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Abstract: In recent years, deep convolutional neural network (CNN) has been applied more and
more increasingly used in computer vision, natural language processing and other fields. At the same
time, low-power platforms have more and more significant requirements for the size of the network.
This paper proposed CED-Net (Channel enhancement DenseNet), a more efficient densely
connected network. It combined the bottleneck layer with learned group convolution and channel
enhancement module. The bottleneck layer with learned group convolution could effectively
increase the network’s accuracy without too many extra parameters and computation (FLOPs,
Floating Point Operations). The channel enhancement module improved the representation of the
network by increasing the interdependency between convolutional feature channels. CED-Net is
designed regarding CondenseNet’s structure, and our experiments show that the CED-Net is more
effective than CondenseNet and other advanced lightweight CNNs. Accuracy on the CIFAR-10
dataset and CIFAR-100 dataset is 0.4 and 1% higher than that on CondenseNet, respectively, but
they have almost the same number of parameters and FLOPs. Finally, the ablation experiment proves
the effectiveness of the bottleneck layer used in CED-Net.

Keywords: convolutional neural network; channel enhancement; Squeeze and Excitation;
CondenseNet; bottleneck layer

1. Introduction

With the advent of the era of big data, deep learning technology has become a research hotspot
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in the field of artificial intelligence. It has shown great advantages in image recognition, speech
recognition, natural language processing and other fields. The problem of sequence labeling is the
most common problem in natural language. Shao et al. [1] assign semantic labels in input sequences,
exploiting encoding patterns in the form of latent variables in conditional random fields to capture
latent structure in observed data. Lin et al. [2] proposed an attentional segmentation recurrent neural
network (ASRNN), which relies on a hierarchical attentional neural semi-Markov conditional random
field (semi-CRF) model for sequence labeling tasks.

Convolutional neural networks (CNN) have been widely used in computer vision recognition
tasks. Djenouri et al. [3] proposed a technique for particle clustering for object detection (CPOD), built
on top of region-based methods, using outlier detection, clustering, particle swarm optimization
(PSO), and deep convolutional networks to identify smart object data. Shao et al. [4] proposed an
end-to-end multi-objective neuroevolution algorithm based on decomposition and dominance
(MONEADD) for combinatorial optimization problems to improve the performance of the model in
inference. From 2010 to 2017, the ImageNet Large Scale Visual Recognition Challenge has been
held for seven years. The image classification accuracy of the champions has increased from 71.8%
to 97.3%. The emergence of AlexNet in 2012 was a milestone in deep learning field. After that, the
ImageNet dataset accuracy has been significantly improved by novel CNNss, like VGG [5], GoogleNet [6],
ResNet [7,8], DenseNet [9], SE-Net [10], and automatic neutral architecture search [11-13].

However, it is necessary to consider high accuracy, platform resources, and the efficiency of
systems in real-world applications, e.g., automatic drive systems, intelligent robot systems, and mobile
device applications. Moreover, most of the best-performing CNNs need to run on a high-performance
graphics processing unit (GPU). So, real-world tasks have driven the development of more lightweight
CNNs, to allow CNN to be used in more low-performance devices [14,15], like Xception [16],
MobileNet [17], MobileNet V2 [18,19], ShuffleNet [20], ShuffleNet V2 [21] and CondenseNet [22].
Group convolution and depth-wise separable convolution [23] are crucial in these works.

As the best paper at the CVPR 2017 conference, DenseNet beat the best performing ResNet on
ImageNet without group convolution or depth-wise separable convolution. Subsequently, the SE-Net
achieved the best results in the history of ImageNet in ILSVRC2017, but there are still too many
parameters in SE-Net. Following these works, Huang et al. [9] have proposed Learned Group
Convolutions to improve DenseNet connection and convolution methods. Inspired by these jobs, we
study using Squeeze-and-Excitation block (SE-block) to improve the lightweight CNN. Furthermore,
we explore how to design the structure of the convolutional layer to enhance the network’s performance.

