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Abstract

Today with the substantial increase in the computing power of small devices
and systems new challenges are emerging. For example, how to control a
small handheld device which has the computing capabilities of a desktop
Personal computer (PC) used five years ago. Devolving decision-making
power to the device in order to make it more intelligent e.g. in the case of
autonomous driving, is an interesting area. Deep learning has paved the way
for this task due to its reliable decision-making capabilities which are quite
popular. However for small devices there are constraints like availability of
limited computation hardware, less power due to small batteries, need for
real-time as well as accurate decision-making abilities, etc. In this regard,
light-weight Convolutional Neural Networks (CNNs) are a valuable tool.
Lightweight CNNs like MobileNets, ShuffleNets, CondenseNets, etc. are
deep networks which have a much lesser number of layers and a much smaller
number of parameters as compared to their larger CNN counterparts like
Googl.eNet, Inception, ResNets, etc. Due to their unique advantages for small
stand-alone systems, light-weight CNNs are used in these systems. In this
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literature survey the notable light-weight CNNs along with their architecture,
design features, performance metrics, advantages, etc are discussed. The
trends, issues and future scope in the area are also discussed. It is hoped that
by studying this survey, the reader will engage in research in this interesting
area.

Keywords: Lightweight CNNs, deep learning, survey, convolutional neural
networks, limited-hardware devices.

1 Introduction

Deep learning has emerged as a popular approach for machine vision applica-
tions [5,9,10,14,19,42,44,46,51,60]. It is also used for other applications like
Natural Language Processing (NLP) [1]. The basics of deep learning include
concepts like convolution, weight sharing, using the Rectified Linear Unit
(ReLU) activation functions, etc. Ascribed to convolution, the Convolutional
neural networks (CNNs) are invariant to translation, rotation, scaling, etc.
in the input and this feature makes them robust. CNNs are pre-trained on
large datasets like ImageNet [6] and are later fine-tuned for two important
reasons [29]: (i) The features learned by CNNs from the large-data help
them generalize better, and (ii) The pre-trained CNNs are expert at avoid-
ing over-fitting for smaller downstream applications during fine-tuning. The
performance accuracy of CNNs depends on the architecture [11, 12] and
their training approach [15]. There are many CNNs which have a very large
number of parameters. As mentioned earlier, for training these CNNs large
datasets are required. Some notable CNNs include AlexNet [32], VGG [47],
GooglLeNet [48], ResNet [21], and DenseNet [26]. In this regard notable
datasets for computer vision include ImageNet [6] and Openlmage [33]. In
deep learning neural networks with large numbers of layers are used for
classification, prediction and regression. CNNs were introduced by LeCun
et. al [34] and they rose to popularity with the introduction of the AlexNet
CNN [32] which gave extraordinary classification accuracy on the ImageNet
challenge [6]. Since then deep learning has broken many performance records
on tasks like computer vision [10, 13, 14, 16, 19, 20, 35, 46, 50, 51], speech
recognition [3,7], financial market forecasting [2,61], etc. However all of the
above mentioned CNNs are computationally exhausting due to which they
are not suitable for the implementation in the embedded systems or limited
hardware systems.
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For object-detection, a system like a drone, car, missile, etc. collects data
from its sensors like cameras, etc. and sends the data to an offline processing
unit for analysis [4]. By doing this, the unit is able to save power by offloading
its computational tasks. However, wireless transmission is slower due to
which an additional cost of latency is added to the system. The need for
compute-intensive hardware for video processing is a challenge in fitting
deep-learning based techniques on low cost and low power computation
platforms. In many applications like robotics, autonomous cars, autonomous
drones and virtual reality, the video recognition algorithms need to be run
quickly on a low compute-capable hardware platform [24]. For this purpose,
CNNs that are more suitable for on-board object detection in real-time need
to be developed. Here it is vital to reduce the number of model parameters
and use faster calculations in the CNN while saving power by reducing
the computations. Hence the need arises for light-weight CNN architectures
which are to be used on limited compute-capability hardware.

