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Abstract: Vehicle refinement recognition related technology research is widely
used in the field of mine monitoring and management systems, road traffic
command and control, etc. As researchers develop and implement the target
recognition technology system based on deep learning algorithms, designing a
target recognition algorithm with excellent performance is a research priority
within the field of vehicle monitoring. In this paper, we propose an Efficient Net
algorithm based recognition method for vehicle front-end and vehicle rear-end
recognition to address the shortcomings of the current methods used for vehicle
front-end and vehicle rear-end recognition, and verify the reliability of the
algorithm using experiments. Algorithm systematically investigates model scaling,
the backbone network makes extensive use of the MBConv structure to extract the
feature maps, which cuts short the time required for model training, and the
structure introduces the SE module to perform global averaging pooling
operations in the channel dimension direction to enhance model performance, so
that the network has the dual advantages of network model size and recognition
accuracy at the same time. Based on the above findings, we improve the inverse
residual module of the backbone feature extraction network EfficientNet by
introducing the coordinate attention mechanism (CA) to average the spatial
feature information in X-axis and Y-axis dimensions respectively, with the feature
layer size and number of channels unchanged, and change the residual edge to
shorten the input and output of high-dimensional channels to improve the
accuracy of model feature extraction. Meanwhile, this paper introduces a
depth-separable convolutional neural network and agent-normalized activation in
the mobile flip-flop convolutional module to offset the two different dimensions
of X-axis and Y-axis between each convolutional layer but the two main sources
of non-normalization, so as to achieve the improvement of the target detection rate
and accuracy.
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1 Introduction

By the end of 2021, the number of intelligent mining workings nationwide has
reached 687, including 431 intelligent coal mining workings, accounting for 63%,
and 256 intelligent digging workings, accounting for 37%; 26 types of coal mine
robots have been realized in coal mine sites with different degrees of application
[1]. According to the implementation plan of the three-year action plan for special
improvement of coal mine safety, in 2022, we should strive to reach more than
1000 intelligent working faces for mining and excavation, reach 1 billion to 1.5
billion tons of production capacity in mines with intelligence, and build a number
of intelligent mine models with fewer than 100 people [2]. Compared with the
traditional mine model, smart mines rely on the application of intelligent and
digital technologies and mechanical equipment to achieve digital manipulation
and automated linkage between mining production systems [3]. Smart mine
construction is an important cornerstone for sustainable development of resources
and a fundamental way to solve the safe and standardized transportation of
mineral resources [4]; in recent years, mining enterprises have been deepening
and extending the connotation of intelligent mine transportation vehicle
identification management around their own development reality, from digital
mine [5] to smart mine [6] and sensing mine [7], all with information,
digitalization and automation as the core [8]. At present, China's mining
enterprises are facing the refinement of the identification of mining vehicles [9]
with the type [10] and weight of the mined material as well as the detailed
information of the vehicles intelligent, digital, networked big transformation [11];
at the same time, the State Administration of Safety takes the lead to accelerate
the organization and implementation of relevant scientific research and research,
transformation of results, promotion and application and technology
demonstration projects; and with China's image perception, pattern recognition,
Internet of things