We propose a more efficient network, CED-Net, which combines bottleneck layer with learned
group convolution and SE block. Learned group convolution can crop the network channel during the
training phase. And the SE block can recalibrate the feature channel to enhance the channel beneficial
to the network. Through experiments, we demonstrate that CED-Net is superior to other lightweight
network in terms of accuracy, the number of parameters, and FLOPs.

2. Related works
2.1. Model compression and efficient network architectures

In the past few years, designing CNNs by adjusting an optimal depth to balance accuracy and
performance was a very active field. Most recent work has been many progresses in algorithm
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optimization exploration, including pruning redundant connections [24—27], using low-accuracy or
quantized weights [28,29], or designing efficient network architectures.

Early researchers proved pruning redundant and quantization are effective methods because
deep neural networks often have a substantial number of redundant weights that can be pruned or
quantized without sacrificing (and sometimes even improving) accuracy. For CNNs, different
pruning techniques may lead to varying levels of granularity [30]. Fine-grained pruning, e.g.,
independent weight pruning [31], generally achieves a high degree of sparsity. Coarse grained pruning
methods such as filter-level pruning earn a lower degree of sparsity, but the resulting networks are
much more regular, facilitating efficient implementations.

Recently researchers have explored the structures of the efficient network that can be applied on
mobile devices such as MobileNet V2, ShuffleNet V2, and NasNet. In these networks, depth-wise
separable convolutions play a vital role, which can reduce a large number of network parameters
without significantly reducing the accuracy. However, according to the Howard et al. [17,18], a large
amount of depth-wise separable convolutions will decrease the computational speed of the network.
Therefore, CED-Net uses a more efficient group convolution and densely connected architecture to
reduce the number of parameters of the network. Furthermore, because many deep-learning libraries
efficiently implement group convolutions, they save a lot of computational time in theory and practice.

In addition, the bottleneck layer proposed in ResNet can effectively reduce parameters for
multilayer network. Our experiments show that CED-Net can achieve higher accuracy and fewer
parameters than CondenseNet of the same structure when layers are deeper.

2.2. Learned group convolution and squeeze-and-excitation

Huang et al. [9], as the best paper for CVPR2017, proposed a densely connection network that is
better than the previous champion ResNet on the ImageNet. After that, CondenseNet achieved the
same accuracy with only half of the number of parameters of DenseNet. In CondenseNet, learned
group convolution plays a key role; it can train the network with sparsity inducing regularization for a
fixed number of iterations. Subsequently, it prunes away unimportant filters with low magnitude
weights. Because many deep-learning libraries efficiently implement group convolutions, they save a
lot of computational time in theory and practice.

Moreover, the Squeeze-and-Excitation structure that shines on ILSVRC2017 has been
experimented on by most famous networks. Squeeze and Excitation are two very critical operations.
First, it is used to model the interdependencies between feature channels explicitly. It is a new “channel
recalibration” strategy. Specifically, by automatically learning the importance of each feature channel,
SE-Net enhances the proper channel and suppresses useless channels. Most of the current mainstream
networks are constructed based on superimposed basic blocks. It can be seen that the SE module can
be embedded in almost all network structures, so CED-Net achieves more efficient performance by
embedding the SE module.

3. Channel enhancement dense network
In this section, we first introduce the structure and function of the bottleneck layer. Next, we

explore how SE Block as a channel enhancement block can improve the performance of CED-Net.
Finally, we describe the network details of CED-Net for CIFAR dataset.
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Figure 1. A 5-layer dense block with channel enhancement and bottleneck layer.

As shown in Figure 1, H, W, C;;,, are the height, width, and the number of channels of the input
image, respectively, and g is the growth coefficient of the channel. CED-Net consists of multiple dense
blocks for feature extraction. The dense block is shown in Figure 2(c). It consists of two 1 x 1 LG-Conv
(Learned Group Convolution) layers and one 3 x 3 G-Conv (Group Convolution) layer. Each 1 x 1 LG-
Conv layer uses a permute operation for channel shuffling to reduce accuracy. BN-ReLU nonlinearly
activates the input and output in the dense block. And use the AvgPool layer for down sampling.