The new generation of lightweight CNNs are used for embedded systems
in units like drones, cars, defence systems, etc. Some advantages of using
light-weight CNNs e.g. in the case of drones, are that the battery life and flight
time could be increased. In the computing hardware an additional 0.5 to 1 W
power is required for cooling for each watt of power dissipated [41]. Also, a
low-power computation system may reduce thermal problems and cooling
requirements, which is an important issue for systems like autonomous
drones, etc. Hence the need for light-weight CNNs comes to the fore.

In previous survey papers like [4] which was published in 2019 the early
architectures of a limited number of lightweight CNNs were discussed briefly.
My paper not only considerably expands the argument but also discusses
the latest versions of the notable lightweight CNNs. It also compares their
performance on state-of-the-art image databases for computer vision. This
survey paper also discusses the latest trends in the area. Hence a gentle
introduction is given to light-weight CNNs while mentioning their trends,
the major issues and the future scope of the area. Through the medium of this
survey it is hoped that the reader will develop a decent insight into the field
of light-weight CNNSs. It is also hoped that the reader will engage in research
in this interesting field.

The main contributions of the work are given below:

* An overview of the notable state-of-the-art light-weight CNNs, their
features and unique advantages is given
* The current trends for light-weight CNNs are given
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* The performance comparisons, major issues and future scope of light-
weight CNNs are also discussed

The rest of the paper is organized as follows. Section 2 discusses the
works related to light-weight CNNs. Section 3 briefly discusses the current
trends, issues and future scope in the area. The conclusion is given in
Section 4.

2 Related Work

In this section, I discuss the notable light-weight CNNs used so far and I also
discuss their important features along with their advantages.

2.1 MobileNet

The MobileNet CNN series is a popular light-weight CNN series used for
computer vision applications. Its variants are discussed below.

2.1.1 MobileNet-V1

MobileNet-V1 [24] was the first light-weight CNN in the MobileNet series
used for mobile and embedded vision systems. It used the technique of
splitting the convolution into depth wise-separable convolution and pointwise
convolution respectively for building a light-weight CNN. Also, it introduced
two hyper-parameters which were used to build smaller and lower latency
models for mobile and embedded vision tasks. One of these hyper-parameters
was the width-multiplier which allowed the thinning of the number of
channels. The second hyper-parameter was the resolution-multiplier which
reduced the spatial dimensions of the features. Although MobileNet-V1 was
not generally as accurate as the heavier CNNs, however it fared much better
in the resource v/s accuracy trade-off. It also gave high accuracy with limited
hardware resources. In [24], the authors proposed MobileNet-SSD which
used depth-wise separable convolutions. They used MobileNet-V1 as the
backbone CNN. MobileNet-SSD achieved a notable accuracy on the MS
COCO dataset [37].

2.1.2 MobileNet-V2

MobileNet-V2 [45] was an updated version of MobileNet-V1 with more
efficiency in terms of speed and accuracy. For example, for the MS COCO
dataset [37] MobileNet-V2 was 2x faster than MobileNet-V1 and also
slightly more accurate in terms of performance. MobileNet-V2 was a much
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faster model making it suitable for real-time tasks. In their work [45], the
authors claimed that a MobileNet-V2 with a width-multiplier of 0.25 and a
resolution-multiplier of 0.714 achieved 28.1 frames per second (fps) on an
Nvidia Jetson TX2 GPU, 31.5 fps on an Intel Core i5-6200U CPU and 164
fps on a K40 Desktop GPU. The authors of [45] proposed SSDLite which
was based on the MobileNet-V2 backbone. SSDLite outperformed YOLO-
V2 on the MS COCO [37] dataset with 20x more efficiency and 10x lesser
size.