In terms of technology, driverless vehicles in domestic open-pit coal mines have
reached (146) hundreds; intelligent violation control systems have been practically
applied in several coal mines [15]. With the continuous development of
technology, in the process of mineral work, the efficiency of the dredger is getting
faster and faster, which leads to the increase of mineral production, in order to
make the timely delivery of mineral resources to ensure the regular operation of
the dredging operation, the fine identification and monitoring management
supervision of the mine car, a proven method is to use the mine monitoring
system for the fine identification technology research of the mine car at the time
of the entry and exit of the mine car [16] [17] [18], this refinement identification
technology research to a certain extent greatly reduces the labor consumed by the
traditional based on manual data collection, thus realizing the detailed data record
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and statistics of the mine transportation vehicles under certain conditions. The
pattern recognition application appeared initially due to the inadequacy and
imprecise recognition of the algorithms involved in this technology, along with
the rapid development of computers and the continuous optimization of computer
hardware and software, the artificial intelligence image pattern recognition took a
new wave and a variety of algorithms began to contribute to the mine vehicle
management system [19] [20]. In our previous work we used a vehicle detection
method based on YOLOVS5 image recognition and processing technology to carry
out systematic recognition selection work for vehicles entering and leaving the
mine area, the algorithm overcomes the difficult problem of high road traffic flow
under natural non-anthropogenic influence conditions that lead to inaccurate
recognition of vehicles, as well as various disturbing factors such as blurred
vehicles at night and missing parts of vehicles that are not fully displayed or
recognized. The experimental results show that the algorithms are able to
accurately identify and segment the vehicles according to their edge contours [16].
When the mine environment supervision system captures the picture of a vehicle,
sometimes it cannot accurately give whether the captured is the front or the rear or
the roof of the vehicle, the captured picture contains the front of one vehicle and
the rear of another vehicle, in the case that the front and the rear of the vehicle
cannot be distinguished, generally according to the conventional left-in-right-out
principle or custom rules, distinguish the current need to identify the license plate
number of the front or the license plate number of the rear of the vehicle However,
the system sometimes cannot distinguish between the front and the rear of the car,
resulting in more false alarms. In this condition, we propose a deep convolutional
neural network-based mining vehicle front-end and rear-end recognition research
method, which systematically filters out the front-end and rear-end pictures as
well as the data that are difficult for people to distinguish the front-end and
rear-end of the vehicle, using a layer of convolution plus a layer of pooling, with a
total of 5 layers, and using ReLU as the activation function of the neurons in the
middle hidden layer, followed by 2 fully connected layers and a prediction layer
for the convolutional tail processing, then the softmax activation function is used
to classify the head and tail of the vehicle, and finally the parameters are updated
using the Adam optimizer [17]. The algorithm is applied to identify the front-end
and rear-end recognition rate of mining vehicles in surveillance images is
somewhat unsatisfactory. The work of this paper is to solve or partially solve this
problem of poor recognition accuracy of the head and tail of mining vehicles, and
subsequently proposes an intelligent recognition method of the head and tail of
vehicles based on the Efficient Net algorithm, which is getting more and more
attention from scholars as well as related industries according to its powerful
recognition accuracy, and the refined recognition of the head and tail of vehicles
by this algorithm will provide The refined recognition of the head and tail of the
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vehicle by this algorithm will have important practical significance for us to
further capture information for the recognition of license plate.

This paper improves the EfficientNet backbone feature extraction network on the
basis of EfficientNet algorithm, including changing the SE module of the original
network model to CA attention module, and solving the loss of low-dimensional
feature information after the convolutional compression channel in the process of
residual connection by the idea of flipping the inverted residual. Deeply separable
convolution is introduced to solve the hardware limitation of memory access
speed throughput, and the number of dimensions of activation is increased or
decreased by the "expansion factor" around the spatial depth convolution. The
proposed agent normalized activation solves the problem of batch size limitation
introduced by EfficientNet for normalizing the output of convolution and matrix
multiplication operations, and the accuracy of the experimental results is greatly
improved by optimizing the network model, as shown in Table 5.

The structure of the rest of this paper is organized as follows: Section 1 goes
through the introduction of intelligent extraction work in China and the discussion
of the related image pattern recognition technology research designed in this
scenario; Section 2 reviews the related work on deep convolutional neural
networks and the model introduction of EfficientNet; Section 3 elaborates the
theoretical basis of the algorithmic models involved in this paper, including
Section 3 describes the theoretical basis of the algorithmic model covered in this
paper, including a detailed introduction of the 9 phases of EfficientNet-BO
network structure, Model Scaling, MBConv structure, and SE module; Section 4
introduces the improved EfficientNet backbone feature extraction network;
Section 5 verifies the effectiveness of the model through the analysis of
experimental results; Section 6 summarizes the work of this paper and gives an
outlook on the future research direction of image Section 6 concludes this paper
and gives an outlook on the future research direction of pattern recognition.