3.1. Bottleneck layer with learned group convolution

BN-Relu BN-Relu

1x1 Conv 1x1 LGConv

[ e

3x3 Conv

I et

1x1 Conv

1x1 LGConv Paante

Permute l f-Rets

BN-Relu

3x3 GConv

1 BN-Retu

3x3 GConv

] BN-Relu

concat

| T

(a) (&)

1x1 LGConv

Permute
BN-Relu

Figure 2. Different networks’ bottleneck layer or dense block. (a) ResNet. (b)
CondenseNet. (¢) CED-Net.

The bottleneck layer is proposed in ResNet, and the detailed structure is shown in Figure 2(a).
The three-layer bottleneck structure consists of 1 x 1, 3 x 3, and 1 % 1 convolutional layers, where
two 1 X 1 convolutions are used to reduce and increase (restore) dimensions. The 3 x 3 convolutional
layer can be seen as a bottleneck for a smaller input/output dimension. We replace the 1 x 1 standard
convolution with the learned group convolution, and the 3 x 3 standard convolution is replaced with
the group convolution. Unlike ResNet, the CED-Net replaces element-wise addition with channel
concatenation. Because it can use the semantic information of different scale feature maps to achieve
better performance by increasing the channel, the element addition operation does not take up too
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much memory during network transmission. Still, it may introduce extra noise that will lose some
feature map information.

Figure 2(b) shows the structure used in CondenseNet. The Permute layer, enabling shuftling
between channels, is designed to reduce the adverse effects of the introduction of 1 x 1 LG-Conv. But
there are still many parameters in a deep network with the bottleneck layer. Figure 2(c) shows part of
the structure used by CED-Net. This structure has fewer parameters than that in Figure 2(b). Expressly,
the condense factor and bottleneck factor in CED-Net are set to 4 and reduced by half compared to
CondenseNet. This is to reduce the parameters caused by adding a 1 X 1 LG-Conv layer.

One dense layer used in CED-Net is of quadratic time complexity (®(25G%4+4CG)) concerning
the number (C) of input channels and the number (G) of output channels. Compared with ordinary 3 x 3
convolution (®(9CQG)), as a result of C is much greater than G with the deepening of network layers,
CED-Net reduces the time complexity by half.

Input Channels Input/Output Input/Output Qutput Channels
3x3 G-conv

Figure 3. Bottleneck layer with Learned Group Convolutions.

Figure 3 shows how channels change the process of the bottleneck layer based on learning
group convolution. The parameters and calculation amount are 1/4 of the standard bottleneck layer.
Based on the image classification comparing experiments on the CIFAR dataset, we can conclude
that our structure can increase the classification accuracy by 0.4% when the number of parameters
and the amount of calculation is almost the same as CondenseNet (see Section 4). When network
layers are deeper (depth is 272), the number of parameters and the amount of calculation of CED-
Net are smaller than the CondenseNet of the same depth. Still, the classification accuracy is higher
than that of CondenseNet.

3.2. Channel enhancement with Squeeze and Excitation

In CED-Net, since the network is a densely connected structure, the input data of each convolution
layer has a large amount of channel information. And the output after convolution is the sum of all
previous channel information. This has led to the entanglement of information and spatial relevance.
Furthermore, in lightweight networks, group convolution can significantly reduce the amount of
computation by ensuring that each convolution operation is only on the corresponding input channel
group. However, if multiple sets of convolutions are stacked together, there is a side effect: A channel
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output is only derived from a few numbers of input channels. This would reduce the information flow
between channel groups and express information.

Input

BN-RelLU
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Sigmoid
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l Output

Figure 4. Channel Enhancement with Squeeze-and-Excitation.