2.1.3 MobileNet-V3

MobileNet-V3 [23] is the latest version in the MobileNet series. Its main
contribution is the use of the AutoML technique [22] for finding the best
possible CNN architecture for a particular problem. This is in contrast to
the handcrafted design of previous versions of the MobileNet architecture.
MobileNet-V3 leverages two AutoML techniques viz., MnasNet [49] and
NetAdapt [57]. MobileNetV3 first searches coarsely for a possible archi-
tecture using MnasNet, which in turn uses Reinforcement learning (RL)
for selection of the optimum configuration. Next, the CNN is fine-tuned
by using NetAdapt which is a complementary technique used for trimming
underutilized channels with small decremental steps.

MobileNet-V3 also uses a squeeze-and-excitation block [25] in its archi-
tecture. The squeeze-and-excitation block improves the representation quality
of the network by modelling the inter-channel feature interdependencies. The
CNN uses feature recalibration by which it learns the use of global infor-
mation for selective emphasis of informative features and for suppressing
the ones which are less useful. MobileNet-V3 extends MobileNet-V2 by
incorporating the squeeze-and-excitation blocks in the search space. This
technique gives a more robust CNN architecture.

Another optimization of MobileNet-V3 is the redesigning of some
‘expensive’ layers in the CNN model. Some layers in MobileNet-V2 were
foundational for the accuracy of the model, but they also introduced latency.
By using the optimization techniques, MobileNet-V3 removes three expen-
sive layers in MobileNet-V2 without sacrificing any performance accuracy.
Table 1 shows the overall architecture of MobileNet-V3.

Table 2 shows the performance of MobileNet-V3 against it previous
versions on the MS COCO dataset.

The code for the MobileNet CNN series is available at: https://github.c
om/tensorflow/models/tree/master/research/slim/nets/mobilenet.
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Table 1 Overall architecture of MobileNet-V3 (Large version) [23]. SE denotes if there is
a squeeze and excite module in the block. NL is the non-linearity type. HS is the h-swish
activation function, and RE is is the ReLU activation function. s denotes the stride

Input Operator Exp Size | #out | SE | NL | s
224%224x3 conv2d - 16 - | HS | 2
112x112x16 | bneck 3x3 16 16 - | RE |1
112x112x16 | bneck 3x3 64 24 - | RE |2
56x56x24 bneck 3x3 72 24 - | RE | 1
56x56x24 bneck 5x5 72 40 v | RE | 2
28x28x40 bneck 5x5 120 40 v | RE |1
28x28x40 bneck 5x5 120 40 v | RE |1
28x28x40 bneck 3x3 240 80 - | HS | 2

14x14x80 bneck 3x3 200 80 - | HS |1
14x14x80 bneck 3x3 184 80 - | HS | 1
14x14 %80 bneck 3x3 184 80 - | HS | 1
14x14x80 bneck 3x3 480 112 v | HS |1
14x14x112 bneck 3x3 672 112 v | HS |1
14x14x112 bneck 5x5 672 160 v | HS | 2
7x7x160 bneck 5x5 960 160 v | HS |1
7x7%x160 bneck 5x5 960 160 v | HS |1
7x7x160 conv2d 1x1 - 960 - | HS |1
7x7x960 pool 7x7 - - - - 1
1x1x960 conv2d 1x1 - 1280 - | HS |1
1x1x1280 conv2d 1x1 - k - - 1

Table 2 Performance of MobileNet-V1 [24], MobileNet-V2 [45] and MobileNet-V3 [23]
on the MS COCO dataset [37]. mAP is Mean Average Precision. With channel reduction,
MobileNet-V3 is faster than MobileNet-V2 by 27% with almost same mAP

Backbone mAP Latency (msec) Parameters (M)
MobileNet-V1 22.2 228 5.1
MobileNet-V2 22.1 162 4.3
MobileNet-V3 22.0 119 322
MobileNet-V3 Small  16.1 43 1.77