2 Related Work

The pioneering work of CNN is LeNet-5 proposed by LeCun [21], and its real
explosive stage is when AlexNet achieved the championship of classification task
in ImageNet competition in 2012, and the classification accuracy is far more than
the classification results achieved by using traditional methods, and the reason for
the success of this model is mainly the massive labeled training data i.e., the large
scale labeled data set provided by Feifei Li's team The success of this model is
mainly due to the large amount of labeled training data, i.e., ImageNet, a
large-scale labeled dataset provided by Fei-Fei Li's team, and the support of
computer hardware, with the advent of GPUs providing powerful support for
complex computations [22]. Further, there are improvements in algorithms,
including network structure deepening, data augmentation (data expansion),
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ReLU, Dropout, etc. The network ZF Net, designed by Matthew Zeiler and Rob
Fergus at New York University in 2013, the article reveals what exactly the layers
of the neural network are doing and what role they play by using visualization
techniques [23]. The subsequent deep convolutional neural network VGGNet,
developed by the Oxford University Computer Vision Group (Visual Geometry
Group) together with researchers at Google DeepMind, used 33 convolutional
kernels and 22 pooling kernels [24] to improve performance by continuously
deepening the network structure, and InceptionNet, which appeared in the same
year In the same year, InceptionNet emerged to control the amount of
computation and number of parameters while obtaining very good classification
performance with a top-5 error rate of 6.67% [25]. 2014 GoogLeNet reduced the
error rate to 6.656%, with the prominent feature of greatly increasing the depth of
the convolutional neural network, replacing the last fully connected layer with a
1x1 convolutional layer, greatly accelerating the training rate. resNet ResNet was
introduced in the residual network structure (residual network) was proposed in
2015 [26], and won first place in the ImageNet competition classification task,
after which many methods are built on the basis of ResNet50 or ResNetl01,
detection, segmentation, recognition and other fields have been used. ResNet.
mobileNet, proposed by Google in 2017, is a lightweight CNN neural network
focused on on mobile and embedded devices, and quickly derived v1, v2, and v3
versions, which greatly reduce the model parameters and the amount of operations
with a small reduction in accuracy compared to traditional CNN networks [27].
With the continuous optimization of deep convolutional neural networks people
slowly found that improving the performance of neural networks does not only lie
in the number of stacked layers, but more important points are: 1. the network
should be trainable and converge; 2. the number of parameters should be
relatively small to facilitate training and also increase the speed; 3. the structure of
innovative neural networks to learn more important things. As with other neural
networks, one of the key issues in designing a cnn network is model scaling, such
as deciding how to increase the size of the model to provide better accuracy. This
is a lengthy process that requires manual hits and trials until a sufficiently accurate
model is produced that satisfies the resource constraints. This process is resource-
and time-consuming and often produces models with suboptimal accuracy and
efficiency.