Therefore, we use the channel permute (see Figure 2(¢)) and the Squeeze-and-Excitation block to
make the information between the groups more circulated to allow the network to focus on more
helpful information. As shown in Figure 4, Squeeze-and-Excitation blocks can improve the
representation of the network by increasing the interdependence between convolution feature channels.
The detailed process is divided into two steps: Squeeze and Excitation.

Squeeze. CNNs all have the problem that due to the nature of convolutional calculations, each
convolution filter can only focus on specific spatial information. To alleviate this problem, the Squeeze,
as a global description operation, encodes the global spatial information into the channel descriptor
and calculates the mean of each channel through global average pooling.

Ze = Fog(ue) = =3, B uc(i,)) (1)

As shown in Eq (1), where Z. is the output of the squeeze layer, W, H are the width and height
of the input feature map of the current layer. u, is the input feature map, and Fy,(*) can represent
the global information of the entire feature map. The global average pooling used in this paper squeezes
the feature map into a value to indicate the importance of the corresponding channel.

Excitation. To take advantage of the information obtained by the squeeze operation, the
excitation operation needs to meet two criteria to achieve full capture of channel dependencies. First,
it must be able to learn nonlinear interactions between channels. And second, it must learn a non-
mutually exclusive relationship. Specifically, the gate mechanism is parameterized by concatenating
two fully connected (FC) layers above and below the nonlinear (ReLU) and then activated with the
sigmoid function.

s=Fx(z,W) = O'(g(Z, w )) = G(WZH(Wl Z)) (2)
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C C
where 6 is the ReLU function.w; € R=*¢, w, € R®* are the weights of the dimensionality reduction

layer and the dimensionality increase layer, respectively. Where r is the dimensionality reduction rate,
and C is the number of channels. To limit the complexity of the model and increase the generalization,
a “bottleneck™ is formed by a two-layer FC layer around a nonlinear map, where r sets 16. Finally,
after obtaining the so-called gate, by multiplying the channel gates by the corresponding feature maps,
you can control the flow of information for each feature map.

We embed the Squeeze-and-Excitation block into the 3 x 3 G-Conv layer because the number of
input/output feature channels in the first 3 x 3 G-Conv is the same and smaller. The Squeeze-and-
Excitation block can effectively enhance the effective channel after feature extraction without extra
parameters. According to the research results of Hu et al., this method can balance the accuracy of the
model and the number of parameters.

Algorithm 1 Image classification based on CED-Net

Input: In = datasets (x1,¥1), (X2,¥2), ..., X Ym)

Output: Op = Classification accuracy: (Y1, ¥2, ---» ¥Yn)
Set: CED-Net feature extraction: G, (:), k€ (0, n)

forx=1:mdo

edi
Softmax(G,(x;)) = Srei
1€ [1,m],where g; is one class valuein G(-).
Return Op

end for

3.3. Network design

CED-Net can guarantee good performance while maintaining lightweight models because of the
effective combination of bottleneck layer structure and channel enhancement blocks. An important
difference between CED-Net and other network architectures is that CED-Net has a very narrow layer.
The relatively small channel growth rate is sufficient to obtain the most advanced results on the test
dataset. This can increase the proportion of features from the later layers relative to features from the
previous layers. So, we set the channel growth rate of a dense connection layer to 4. And we found
that if the number of early layers is set too deep, it will significantly increase the FLOPs of the network.

Architectural details. The model used in our experiments has three dense blocks. Before the data
enters the first dense block, the input image would go through a 3 % 3 standard convolution which output
channels are 16 and stride size is 2. In the dense layer, the number of channel enhancement blocks should
be set according to the growth rate, the input channels, and the output channels, see Eq (3).

n= Cou;—Cin (3)

where g is the growth rate, C;, is the input channels, n is the number of channel enhancement blocks,
and Cg,¢ 1s the output channels. For example, in the experiment, we set the growth rate to 8, 16, and 32,
and the channels of dense layer output is 256, 756, and 1696 respectively, so the number of channel
enhancement blocks in the dense layer are all 30.