2.2 SqueezeNet

SqueezeNet [28] is a small CNN which achieves the same performance
accuracy of the AlexNet CNN on the ImageNet dataset with 50x lesser
parameters as shown in Table 3. SqueezeNet can also have 500x lesser
parameters than AlexNet by using deep compression methods [18]. Table 3
shows the performance of SqueezeNet as compared to AlexNet.
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Table 3 Performance of AlexNet and SqueezeNet on the ImageNet dataset [28]

Model Size Top-1 Top-5
CNN Model Size Reduction =~ Accuracy  Accuracy

(MB)  v/s AlexNet (%) (%)
AlexNet 240 1x 57.2 80.3
SqueezeNet (32 bit) 4.8 35x 57.5 80.3
SqueezeNet (8 bit) Compressed .66 363x 57.5 80.3
SqueezeNet (6 bit) Compressed 47 510x 57.5 80.3

The SqueezeNet CNN has three important aspects:

1. It uses (1 x 1) filters instead of (3 x 3) filters, since the former has 9x
fewer parameters than the latter.

2. It uses lesser number of input channels for the (3 x 3) filters by using
squeeze layers.

3. It downsamples the later stages for keeping a large feature map.

The novel Fire module is the basic building block of the SqueezeNet CNN
which consists of two layers viz., a squeeze-convolution layer having (1 x 1)
filters, and an expansion layer having a mix of (1 x 1) and (3 x 3) convolution
filters.

SqueezeNet has a stand-alone convolution layer (convl) followed by
eight Fire modules (fire2 to fire9) and lastly another final convolution layer
(conv10). Table 4 shows the overall architecture of SqueezeNet.

Inspired by YOLO [?] using a SqueezeNet backbone, Wu et al. [54]
proposed the SqueezeDet CNN for autonomous cars. Zhang et al. in their
work [58] have developed a modified SqueezeNet integrated into the Atten-
tion based U-Net [43] and have used their novel lightweight network for
detecting forest fires. They call their lightweight CNN model ATT Squeeze
U-Net.

2.3 ShuffleNet

I now discuss another notable light-weight CNN series viz. the ShuffleNet
series.

2.3.1 ShuffleNet-V1

ShuffleNet-V1 [59] was an efficient light-weight CNN architecture for
mobiles having limited computing power. The CNN gave better perfor-
mance than MobileNet on the ImageNet and MS COCO dataset tasks. The
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Table 4 Overall architecture of SqueezeNet [28]

Output Filter S1x1 e1x1 e3x3
Input Size Size/Stride Depth | Squeeze | Expand | Expand
input 224%224x3
convl 111x111x96 7712 (x96) 1
maxpooll 55%55%96 3x3/2 0
fire2 55x55x128 2 16 64 64
fire3 55x55x128 2 16 64 64
fire4 55x55%256 2 32 128 128
maxpoold | 27x27x256 3x3/2 0
fire5 27x27x256 2 32 128 128
fire6 27x27x384 2 48 192 192
fire7 27x27x384 2 48 192 192
fire8 27x27x512 2 64 256 256
maxpool8 | 13x12x512 3x3/2 0
fire9 13x13x512 2 64 256 256
conv10 13x13x1000 | 1x1/1 (x1000) 1
avgpool 1x1x1000 13x13/1 0

ShuffleNet-V1 architecture was composed of a stack of novel ShuffleNet
units grouped in three stages. The first block in every stage was applied with a
stride of 2. The outputs were the same in every stage but were doubled for the
next stage. ShuffleNet architecture used two new operations for reducing the
computation cost viz., point-wise group convolution and channel shuffling.
The channel shuffling operation allowed division of the CNN channels into
several sub-groups and then fed every group in the next layer with different
sub-groups. ShuffleNet-V1 achieved 13x speed-up over the AlexNet CNN on
an ARM mobile phone while achieving similar accuracy.

