possible to obtain the
best �pn and l within the whole image. This is based on the
Finite Covering Theorem shown as Theorem. 1.

Theorem 1 (Finite Covering Theorem): Let A be a
bounded closed set in Rn . Let G be an open covering of it,
i.e. a system of open sets the union of which contains A; then
there exists a finite subsystem of sets {Gi , i = 1, . . . , N},
in G (a sub-covering) which is also a covering of A, i.e.

A ⊂
N⋃

i=1

Gi .

This theorem is proved by E. Borel [1], thus it is also named
Borel-Lebesgue covering theorem. In an image, the object can
be seen as a closed interval, then a set of open intervals (multi-
scale regions) can cover the closed interval. The regions with
the most suitable cover area are the best approximate regions
to the object. It transforms the problem of object detection or
feature extraction from an unknown large region to some finite
smaller regions.

Second, the function F(·) in Eq. (4) can further be extended
to a fusion operation, where addition and concatenation can
also be used.

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on September 17,2020 at 09:33:27 UTC from IEEE Xplore.  Restrictions apply. 



5588 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 29, 2020

The benefits of the optimization and implementation are
summarized as follows:

• The scale factor makes it possible to learn effective
features in a suitable domain and alleviate the spatial
information loss.

• The shape factor within the given range provides a guar-
antee for accurate details, and enhance the optimization
speed due to the narrowing down search area.

• The fusion strategy of multi-scale feature maps is benefi-
cial to extract the global optimal value and avoids falling
into the local optimal values. It adds nonlinearity to the
whole transformation and provides conveniences for the
important information’s rapid dissemination.

C. Comparison With Other Convolutions

The anisotropic convolution can be regarded as a generaliza-
tion convolution. Three convolutions, including the traditional
convolution, the dilated convolution, and the deformable con-
volution, are special cases of the anisotropic convolution. The
proposed anisotropic convolution integrates the advantages of
these convolutions into a unified one. The relationship is listed
as follows,

• when l0 = 1 and �pn = 0, Eq. (2) turns to be the
formulation of the traditional convolution;

• when l0 > 1, l0 ∈ Z, and �pn = 0, Eq. (2) turns to be
the formulation of the dilated convolution;

• when l0 = 1 and �pn �= 0, Eq. (2) turns to be the
formulation of the deformable convolution;

• when l0 ≥ 1, l0 ∈ R, and �pn �= 0, Eq. (2) turns to
be the formulation of the anisotropic convolution with a
generalization form.

1) Comparison With the Dilated Convolution: The dilated
convolution adopts a fixed scale l (l > 1) to obtain the
informative features from larger receptive fields. However,
the fixed scale of the receptive field is not applicable to detect
the the objects with irregular shapes and different sizes.

2) Comparison With the Deformable Convolution: In the
deformable convolution, the offset set �pn are adopted to
gain the receptive field with irregular shapes. Each offset is
finally implemented via bilinear interpolation. There are the
following differences between the anisotropic convolution and
the deformable convolution:

• The anisotropic convolution is based on the human recog-
nition mechanism, and implemented with specific and
reasonable strategies. The deformable convolution is a
bottom-up design.

• The deformation of a point is learnt from one scale in the
deformable convolution, but learnt from multiple scales
in the anisotropic convolution.

• The anisotropic convolution is better than the deformable
convolution in avoiding falling into the local optimal
solution through searching for maximum activation from
multiple scales.

3) Different Receptive Fields Among Four Convolutions:
The local receptive fields of the traditional convolution, dilated
convolution, deformable convolution and anisotropic convo-
lution are shown in Fig. 4. Compared with the other three

Fig. 4. The local receptive fields of four convolutions.

convolutions, the anisotropic convolution is armed with multi-
ple dilated priors. Regions with green, purple and pink colors
represent the scales of 1, 2 and 4, respectively. It is enhanced
by a fusion strategy to select the best approximate upon the
best scale. Therefore, the receptive field of the anisotropic
convolution is closer to the truth. The offsets of the anisotropic
convolution may be smaller than those of the deformable
convolution, which is due to regularization of offsets.