Mathematical Biosciences and Engineering Volume 19, Issue 12, 12232-12246.
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Table 1. Network structure of CED-Net on CIFAR.

Layers Output Size Output Channels Repeat Stride
3 x 3 Convolution 32 x32 16 1 1
Dense bottleneck block 32 x32 256 (g=78) 30 1
Avg pooling 16 x 16 1 2
Dense bottleneck block 16 x 16 736 (g=16) 30 1

Avg pooling 8 x8 1 2
Dense bottleneck block 8 x8 1696 (g =32) 30 1
Global avg pooling I x1 1696 1 8
Fully connected 1 x1 10

Table 2. Network structure of CED-Net on ImageNet.

Layers Output Size Output Channels Repeat Stride
3 x 3 Convolution 112 x 112 64 1 2
Dense bottleneck block 112 x 112 96 (g=28) 4 1
Avg pooling 56 x 56 1 2
Dense bottleneck block 56 x 56 192 (g=16) 6 1
Avg pooling 28 x 28 1 2
Dense bottleneck block 28 x 28 448 (g =32) 8 1
Avg pooling 14 x 14 1 2
Dense bottleneck block 14 x 14 1088 (g =64) 10 1
Avg pooling 7 %7 1 2
Dense bottleneck block 7x7 2112 (g=128) 8 1
Global avg pooling 1 x1 2112 1 7
Fully connected 1 x1 1000 1

For each convolutional layer with a kernel size of 3 x 3, each side of the input is zeros-padded
to keep the feature size fixed. In general, we add the batch normalization layer and the ReLU
function after the last dense layer and then use the global average pooling to compress the feature
map into one dimension as the input of the Softmax layer. The exact network configuration is
shown in Tables 1 and 2.

The training process of CED-Net is shown in Algorithm 1. (Xi, yi) in the input represent the images
and label of the ith batch respectively. For each batch, we use softmax to obtain the output Yi of CED-
Net. Finally, the image features Gk of n categories are obtained.

4. Experiments

This section conducted experiments on the CIFAR10, CIFAR-100, and the ImageNet (ILSVRC 2012)
datasets. First, we compared them with other advanced convolutional neural networks, such as VGG16,
ResNet-101, and DenseNet. Then, we conducted ablation experiments to CED-Net, mainly comparing
three networks, the primary network of CED-Net-128, the optimization network with only the
bottleneck layer, and the network with only the channel enhancement block. Through these
experiments, we verify the effectiveness of our improved method. Next, we will introduce the data set
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and the evaluation indicators of the experiment.
4.1. Dataset

The CIFAR-10 and CIFAR-100 datasets consist of colored natural images with 32 x 32 pixels.
CIFAR-10 consists of images drawn from 10 classes and CIFAR-100 from 100 classes. The training
and test sets contain 50,000 and 10,000 images, respectively, and we picked up 5000 training images
as a validation set. We adopt a standard data augmentation scheme (mirroring/shifting) and image zero-
padded with 4 pixels per side, and then randomly cropped to generate a 32 x 32 image. The image is
flipped horizontally at a probability of 0.5 and normalized by subtracting the channel average and
dividing by the channel standard deviation.

The ImageNet datasets consist of 224 x 224 pixels colored natural images with 1000 classes. The
training and validation sets contain 1,280,000 and 50,000 images, respectively. We adopt the data-
augmentation scheme at training time and perform a rescaling to 256 x 256 followed by a 224 x 224
center crop at test time before feeding the input image into the networks.

4.2. Evaluation criteria
We evaluate CED-Net on three criteria:
4.2.1. Classification accuracy

Accuracy is the most common metric. It is the number of samples that are paired divided by the
number of all samples. Generally speaking, the higher the accuracy is, the better the classifier will be:

accuracy = (TP + TN)/(P + N) 4)

where P (positive) is the number of positive examples in the sample, and N (negative) is the number
of negative examples. TP (true positives) is the number of samples that are positive examples that are
correctly classified. TN (true negatives) is the number of samples that are actually negative that are
correctly classified.