Model efficiency is becoming increasingly important in computer vision, and
EfficientDet: Scalable and Efficient Object Detection systematically investigates
the design choices of various neural network structures for target detection and
proposes several key optimization methods to improve efficiency [28]. First, we
propose a weighted bi-directional feature pyramid network (BiFPN) that allows
simple and fast multi-scale feature fusion; second, we propose a composite scale
expansion method that scales the resolution, depth, and width of all backbone,
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feature, and prediction networks in a uniform manner. Based on these
optimizations, we developed a new family of object detectors called EfficientDet.
How to perform efficient multi-scale feature fusion (EFMF) is also one of the
research directions that we are eager to focus on [29], mentioning that multi-scale
fusion, when fusing different input features Most of the previous studies (FPN and
some improvement works on FPN) just add up the features without distinction;
however, since these different input features have different resolutions, we
observe that their contributions to the fused output features are often unequal, and
to solve this problem, the authors propose a simple and efficient weighted (similar
to attention) bi-directional feature pyramid network (BiFPN), which introduces
learnable weights to learn the importance of different input features, while
iteratively applying top-down and bottom-up multi-scale feature fusion. Based on
EfficientNet, the authors propose model scaling for networks such as backbone of
detectors and propose a new family of detectors called EfficientDet in
combination with the proposed BiFPN. The proposed detectors in the paper
mainly follow the one-stage design idea and can achieve higher efficiency and
accuracy by optimizing the network structure. EfficientNet originated from
Google Brain's paper EfficientNet: Rethinking Model Scaling for Convolutional
Neural Networks [30]. In the paper, model scaling is systematically investigated
and it is found that finely balancing the depth, width and respectively rate of the
network can achieve more performance. Based on these findings, we propose a
new scaling method that uses a simple and efficient compound coefficient to
uniformly scale the depth, width, and separateness dimensions. The authors used
neural structure search to build an efficient network structure efficientnet - b0. It
achieves 77.3% accuracy on ImageNet with only 5.3M parameters and 0.39B
latency. (Resnet-50 provided 26M parameters and 4.1B FLOPS 76% accuracy).
The main component of this network is the MBConv with additional compressed
excitation optimization. the MBConv is similar to the inverted residual blocks
used in MobileNet v2 [31]. These form shortcut connections between the
beginning and end of the convolutional blocks. The input activation mapping is
first extended using 1x1 convolution to increase the depth of the feature mapping.
This is followed by a 3x3 Depth-wise and Point-wise convolution that reduces the
number of channels in the output feature map. The structure of fast-connected
narrow layers with jump connections between wider layers helps to reduce the
overall number of required operations as well as the model size. It has higher
accuracy and efficiency compared to previous convolutional neural networks. The
most important innovation of this paper is Model compound Scaling, which
improves the effectiveness of the network by uniformly scaling the resolution,
depth and width of all backbone, feature and prediction networks in a hybrid
manner.The effectiveness of EfficientNet is significantly improved compared to
the previous neural network accuracy results, making it an extremely powerful
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network in today's era algorithm.

3 Core elements of efficient-net algorithm

3.1 Introduction to efficient-net networks

The paper EfficientNet: Rethinking Model Scaling for Convolutional Neural
Networks focuses on the NAS (Neural Architecture Search) technique [32] to
search the network for the image input resolution r, the depth of the network depth
and the rationalization of the three parameters width of the channel [55]. Usually,
scaling up convolutional neural networks is a widespread approach in order to
obtain better accuracy. For example, ResNet can be scaled up from ResNet-18 to
ResNet-200 by using more layers of convolutional neural networks; GPipe
obtained 84.3% top-1 accuracy on the ImageNet dataset by scaling up the baseline
model four times, however the process of scaling up CNNs has never been well
understood and used, before the algorithm was produced In some related papers,
the network performance was rationalized by changing one of the three
parameters: the image input resolution r, the depth depth of the network, and the
width of the channel [33][34][35], but arbitrary scaling requires tedious manual
tuning of the parameters and may yield a suboptimal accuracy and efficiency. This
paper is to explore the substantive impact of these three parameters
simultaneously. In the paper, it is mentioned that EfficientNet-B7 achieves the
highest accuracy of 84.3% on Imagenet top-1 for the year, with only 1/8.4 of the
number of parameters and 6.1 times faster inference compared to the previous
highest accuracy GPipe. parameters to achieve state-of-the-art accuracy -
CIFAR-100 (91.7%), Flowers (98.8%) [36][37]. Although the algorithm appears
to be fast and lightweight in terms of overall data, the algorithm still suffers from
some shortcomings in practice, such as a large runtime memory consumption. The
structure of EfficientNet-BO obtained by searching with Neural Architecture
Search technique, the whole network framework consists of a series of stage
stages, which indicates the operation of the corresponding stage, and the number
of repetitions in the stage, the network framework of EfficientNet-BO (B1- B7 is
the modification of Resolution, Channels and Layers on the basis of B0) [38], it
can be seen that the network is divided into a total of 9 Stages, the first Stage is a
convolutional kernel size of 3x3 step 2 ordinary convolutional layer (containing
BN and activation function Swish), Stage2 to Stage8 are in Repeatedly stacking
MBConv structures (the Layers in the last column indicate how many times the
Stage repeats the MBConv structure), while Stage9 consists of a normal 1x1
convolutional layer (containing BN and activation function Swish) an average
pooling layer and a fully connected layer. Each MBConv in the table is followed
by a number 1 or 6, where 1 or 6 is the multiplicity factor n. The first 1x1
convolutional layer in MBConv expands the channels of the input feature matrix
by a factor of n, where k3x3 or k5x5 indicates the size of the convolutional kernel
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used by Depthwise Conv in MBConv. Channels of the output feature matrix after
passing this Stage, as shown in Table 1.
Table 1. EfficientNet-B0 base network