IV. EXPERIMENTS

Two kinds of experiments are carried out to evaluate
the effectiveness of the anisotropic convolution, includ-
ing image classification on the CIFAR, STl-10, MNIST,
SVHN, ImageNet-1K databases, and object localization on the
STL-10, ImageNet-1K, and MS COCO databases.

A. Experiment Setting

We compare the proposed method with many popular meth-
ods, including:

• the baseline methods including VGG [42], ResNet [21],
WRN [58], DRN [57], and Faster R-CNN [40];

• some popular or state of the art networks, for exam-
ple, LeNet [30], GoogleNet [48], DenseNet [23],
DPN [7], ROR [59], Fast R-CNN [19], R-FCN [10], and
SENet [22];

• methods with the useful activation function Maxout [4]
and the regularization method Cutout [14];

• some methods perform well on the databases, for exam-
ple, Competitive Multi-scale Convolution [32], Convo-
lutional K-Means Clustering [16], EX-CNN [15], and
Stacked What-Where Auto-encoders [62].

Since the anisotropic convolution has the same input and
output sizes with the traditional convolution, it can directly
replace every plain counterpart in existing convolution neural
networks (CNNs). Here, it is applied to five classical architec-
tures for feature extraction: VGG, ResNet, WRN, DRN, and
Faster R-CNN. VGG is the runner-up in ILSVRC 2014 which

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on September 17,2020 at 09:33:27 UTC from IEEE Xplore.  Restrictions apply. 



LI et al.: ANISOTROPIC CONVOLUTION FOR IMAGE CLASSIFICATION 5589

TABLE I

PARAMETER SETTING

leads the networks to develop along depth. The used VGG
network contains 16 CONV/FC layers and only adopts 3 × 3
convolution from the beginning to the end. Most of its
parameters are from the full connection layers. ResNet is the
winner of ILSVRC 2015. WRN prefers to widen the ResNet to
improve the performance. The DRN is obtained when ResNet
is armed with the dilated convolution. Faster R-CNN is a
popular method in object detection.

Networks armed with the anisotropic convolution named
ACNs. For example, ACN+VGG represents the network VGG
equipped with the anisotropic convolution, as shown in Fig. 5.
Among the last three full connection layers, the former two
are replaced by the global average pooling, and the last one
is retained to do the classification. Thus the number of para-
meters is significantly reduced. The anisotropic convolution is
installed in the latter position of the network, where the feature
map is 8 × 8 when the input image’s size is 32 × 32.

In all the tables below, the best results are marked in bold.
Some results are published on the homepage of the databases,
except the results of our methods, the baseline networks, and
the object detection results on the MS COCO database.

B. Image Classification

Image classification is a widely-used application of CNNs.
We test the proposed ACNs on five databases, Cifar, STl-10,
MNIST, SVHN, and ImageNet-1K. For all the networks,
Nesterov SGD [46] is used in the training stage, where lr
is 0.1 and momentum is 0.9. The learning rates are changed
to its β times (β = 1 by default) after the certain epoches τ .
Some parameters are shown in TABLE I and the others are
initialized randomly. Recognition rate (accuracy) [17], [37] is
a standard metric used to evaluate the methods’ performance
in image classification. It is calculated as

Recogni tion rate = T P

T P + F P
,

where T P is the true positive rate, and F P is the false positive
rate.

1) CIFAR: The Cifar10 and Cifar100 databases [28] are
two subsets of Tiny Images Database [49]. Both of them
contain 60,000 color images with the same size of 32×32×3.
These images are divided into a training set with 50000 images
and a testing set with 10000 images. Cifar10 has 10 different

TABLE II

RECOGNITION RATES (TOP-1) OF ACNS AND
BASELINE NETWORKS ON CIFAR

TABLE III

RECOGNITION RATES OF ACN AND SOME

NETWORKS ON STL-10

categories, such as cats, dogs, cars and boats. Cifar100 con-
tains 20 large categories, and it is further subdivided into
100 small categories. For example, it contains five different
kinds of trees: maple, oak, palm, pine and willow.