2.3.2 ShuffleNet-V2
The authors of [40] have conducted several empirical studies and base the
improved ShuffleNet-V2 on the following experimental outcomes:

1. Using balanced convolutions with equal channel-width.
2. Being aware of the cost of using group-convolutions.

3. Reducing the fragmentation degree.

4. Reducing the element-wise operations.

They note that the above properties also depend on the platform charac-
teristics like memory manipulation and code optimization and should be
taken into account for the practical CNN design. Accordingly they introduce
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Table 5 Overall architecture of ShuffleNet-V2 [40]

Layer Output Size | KSize | Stride | Repeat | Output Channels

Image 224x224 3

Convl 112x112 3x3 2 24

MaxPool 5656 3x3 2 1

Stage2 28x28 2 1 116
28x28 1 3

Stage3 14x14 2 1 232
14x14 1 7

Stage4 Tx7 2 1 464

7T 1 3

Conv5 Tx7 1x1 1 1 1024

GlobalPool Ix1 77

FC 1000

No. of Weights 2.3M

Table 6 Performance of ShuffleNet-V2 on the MS COCO dataset for 500 MFlops [40]

Model mAP (%) GPU Speed (Images/sec)
MobileNet-V2 30.6 72
ShuffleNet-V1 329 60
ShuffleNet-V2 333 83

a simple operator called channel split where in the input of the feature
channels is split into two branches. After convolution, the two branches
are concatenated. They also remove the “Add” operation in ShuffleNet-V1.
The ReLU element-wise operations and depth-wise convolution operations
are used only in one branch. Three successive element-wise operations are
used viz., Concat, Channel Shuffle and Channel Split, and these are merged
into one element-wise operation. For down-sampling, the module is modified
slightly. The channel splitting operation is removed which leads to doubling
of the number of output channels. Table 5 shows the overall architecture of
ShuffleNet-V2.

Using their improved ShuffleNet-V?2 architecture the authors obtain better
performance as compared to Xception, MobileNet-V1, MobileNet-V2 and
ShuffleNet-V1 on the MS COCO dataset. They obtain a top mAP of 34.2%
with a slightly more GPU Speed of 87 Images/sec for these CNNs for
the object detection task. Table 6 shows the performance of ShuffleNet-V2
compared to those of MobileNet-V2 and ShuffleNet-V1 on the MS COCO
dataset.
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The code for the ShuffleNet CNN series is available at: https://github.c
om/megvii-model/ShuffleNet-Series/tree/master/ShuffleNetV2%?2B

2.4 L-Net

A light-weight object detection CNN with the ShuffeNet-V2 [40] based
backbone, called the L-Net is presented in the work [17]. It has a backbone
which is obtained by modifying the depth convolution from (3 x 3) to (5 x5)
and also reducing the number of channels in the input. L-Net is more image
discriminative with the help of the Pyramid-pooling module and Attention-
pyramid module which are both used after the backbone. Experimentation
shows that the L-Net CNN uses only 1.54M Flops (Floating point operations)
and achieves 70.2% mAP (mean average precision) on the PASCAL VOC
2007 task, and 21.8% mAP on the MS COCO task.

2.5 CondenseNet
Another notable light-weight CNN series is the CondenseNet series.

2.5.1 CondenseNet-V1

In their paper [27], the authors developed the CondenseNet light-weight
CNN with good efficiency. Their CNN combined dense connectivity in
their novel convolution module called learned group-convolution. The dense
connectivity was used for feature map re-use in the CNN and the learned
group-convolutions removed those inter-layer connections for which the fea-
ture re-use was superfluous. For testing, the CNN was implemented using
group-convolutional operations which led to efficient practical computation.
The authors of CondenseNet-V 1 showed that it was much more efficient than
CNNs like ShuffleNet. They obtained a better Top-5 classification error of
8.3% with a 4.8M parameter CNN under 529 MFlops.