Stage Operator Resolution #Channels = #Layers
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 x 112 24 2
4 MBConv6, k5x5 56 x 56 40 2
5 MBConv6, k3x3 28 x 28 80 3
6 MBConv6, k5x5 14 x 14 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConvo6, k3x3 7 x7 320 1
9 Convl1x1 & Pooling & FC 7 %7 1280 1

3.2 EfficientNet-B0 network structure

The EfficientNet-BO network structure has 9 stages, each of which is convolved
first, then batch normalization layer, and then computed using Swish activation
function, etc. Overall, it consists of 16 moving flipping bottleneck convolution
modules, 2 convolutional layers, 1 global average pooling layer and 1
classification layer. As shown in the following figure, where a picture is inserted
for description (different colors represent different stages in Figure 1 below) [39].
In the first stage, the following operations are performed sequentially on the input
224x224x3 image to obtain the result of the first stage. 1. Convolution
(convolution kernel is 32 kernel 3x3x3, step size is 2x2, padding is "same" i.e. the
output width and height are reduced by half), the output of this convolution
operation is a feature map with dimension (112x 112x32) feature map. Since this
layer does not contain bias terms, the total number of parameters to be trained and
learned in this layer is 864 (32x3x3x3). 2. Batch Normalization (BN), the input of
this layer is a feature map of (112x112x32), so the total number of parameters in
this layer is 128 (32x4), of which 64 parameters need to be trained and learned. 3.
Finally, after the Swish activation function ends the first stage, the total number of
parameters in the first stage is 128 + 864 = 992, and the number of parameters that
need to be trained and learned is 928.

In the second stage, the 112x112x32 feature map outputted in the previous stage is
subjected to moving flip bottleneck convolution (expansion ratio of 1, depth
convolution kernel size of 3x3, kernel step size of 1x1, containing compression
and excitation operations, no connection deactivation and connection skip), and
the results of the second stage are output. Since the dilation ratio is 1, we skip the
point-by-point convolution at the beginning and perform the deep convolution
directly (the convolution kernel is 32 kernels of 3x3x3, the step size is 1x1, and
the padding is "same", i.e., the width and height of the output are unchanged). The
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output of the deep convolution is a feature map of dimension (112x112%32).
Since this layer does not contain bias terms, the total number of parameters to be
trained and learned in this layer is 288 (32x3x3x1). 2. Batch Normalization (BN),
the input of this layer is a feature map of (112x112%32), so the total number of
parameters in this layer is 128 (32x4), of