The comparison between ACNs and baseline networks is
shown in TABLE II, where CIFAR10+ and CIFAR100+ mean
that the images are augmented with padding and cropping
randomly. The results exhibit that the networks armed with
the anisotropic convolution perform better than the baseline
networks VGG, ResNet18 and WRN. Especially for VGG,
ACN+VGG increases the recognition rate by over 2 percents.
In addition, the improvement on CIFAR100+ is more obvious.

2) STl-10: The STL-10 database [9] contains images with
the same size of 96 × 96 × 3. It is built for developing
unsupervised feature learning, deep learning, and self-taught
learning algorithms.

TABLE III shows that the anisotropic convnet ACN+WRN
obtains the highest recognition rate. Specially, the recognition
rate of ACN+WRN increases by over two percents than the
baseline network WRN, and is also one percent higher than
Cutout’s. It proves the advantage of the anisotropic convolution
in discriminative information extraction.

3) MNIST: MNIST [31] is the standard evaluation database
in digital handwriting recognition. It contains 50000 training
images and 10000 testing images with the same size of
28 × 28. The images are tiny and collected from different
people’s hand-writing numbers, including 0 to 9.

The results in TABLE IV shows that our anisotropic convnet
ACN+VGG obtains the highest accuracy 99.84%. It excels
the baseline network VGG over 1.5 percents, and is superior
to the other six methods, including SENet-18, DenseNet-
161 and ResNet-101. The result demonstrates the advantages
of anisotropic convolution in feature extraction of tiny images
or tiny targets. This owes to the scale selection operation
in ACN, which avoids excessive spatial information loss and
maintains the discriminative features.

4) SVHN: The street view house numbers (SVHN) data-
base [36] is collected for identifying arabic numbers in images.
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Fig. 5. The network structure of ACN+VGG.

TABLE IV

RECOGNITION RATES OF ACN AND SOME NETWORKS ON MNIST

TABLE V

RECOGNITION RATES OF ACN AND SOME NETWORKS ON SVHN

There are 73,257 images for training, and 26,032 image for
testing. All the images are taken from the house numbers in
Google Street with the same size of 32 × 32 × 3.

As results shown in TABLE V, our anisotropic convnet
ACN+WRN obtains the second best result, which is only
0.05% lower than the regularization method Cutout, but is
obviously superior to the other methods.

5) ImageNet-1K: ImageNet-1K [41] is used in the
2015 ImageNet competition, which plays an important role
in rise of CNNs. There are about 1.2 million images in
training set, and 50000 images in verification set. All the
images are from 1000 categories with the same large size over
200 × 200 × 3. In the stage of data processing, the images are
usually resized to 256 × 256 × 3, then randomly cropped to
224 × 224 × 3.

TABLE VI exhibits that, compared with the baseline net-
works DRN-D-22 and DRN-C-26, networks armed with the
anisotropic convolution perform better on ImageNet-1K. This
proves that the anisotropic convolution is suitable for large
size image classification.

TABLE VI

ERROR RATES OF ACNS AND BASELINE NETWORKS ON IMAGENET-1K

C. Object Localization

The performance in object localization is valued by the
results of class activation mapping (CAM) [63] and numerical
values.

1) CAM: CAM is a weak supervised method in object
localization, because it requires neither boundary box nor other
label information, but only category information for object
positioning. The network for CAM is a classification network,
where the last two layers are global average pooling layer
(GAP) [63] and full connection layer. The softmax activation
function is used to obtain the categories probability. Then
GAP is used as a weighted sum method to map the class
activation of the input image, thus the class activation mapping
is achieved.

Due to the scale and shape factors, the anisotropic con-
volution learns the internal structure and external contour
of the object accurately. As the CAMs shown in Fig. 6,
the anisotropic convolution locks the objects and highlight
the discriminative positions accurately. Taking the image of
rose for example, the network with the anisotropic convolution
focuses on the target, and locks its exact localization. In addi-
tion, the anisotropic convolution localizes the target objects
accurately even in presence of great scale variation.