2.5.2 CondenseNet-V2

CondenseNet-V1 [27] showed that feature-reuse in deep networks through
dense connections achieved high computational efficiency by removing
redundant features. In their work [56], the authors propose a novel approach
called Sparse feature reactivation (SFR) used for increasing the feature-
utility. In their CNN called CondenseNet-V2 every layer is able to simul-
taneously learn:

1. Selective reuse of the set of most important features from previous
layers.
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Table 7 Overall architecture of CondenseNet-V2 [56]. Squeeze and excite (SE) or Hard-
swish non-linearity function (HS) are applied to the respective dense layers wherever indicated

Input Operator
224x224 | Conv2D 3x3 (Stride 2)
112x112 Dense
112x112 | AvgPool 2x2 (Stride 2)

56x56 Dense

56x56 AvgPool 2x2 (Stride 2)
28 %28 Dense (HS)

28 %28 AvgPool 2x2 (Stride 2)
14x14 Dense (SE,HS)
14x14 AvgPool 2x2 (Stride 2)

Tx7 Dense (SE,HS)

Ix1 AvgPool 7x7

1x1 Conv2D 1x1

1x1 FC

Table 8 Performance of CondenseNet-V2 on the MS COCO dataset. The detection frame-
work used for all these CNN s here is RetinaNet [36]. A variant of CondenseNet-V2 has been
used [56]

Backbone CNN Backbone FLOPs mAP (%)
MobileNet-V2 300M 29.7
ShuffleNet-V2 1.5x 299M 29.1
CondenseNet-V2-C 305M 31.7

2. Active update of the set of previous features for increasing their utility
for ensuing layers.

Table 7 shows the overall architecture of CondenseNet-V2.

The experimentation shows that CondenseNet-V2 achieves promising
performance on image classification tasks like ImageNet and object detec-
tion tasks like MS COCO, both in terms of efficiency as well as speed.
They achieve a Top-1 error rate of 35.6% with 2M parameters under 46
MFlops. Table 8 shows the performance of CondenseNet-V2 compared to
MobileNet-V2 and ShuffleNet-V2 on the MS COCO dataset.

The code for the CondenseNet CNN series is available at: https://github
.com/jianghaojun/CondenseNetV2.

2.6 Other Notable Light-weight CNNs

Other notable light-weight CNNs developed which have promising perfor-
mance are PeleeNet [52], Tiny-YOLO [30], Lira-YOLO [39], ResMoNet [8],
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Table 9 Performance comparison of various lightweight CNNs and some large CNNs for
the video-classification task using the Kinetics-600 video dataset [38] as given in [31]. The
cycles per second (cps) execution speed of the models on the task is also indicated for the
Titan XP GPU [31]

Backbone Backbone Parameters  Speed (cps) on  Error
CNN MFLOPs M) Titan XP GPU)  Rate
3D-ShuffleNet-V1-0.5x 42 0.55 398 3551
3D-ShuffleNet-V2-0.25x 42 0.83 442 2573
3D-MobileNet-V1-0.5x 46 1.17 290 3174
3D-MobileNet-V2-0.2x 42 0.96 357 2414
3D-ShuffleNet-V1-1.0x 125 1.52 269 4531
3D-ShuffleNet-V2-1.0x 119 1.91 243 4610
3D-MobileNet-V1-1.0x 137 391 164 4007
3D-MobileNet-V2-0.45x 126 1.40 203 3647
3D-ShuffleNet-V1-1.5x 235 2.92 204 .5275
3D-ShuffleNet-V2-1.5x 215 3.16 186 .5205
3D-MobileNet-V1-1.5x 273 8.22 116 4824
3D-MobileNet-V2-0.7x 245 2.05 130 4559
3D-ShuffleNet-V1-2.0x 393 4.78 161 .5684
3D-ShuffleNet-V2-2.0x 360 6.64 146 5517
3D-MobileNet-V1-2.0x 454 14.10 88 4853
3D-MobileNet-V2-1.0x 446 3.12 93 .5065
3D-SqueezeNet 728 2.15 682 4052
ResNet18 5557 33.24 334 .5765
ResNet50 6782 44.24 183 .6300
ResNet101 10612 83.29 143 .6418
ResNeXt101 6932 48.34 122 .6830

E3D [53], MobileNeXT [55], etc. For additional information the reader may
refer to the cited literature.

