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Abstract
Despite the effectiveness of convolutional neural networks (CNNs) for image classification, our understand-

ing of the effect of shape of convolution kernels on learned representations is limited. In this work, we explore

and employ the relationship between shape of kernels which define receptive fields (RFs) in CNNs for learning of

feature representations and image classification. For this purpose, we present a feature visualization method for

visualization of pixel-wise classification score maps of learned features. Motivated by our experimental results, and

observations reported in the literature for modeling of visual systems, we propose a novel design of shape of kernels

for learning of representations in CNNs. In the experimental results, the proposed models achieved an outstanding

performance in the classification task, comparing to a base CNN models that introduces more parameters and com-

putational time. Additionally, we examined the region of interest (ROI) of different models in the classification task

and analyzed the robustness of the proposed method to occluded images. Our results indicate the effectiveness of

the proposed approach.

Introduction
Following the success of convolutional neural networks (CNNs) for large scale image classification,

remarkable efforts have been made to deliver state-of-the-art performance on this task. Along with

more complex and elaborate architectures, lots of techniques concerning parameter initialization, op-

timization and regularization have also been developed to achieve better performance. Despite the fact

that various aspects of CNNs have been investigated, design of the convolution kernels, which can

be considered as one of the fundamental problems, has been barely studied. Some studies examined

how size of kernels affects performance [1], leading to a recent trend of stacking small kernels (e.g.

3 × 3) in deep layers of CNNs. However, analysis of the shapes of kernels is mostly left untouched.

Although there seems to be no latitude in designing the shape of convolution kernels intuitively (es-

pecially 3× 3 kernels), in this work, we suggest that designing the shapes of kernels is feasible and

practical. Specifically, we propose a method to use an asymmetric shape, which simulates hexagonal

lattices, for convolution kernels, and then deploy kernels with this shape in different orientations for

different layers of CNNs.

Main Contributions
1. We propose a method to design convolution kernels in CNNs, which is inspired by hexagonal lattice

structures employed for solving various problems of computer vision and image processing.

2. We examine classification performance of CNNs equipped with our kernels, and compare the re-

sults with state-of-the-art CNNs equipped with square kernels using benchmark datasets. The

experimental results show that the proposed method is superior to the state-of-the-art CNN models

in terms of computational time and/or classification performance.

3. We introduce a method for visualization of features to qualitatively analyze the effect of kernel de-

sign on classification. Additionally, we analyze the robustness of CNNs equipped with and without

our kernel design to occlusion by measuring their classification accuracy when some regions on

input images are occluded.

Our approach
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Figure 1: (a) Our proposed kernel, which can approximate a hexagonal kernel by shifting through direction D. (b) Em-

ployment of the proposed method in CNNs by stacking small size quasi-hexagonal kernels.

In this work, we address the aforementioned problems by designing shapes of kernels on a two-

dimensional coordinate system. For each channel of a given image I, we associate each pixel Ii,j ∈ I
at each coordinate (i, j) with a lattice point (i.e., a point with integer coordinates) in a square grid. If

two lattice points in the grid are distinct and each (i, j) differs from the corresponding coordinate of

the other by at most 1, then they are called 8-adjacent. An 8-neighbor of a lattice point Ii,j ∈ I is

a point that is 8-adjacent to Ii,j. We define N9[Ii,j] as a set consisting of a pixel Ii,j ∈ I, and its 8

nearest neighbors (Fig. 1). A shape of a quasi-hexagonal kernel KH(Dp,q) ⊂ N9[Ii,j] is defined as

KH(Dp,q) = {N9[Ii,j] ∩N9[Ii+p,j+q] ∪ Ii−p,j−q} (1)

where Dp,q ∈ D is a random variable used as an indicator function employed for designing of shape

of KH(Dp,q), and takes values from D = {(−1, 0), (1, 0), (0,−1), (0, 1)}. Then, convolution of the

proposed quasi-hexagonal kernel KH(Dp,q) on a neighborhood centered at a pixel located at (x, y)
on an image I is defined as