2) Object Localization on ImageNet: Based on CAM,
the boundary of the object is differentiated by the suitable
threshold value. In the class C activation mapping, f (w, h) is
assumed as the pixel value on the position of (w, h), and the
formulation of bounding box is formulated as follows,

B = {((w1, h1)(w2, h2))| f (w, h) > t,

w ∈ (w1, w2), h ∈ (h1, h2)},
where t is a threshold value, and B is a set of bounding boxes.
The maximum bounding box is calculated as

b = arg max
((w1,h1)(w2,h2))∈B

(w2 − w1) × (h2 − h1).
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Fig. 6. CAMs of images with different sizes.

TABLE VII

OBJECT LOCALIZATION ERROR RATES ON IMAGENET

In final, IoU (intersection computes over the union) is used as
the evaluation index in object localization task. The threshold
is usually set to 0.5, which means that the object is correctly
localized as long as the IoU between the boundary box and
the actual boundary box is greater than 0.5.

TABLE VII shows the object localization errors of
DRN-C-26 and ACN+DRN-C-26 on ImageNet. It shows that
the object localization ability of ACN+DRN-C-26 is better
than the baseline network DRN-C-26. It implies that the
anisotropic convolution obtains more accurate contours and
regions of target objects.

3) Object Detection on MS COCO: The performance of
our convolution in object detection is demonstrated on the
MS COCO database [34]. This database is quite popular
among the computer vision community, where many images
are natural images or daily objects with different sizes and
complex background. We primarily evaluate detection mean
average precision (mAP) [18] which is the actual metric for
object detection, as

m AP = 1

N

N∑

i=1

AP(i),

where AP(i) represents the i -th object’s area obtained by
precision and recall lines, and there are N kinds of objects.
The experimental results are shown in TABLE VIII. All these
methods’ backbone networks are ResNet101. Deformable
ConvNets+Faster R-CNN [11] means that Faster R-CNN is
combined with the deformable convolution. Its RoI pooling
layer is changed to deformable RoI pooling. ACN+Faster
R-CNN is the method that combines Faster R-CNN with
the anisotropic convolution. It can be seen that the mAP
of ACN+Faster R-CNN increases by 6.1% comparing with
Faster R-CNN. Moreover, the performance of ACN+Faster
R-CNN is obvious better than the Fast R-CNN, R-FCN
and Deformable ConvNets+Faster R-CNN. It demonstrates
that the anisotropic convolution can be embedded into the

TABLE VIII

OBJECT DETECTION PERFORMANCE ON THE MS COCO DATABASE

TABLE IX

THE RECOGNITION RATE COMPARISON AMONG VGG + ACN
ARMED WITH DIFFERENT COMPONENTS ON CIFAR100

TABLE X

THE RECOGNITION RATE COMPARISON AMONG VGG ARMED

WITH FOUR CONVOLUTIONS ON CIFAR100

backbone network to further improve the object detection
performance.

D. Discussion

1) Discussion of Components: The anisotropic convolution
is composed of three components: scale factor, shape factor,
and fusion strategy. In this experiment, we test the enhanced
network VGG + ACN with different component settings on
CIFAR100. Each component is separately evaluated with the
other two fixed as the optimal chosen. According to the com-
parison in TABLE IX, we obtain the following observations:

• Comparison on scale factor shows that the network with
the multi-scale structure (L = {1, 2}) gains the best per-
formance. It means that the scale factor in the anisotropic
convolution is conducive to extracting the discriminative
spatial information.

• With the shape factor, the performance of the network
increases by about 0.5%. As a supplement of scale factor,
shape factor is easy to detect the slight deformation of
objects. The combination of them realizes the rapid and
flexible change of the receptive field.

• Compared with the fusion strategies of addition and
concatenation, the network with the maximum fusion
strategy enhances the performance by about 1%. It proves
the superiority of maximum in the anisotropic convolution
and the maximum operation is more likely to yield the
global optimal point.