[ input (224x224x3) | [ output (1x1000) |
meooT
| Conv, 32 k3x3x3, stride2x2 | | Softmax |
* wuzaoT
112x112x32
| Batch Normalization (BN) | | FC |
* mzso?
112x112x32
| Swish | Dropout |
* wmzaoT
112x112x32
| MBConv1, k3x3, stride1x1 | | Global average pooling |
7x7x1280T
112x112x16
[ MBConve, k33, stride2x2 | | Swish |
7x7x1280T
| MBConv6 , k3x3, stride2x2 | | Batch Normalization (BN) |
7x7x1280T
56x56x24
| MBConve, k5x5, stride2x2 | [ conv, 1280 1x1x320, stride1x1 |

| MBConve, k5x5, stride2x2 |

28x28x40

| MBConv6 , k3x3, stride2x2 | | MBConv6 , k5x5 , stride2x2 |

| MBConv6 , k3x3, stride2x2 | | MBConv6 , k55, stride2x2 |

| MBConv6 , k3x3, stride2x?2 | | MBConv6b , k5x5, stride2x?2 |
* 14x14x80 ?

| MBConve, k55, stridex1 | | MBConve, k55, stride2x2 |
14x14x112T

| MBConv6 , k55, stride1x1 | | MBConv6 , k55, stride1x1 |

Fig. 1 Structure of EfficientNet-B0O model

which 64 parameters need to be trained and learned. 3. The Swish activation
function leads to the global average pooling layer, which performs global average
pooling in the channel dimension direction and outputs a (1x1x32) feature map. 4.
Convolution (the first convolution in the compression and excitation module, the
convolution kernel is 8 kernels 1x1x32, the step size is 1x1, and the padding is
"same" 1i.e., the output is constant in width and height), the output of this
convolution operation is a feature map of dimension (1x1x8). Since this layer

10
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contains bias terms, the total number of parameters to be trained and learned in
this layer 1s 264 (8x1x1x32+8). 5. The second convolution in the compression and
excitation module is the second convolution with 32 kernels 1x1x8 and a step size
of 1x1, filled with "same" i.e. the output The output of this convolution operation
is a feature map with dimension (1x1x32). Since this layer contains bias terms,
the total number of parameters to be trained in this layer is 288 (32x1x1x8+32).6.
Multiply the Sigmoid activation function with the result of step 3 to obtain a
112x112x32 feature map.7. Convolution point by point (the convolution kernel is
16 kernels 1x1x32, the step size is 1x1, and the padding is " same" i.e., the output
width and height are unchanged) The output of this convolution operation is a
feature map of dimension (112x112%16). Because this layer does not contain bias
terms, the total number of parameters to be trained and learned in this layer is 512
(16x1x1x32).8. Batch Normalization (BN), the input of this layer is a feature map
of (112x112x16), so the total number of parameters in this layer is 64 (16x4), of
which 32 parameters need to be trained and learned. The total number of
parameters in the second stage is 288+128+264+288+512+64=1544, and 1448
parameters need to be trained and learned.

The third stage performs two moving flip bottleneck convolutions on the
112x112x16 feature map output from the previous stage, the first (expansion ratio
of 6, depth convolution kernel size of 3x3, kernel step size of 2x2, containing
compression and excitation operations, no connection deactivation kernel
connection jumpover), the second (expansion ratio of 6, depth convolution kernel
size of 3x3, kernel step size of 1x1, containing compression and excitation 1.
point-by-point convolution with a dilation ratio of 6 (convolution kernel of 96
kernels 1x1x16, step size 1x1, padding "same", i.e., the output width and height
are unchanged) The output of this convolution operation is a feature map of
dimension (112x112x96) The output of this convolution operation is a feature
map of dimension (112x112x96). Because this layer does not contain bias terms,
the total number of parameters to be trained and learned is 1536 (96x1x1x16). 2.
Batch Normalization (BN), the input of this layer is a feature map of
(112x112x96), so the total number of parameters contained in this layer is 384
(96x4), of which 192 parameters need to be trained and learned. 3. Through the
Swish activation function into the deep convolution (convolution kernel is 6
kernel 3 x 3 x 16, step size is 2 x 2, the fill is "same" that is, the output width and
height reduced by half). The output of the deep convolution is a feature map of
dimension (56x56%96). Since this layer does not contain bias terms, the total
number of parameters to be trained and learned in this layer is 864 (96x3x3x1). 4.
Swish activation function into the global average pooling layer, the layer in the
direction of the channel dimension global average pooling, the output is (1x1x96)
feature map. 6. convolution (the first convolution in the compression and
excitation module, the convolution kernel is 4 cores 1x1x96, the step size is 1 x 1,