Table 9 shows the comparison of performance of some notable
lightweight CNNs which have been discussed above.

As can be observed from Table 9, the lightweight CNNs like Shuf-
fleNets, MobileNets, SqueezeNets, etc. have much lesser parameters than
their large counterparts like ResNets. Also the execution speeds indicated
in term of cycles per second (cps) are much higher for the lightweight CNNs
as compared to their largel couterparts.
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3 Trends, Issues and Future Scope

With the development of smaller more powerful handheld and stand-alone
devices and systems, research is being done in making them more intel-
ligent and capable of automatic decision-making, e.g. the systems used in
autonomous vehicles, aircraft, stand-alone defence systems, drones, mobile
phones, gaming devices, Internet-of-things (IOT) devices, intelligent sensor
nodes, etc. Although it is becoming easier to devolve decision-making to
these systems however it is also important to protect them from misuse,
corruption, hacking, software attacks, etc. In this context, applications like
deep learning are very useful in making these hardware-limited systems
intelligent and somewhat ‘self-aware’. The development of light-weight deep
learning frameworks or CNNs helps in tailoring the heavy, compute-intensive
and resource-hungry deep CNNs to these light-weight devices. There are
some basic aspects which the design of light-weight CNNs needs to adhere
to: (i) The CNNs should have lesser computing needs, (ii) The CNNs should
use much lesser power, (iii) The CNNs should be fast enough to be deployed
in real-time, (iv) The CNNs should be accurate enough to make quick and
reliable decisions after precise classification or detection. The current gener-
ation of light-weight CNNs are able to achieve some part of these aspects as
is shown by their experimental results.

The research in the above area is still in its initial stages. The main
approach applied for design of the light-weight CNN is the reduction of
number of layers, operators, activators, etc. or replacing these by faster and
lighter versions. Techniques like AutoM L help craft light-weight CNNs
by intelligent automatic domain search. However, no reliable auto-design
technique has been proposed so far other than a handful. Also, light-weight
CNN development remains primarily a hand-crafted technique with a trial-
and-error procedure. This is the case with CNN design in general. Also,
one more issue in this regard is that the light-weight CNN design is usually
limited to modification of pre-existing heavy CNNs. The lower accuracy of
light-weight CNNSs is an important issue due to their lesser generalization or
function-fitting capabilities.

Although light-weight CNN design is a challenging area, there is a lot
of potential. Automatic light-weight CNN design is an open research area
because a much smaller number of layers has to be designed and fused,
instead of designing a large number of compute-intensive layers as done in
traditional large CNNs. Another interesting potential area in this regard is the
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use of light-weight CNN ensembles, which may distribute the computation-
load of one CNN onto many smaller and lighter ones. This may unlock better
performance and even lesser memory-, power- or time-footprint. Also, design
of evolving and adaptive light-weight CNNs for varying battery life of the
hardware unit is another interesting area.

4 Conclusion

In this survey paper, the topic of light-weight CNNs was touched. The
introduction discussed the outline of the paper. Following this, the ‘Related
Works’ section discussed some notable light-weight CNNs and gave their
overview. The performance improvements alongwith performance compar-
isons were also discussed wherever feasible. In the next section, the trends,
issues and future scope of the area were discussed. It came to fore by the
discussion that using light-weight CNNs is vital for modern day limited-
capability devices. It is hoped that through this survey paper, the reader will
be encouraged to study and engage in the area of design of light-weight CNN's
which will pave the way for automation of modern-day small and intelligent
devices.
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