2) Comparison Among Four Convolutions: The comparison
among four convolutions, including the traditional convo-
lution, the dilated convolution, the deformable convolution,
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Fig. 7. Comparison among VGG armed with four convolutions on
CIFAR100+.

Fig. 8. CAMs of aeroplane, monkey, deer, and antelope by WRN armed
with the traditional, deformable, dilated, and anisotropic convolutions.

and the anisotropic convolution, is tested on CIFAR100 and
STL-10 for image classification and object localization,
respectively. The results are shown in TABLE X, Fig. 7, and
Fig. 8.

• Comparison on Image Classification. As shown in
TABLE X, ACN+VGG yields the highest recogni-
tion rate. It proves that the features extracted by the
anisotropic convolution are more discriminative and
effective.

• Comparison on convergence. In Fig. 7, with the increas-
ing number of epoches, the anisotropic convolution
obtains the fastest decrease of the training loss. It proves
that the anisotropic convolution is superior in convergence
to the other three convolutions.

• Comparison on object localization. As shown in Fig. 8,
the anisotropic convolution performs the best on outlin-
ing the objects’ contours. It comprehensively covers the
regions and effectively labels the key regions. As marked
with red boxes, it emphasizes the top aeroplane wheel
in the hot-map of aeroplane, and locks the horns, limbs
and heads in hot-maps of deer and antelope. Owing to
the scale and shape factors, the anisotropic convolution

Fig. 9. The network structure and four candidate positions of ACN+WRN.

Fig. 10. The position testing of ACN+WRN on STL-10.

alleviates the spatial information loss and flexibly detects
the irregular shapes.

3) Discussion of Position: The position of the layer replaced
by the anisotropic convolution is also important. WRN and
DRN are two baseline networks in this experiment on
STL-10 and ImageNet-1K, respectively. The anisotropic con-
volution can replace any convolution, but it is more suitable
to be placed on the latter of the network as same as the
deformable convolution.
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Fig. 11. The network structure and two candidate positions of ACN+DRN.

Fig. 12. The position testing of ACN+DRN on ImageNet-1K.

TABLE XI

COMPLEXITY ANALYSIS

As shown in Fig. 9, four candidate positions marked with
red boxes are chosen in WRN. The testing of the replaced
position is shown in Fig. 10, where 1 + 3 means that the
positions 1 and 3 are replaced by the anisotropic convolution,
while 1 means that only position 1 is replaced. It exhibits
that WRN performs the best when position 1 is replaced. The
position experiment of DRN is implemented on the database
ImageNet-1K. As shown in Fig. 11, two convolution layers
marked with red boxes are chosen as candidate positions.
Fig. 12 exhibits that when these two positions are all replaced,
the network yields the best performance with the lowest train-
ing loss, the lowest testing error and the fastest convergence.

4) Complexity and Convergence Analysis: Although the
parameter and calculation amount in ACNs are both larger
comparing with the traditional convolution as shown in
TABLE XI. Fig. 13 exhibits that the training convergence
and testing accuracy of ACN+WRN are more satisfac-
tory. For example, ACN+WRN (the red line) converges

Fig. 13. The convergence comparison between ACN+WRN and WRN on
STL-10.

within 50 epoches, but WRN (the black line) converges
after 450 epoches. The anisotropic convolution augments
the receptive fields flexibly and dynamically by taking both
scale and shape into account simultaneously. Then the robust
and discriminative features are easy to learn. Although the
anisotropic convolution increases the number of parameters,
the convergence speed of the whole network is accelerated.
In addition, replacing a small number of convolution layers
does not cause a surge in parameter and computation.

V. CONCLUSION

In this work, in order to overcome the two limitations
in CNNs, the fixed scale and the information loss, we pro-
posed an improved and generalized convolution named the
anisotropic convolution. It could augment the receptive fields
flexibly and dynamically with the scale and shape factors
depending on the valid size of object. The experiments proved
that the networks armed with the anisotropic convolution were
superior to many state-of-art CNNs in task of image classifi-
cation and object localization, especially in classification tasks
of tiny images. In future work, we aim at exploring the form
change of convolution kernels among channels to obtain the
effective features.
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