4.2.2. Model parameter

For a single convolutional kernel we have:

parameters = k? x Cin X Cout (5)

where k is the convolution filter’s size, Cin is the input channels, and Cout is the output channels;
4.2.3. FLOPs (floating-point operations)

To measure the amount of calculation of the model, we compute the number of FLOPs of each
layer. For convolutional kernels, we have:

FLOPs = 2HW (k? Cin + 1)Cout (6)
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where H, W are height and width. For fully connected layers, we compute FLOPs as:
FLOPs = (21 — 1)0 (7)

where [ is the input dimensionality and O is the output dimensionality.
4.2.4.  Other criteria

To further prove the stability of CED-Net, we added the interpretation and comparison of
precision, recall and F-measure in the ablation experiment:

precision = TP/(TP + FP) (8)
recall =TP/(TP + FN) 9)
F — measure = 2 x precision x recall/(precision + recall) (10)

4.3. The result of image classification
4.3.1. Training details

We train all models with stochastic gradient descent (SGD) using similar optimization hyper-
parameters [23-30]. And we set the Nesterov momentum weight to 0.9 without damping and use a
weight decay of 0.0001. All models are trained with mini-batch size 128 for 200 epochs on the training
datasets. We use the cosine annealing learning rate curve, starting from 0.1 and gradually reducing to 0.

4.3.2. Results on CIFAR
In this part, we train CED-Net and other advanced convolutional neural networks on the CIFAR-10
and CIFAR100 datasets. We compared these models under the above three evaluation criteria. See

Table 3 for a detailed list.

Table 3. The classification accuracy on CIFAR-10 and CIFAR-100.

Model Params FLOPs CIFAR-10 CIFAR-100
VGG-16 1473 M 314 M 92.64 72.23
ResNet-101 4251 M 2515 M 93.75 77.78
ResNeXt-29 9.13 M 1413 M 94.82 78.83
MobileNet V2 230M 92 M 94.43 68.08
DenseNet-121 6.96 M 893 M 94.04 77.01
CondenseNet-86 0.52M 65 M 94.48 76.36
CondenseNet-182 420 M 513 M 95.87 80.13
CED-Net-128 0.69 M 75 M 94.89 77.35
CED-Net-272 532M 649 M 96.31 80.72

In Table 3, we show the results of comparing 128-layer CED-Net and 272-layer CED-Net with
other state-of-the-art CNN architectures. All models were trained in 200 epochs in the experiment. The
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results show that after introducing the bottleneck layer structure and channel enhancement blocks to
CED-Net, the CondenseNet increases the accuracy by 0.4-0.5% with minimal parameters and FLOPs
cost compared with the same number of stacked blocks n datasets. Moreover, compared to the more
advanced MobileNet V2, CED-Net is more accurate without using depth-wise separable convolutions.
And the parameter amount is 1/4 of it, and the FLOPs are also more minor.

4.3.3. Results on ImageNet
In this part, we train CED-Net and other advanced convolutional neural networks on the
ImageNet datasets. We compared these models under the above four evaluation criteria. See Table 4

for a detailed list.

Table 4. The classification accuracy on ImageNet.

Model Params FLOPs Top-1 Top-5
VGG-16 138.36 M 1548 G 71.93 90.67
ResNet-101 44.55M 7.83 G 80.13 95.4
MobileNet V2 3.5M 03G 71.8 91
DenseNet-121 7.98 M 2.87G 74.98 92.29
CondenseNet 4.8 M 0.53G 73.8 91.7
SE-Net 115M 20.78 G 81.32 95.53
CED-Net-115 93 M 1.13G 78.65 93.7

Figure 5. ImageNet misclassified pictures.