11
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the fill is "same" i.e., the output is constant in width and height), the output of this
convolution operation is a feature map of dimension (1x1x4). Since this layer
contains bias terms, the total number of parameters to be trained in this layer is
388 (4x1x1x96+4).7. The second convolution in the compression and excitation
module is connected to the convolution by the Swish activation function (with a
96-kernel 1x1x4 convolution kernel and a step size of 1x1, filled with "same", i.e.,
the output of The output of this convolution operation is a feature map with
dimension (1x1x96). Since this layer contains bias terms, the total number of
parameters to be trained and learned in this layer is 480 (96x1x1x4+96). 8.
Multiply the result of step 5 with the Sigmoid activation function to obtain a
56x56x96 feature map. 9. Convolution point by point (the convolution kernel is
24 kernels 1x1x96, the step size is 1x1, the padding is "same "The output of this
convolution operation is a feature map of dimension (56x56%24). Since this layer
does not contain bias terms, the total number of parameters to be trained and
learned in this layer is 2304 (24x1x1x96).10. Batch Normalization (BN), the input
of this layer is a feature map of (56x56x24), so the total number of parameters
contained in this layer is 96 (24x4), of which 48 parameters need to be trained and
learned. The second moving flip bottleneck convolution in this stage (expansion
ratio of 6, depth convolution kernel size of 3x3, kernel step size of 1x1, contains
compression and excitation operations with connection deactivation and
connection skip), where the ending connection deactivation and connection skip
do not contain parameters. Except for the change in the step length of the depth
convolution, the rest of the operation is the same as the first moving flip
bottleneck convolution, and the output is (56x56x24) so the total sum of
parameters of the second moving flip bottleneck convolution is
3456+576+1296+576+870+1008+3456+96=11334, of which 10701 parameters
need to be trained, and the total of the third order 17770 parameters, and 16705
parameters need to be trained and learned.

In the fourth stage, the 56x56x24 feature map output in the previous stage is
moved twice to flip the bottleneck convolution, the first one (expansion ratio of 6,
depth convolution kernel size of 5x5, kernel step size of 2x2, containing
compression and excitation operations, no connection deactivation kernel
connection jumpover), the second one (expansion ratio of 6, depth convolution
kernel size of 5x5, kernel step size of 1x1, containing compression and excitation
operations, with connection deactivation and connection skip), the output is a
28x28x40 feature map. The total number of parameters is 48336 and 46640
parameters need to be trained and learned.

In the fifth stage, the 28x28x40 feature map output from the previous stage is
convolved with three moving flip bottlenecks, the first one (expansion ratio of 6,
depth convolution kernel size of 3x3, kernel step size of 2x2, including
compression and excitation operations, no connection deactivation kernel

12
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connection skip), the second one (expansion ratio of 6, depth convolution kernel
size of 3x3, kernel step size of 1x1, including compression and excitation with
connected deactivation kernels connected to hop-over), and the third (dilation
ratio of 6, depth convolution kernel size of 3x3, kernel step size of 1x1, including
compression and excitation operations, connected deactivation kernels connected
to hop-over), the output is a 14x14x80 feature map. The total number of
parameters is 248,210 and 242,930 parameters need to be trained and learned.