Ix,y ∗KH(Dp,q) =
∑

s,t

KH
s,t(Dp,q)Ix−s,y−t. (2)

Results
We provide a comparison of the number of parameters and computational time of the models in Table

1. In the experimental analyses for the CIFAR-10 dataset, QH-A model has a comparable perfor-

mance to the base model with fewer parameters and computational time. If we keep the same number

of parameters (QH-B), then classification accuracy improves for similar computational time. Mean-

while, our proposed model shows significant improvement in both model size and computational time

in ImageNet dataset.

Table 1: Comparison of number of parameters and compu-

tational time of different models.

Model Num. of
params.

Training time
(500 samples)

Difference
in accuracy

BASE ≈ 57.3M 51610.5 ms −
QH-BASE ≈ 44.6M 38815.9 ms +1.2%

BASE-A ≈ 1.4M 1492 ms −
QH-A ≈ 1.1M 1227.4 ms −0.08%
QH-B ≈ 1.4M 1449.9 ms +0.17%

Fig. 2(a) shows some examples of vi-

sualizations of ROI. We observed that

for most of these correctly classified test-

ing images, both the models are able

to present an ROI that roughly specify

the location and some basic shape of the

target objects, and vise versa. How-

ever, some obvious difference between

the ROI of the base model and the pro-

posed model can be observed: i) ROI

of the base model usually involves more

back-ground than that of the proposed

model. That is, compared to these pixels with strong contributions, the percentage of these pixels

that are not essentially contributing to the classification score, is generally higher. ii) Features learned

using the square kernels are more like to be detected within clusters on special parts of the objects.

The accumulation of the features located in these clusters results in a superior contribution, compared

to the features that are scattered on the images. iii) Some duplicated important features are overlooked

in these top reacted high-level neurons in the base model. Meanwhile, our proposed model is more

likely to obtain discriminative features that are spatially distributed on the whole object.

(a) Original images

(b) Occluded images

Figure 2: Examples of visualization of ROI. A ROI demonstrates a union of RFs of the top 40 activated neurons at the

last max pooling layer.

The results in Table 2 show that quasi-hexagonal kernel model reveals better robustness under tar-

geted occlusion compared to square kernel model. Some sample images are shown in Fig. 2(b).

The comparison between the ROI shown the figure suggests that the proposed model overcomes the

occlusion by detecting features that are spatially distributed on target objects.

Table 2: Performances on the occlusion datasets. Each column shows the classification accuracy (%) in different occlu-

sion conditions.

Model
BASE QH-BASE VGG[1]

Average
accuracyTop1 Top5 Top1 Top5 Top1 Top5

Bla. Mot. Bla. Mot. Bla. Mot. Bla. Mot. Bla. Mot. Bla. Mot.

BASE 58.8 61.2 34.6 40.9 61.3 63.5 36.3 42.7 61.7 63.8 44.1 48.3 51.5

QH-BASE 67.1 67.8 43.8 47.6 67.0 66.9 42.2 45.4 68.6 69.1 52.3 54.6 57.7

Conclusions
In this work, we analyze the effects of shapes of convolution kernels on feature representations learned

in CNNs and classification performance. It is observed that the compact representations obtained us-

ing the proposed kernels are beneficial for the classification accuracy in additional to the size and

computational complexity of CNNs. Additionally, the proposed method improves the robustness of

the base-line models to occlusion for classification of partially occluded images. These results con-

firm the effectiveness of the proposed method for designing of the shape of convolution kernels in

CNNs for image classification.

References
[1] Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for large-scale image

recognition. In Proceedings of ICLR, 2015.

Acknowledgements
This work was partly supported by CREST, JST and by JSPS KAKENHI Grant Number 15H05919

(Grant-in-Aid for Scientific Research on Innovative Areas Innovative SHITSUKSAN Science and

Technology).