In Table 4, we show the results of comparing 115-layer CED-Net with other CNN architectures.
The results show that the accuracy of Top-1 and Top-5 is improved by 4.85 and 2%, respectively,

Mathematical Biosciences and Engineering Volume 19, Issue 12, 12232-12246.



12243

compared with the same depth of CondenseNet. At the same time, the dense bottleneck block used in
the CED net is more complex. Compared with DenseNet, CED-Net increases the number of parameters
by 16.5% but reduces the amount of calculation by 39.4%; the accuracies of Top-1 and top-5 are
improved by 3.67 and 1.41%, respectively. Compared with SE-Net, CED-Net reduces the Top-1
accuracy by 2.67%, but the parameter quantity is only 8.1% of SE-Net.

Some misclassification images are shown in Figure 5. There may be unavoidable interference
information in these pictures; Also, it may be that the network model constructed in this paper does
not learn a sufficient number of diverse features and cannot correctly identify each picture with
different features.

43.4. Redundant LG-Conv

In the dense bottleneck block shown in Figure 2, we use the learned group revolution before and
after the 3 x 3 group convolution, which means that there are two consecutive learned group
convolutions between the two 3 X 3 group convolutions. The two index layers used have redundancy,
but we think it is necessary. These redundancies can improve the learned group revolution’s
generalization performance and help subsequent feature extraction. But this design increases the
amount of calculation and parameters of the intermediate convolution.

4.3.5. Ablation experiments

In this part, we performed a CED-Net ablation experiment. We trained four models on the CIFAR-10
dataset, CEDNet-128a with no bottleneck layer and channel enhancement block, CED-Net-128b with
convolutional layer structure changed to bottleneck layer, CED-Net-128c with channel enhancement

block based on CondenseNet-86 and CED-Net-128 that we proposed in this paper.

Table 5. The result of ablation experiments of CIFAR-10.

Model Params FLOPs Accuracy Precision Recall ~ F-measure
CondenseNet® 0.52M 65.82M 94.48 94.50 94.48 94.49
CED-Net-128° 0.59M 75.04M 94.75 94.75 94.75 94.75
CED-Net-128° 0.66M 67.04M 94.74 94.76 94.74 94.75
CED-Net-128 0.69M 75.41M 94.89 94.89 94.89 94.88

Note: “The basic model of CED-Net same as CondenseNet-86 without bottleneck layer and channel
enhancement block; °The basic model of CED-Net only add a bottleneck layer; “The basic model of CED-Net
only add channel enhancement block.

In Table 5, CondenseNet-86 is our basic model. It can be seen that when we turn the structure of
CondenseNet into a bottleneck layer, the parameters and FLOPs of the network are only slightly
improved, and the accuracy can be increased by about 0.3%. When we added the channel enhancement
block to CondenseNet-86, we saw not much increase in FLOPs. But the parameters are raised, and the
accuracy can be improved by about 0.3%. In our CED-Net-128, the accuracy rate has been
significantly improved, and the channel enhancement block mainly causes the increase in parameters.
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The bottleneck layer structure causes an increase in FLOPs. In addition, the Accuracy, Precision,
Recall and F-measure of each model are very close, which prove that the four models have extracted
stable features.

5. Conclusions

This paper introduces CED-Net: a more efficient densely concatenated convolutional neural
network based on feature enhancement block and bottleneck layer structure, which increases accuracy
by learning group convolution and feature reuse. To make the reasoning effective, the pruned network
can be converted to a network with conventional group convolution, which is effectively implemented
in most deep learning libraries. In our experiments, CED-Net outperformed its underlying network
CondenseNet and other advanced convolutional neural networks such as Mobilenet V2 and ResNeXt
in terms of computational efficiency at the same accuracy level. Moreover, CED-Net has a much
simpler structure with higher accuracy. We anticipate further research in CED-Net to combine this
framework to the Neural Architecture Search (NAS), so as to design more lightweight Convolutional
Neural Network models. We hope our work will draw more attention toward a broader view of using
lightweight architecture for deep learning.
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