In the sixth stage, the 14x14x80 feature map output from the previous stage is
convolved with three moving flip bottlenecks, the first one (expansion ratio of 6,
depth convolution kernel size of 5x5, kernel step size of 1x1, including
compression and excitation operations, no connection deactivation kernel
connection skip), the second one (expansion ratio of 6, depth convolution kernel
size of 5x5, kernel step size of 1x1, including compression and excitation with
connected deactivation kernels), and the third (dilation ratio of 6, deep
convolution kernel size of 5x5, kernel step size of 1x1, containing compression
and excitation operations, with connected deactivation kernels connected to skip),
the output is a 14x14x112 feature map. The total number of parameters is 551116,
and 543148 parameters need to be trained and learned.

In the seventh stage, the 14x14x112 feature map output from the previous stage is
convolved with four moving flip bottlenecks, the first one (expansion ratio of 6,
depth convolution kernel size of 5x5, kernel step size of 2x2, including
compression and excitation operations, no connection deactivation kernel
connection skip), the second one (expansion ratio of 6, depth convolution kernel
size of 5x5, kernel step size of 1x1, including compression and excitation with
connected deactivation kernel connection hopping), the third (expansion ratio of 6,
depth convolution kernel size of 5x5, kernel step size of 1x1, containing
compression and excitation operations, with connected deactivation kernel
connection hopping), and the fourth (expansion ratio of 6, depth convolution
kernel size of 5x5, kernel step size of 1x1, containing compression and excitation
operations, with connected deactivation kernel connection hopping), the output is
a 7x7x192 feature map. The total number of parameters is 2044396, and 2026348
parameters need to be trained and learned.

In the eighth stage, the 7x7x192 feature map output from the previous stage is
convolved with a moving flip bottleneck (expansion ratio of 6, depth convolution
kernel size of 3x3, kernel step size of 1x1, including compression and excitation
operations, no connection deactivation kernel connection jumpover) and the
output is a 7x7x320 feature map. In total, there are 722,480 parameters and
717,232 parameters to be trained and learned.

In the ninth stage, the following operations are performed sequentially on the
input 7x7x320 image to obtain the final result of the model. 1. Convolution
(convolution kernel is 1280 kernel 1x1x320, step size is 1x1, padding is "same"
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1.e. the output width and height are constant), the output of this convolution
operation is a feature map with dimension (7x7x 1280) feature map. Because this
layer does not contain bias terms, the total number of parameters to be trained and
learned in this layer is 409600 (1280x1x1x320). 2. Batch Normalization (BN), the
input of this layer is a feature map of (7x7x1280), so the total number of
parameters in this layer is 5120 (1280x4), of which 2560 parameters need to be
trained and learned. 3. The global average pooling layer is accessed by the Swish
activation function, which performs global average pooling in the channel
dimension direction and outputs a feature map of (1x1x1280). 4. The random
deactivation dropout function is used to connect the fully connected layer, which
has 1000 neurons. Since this layer contains bias terms, the total number of
parameters is 1281000 (1000x1280+1000). 5. Finally, the Softmax activation
function is used to output the classification results, with a total of 1695720
parameters in the ninth stage and 1693160 parameters to be trained and learned.

EfficientNet ‘
WO oo MBConv1 framework Output E

ﬁ %4 HECOEEO .

Output

i
i
1
]
1
7 | o[ e
' i
nput ' - 3
Output Pl - -,y
SE Module
Fiters * 4
Maps * 4 Lers deployment
Deep Tk
separable 1 = ee
) T
\

i separable
convolution convolution [
odule
eployment | s global s gy
flrerd = re2 st
oo
new feature
feature map e

Fig. 2 The structure of backbone framework. The network architecture contains of
the MBConv module, SE module, and depth-separable convolution module
The algorithm of Efficient Net has the ability to quantize and adjust the complex
network, through the comprehensive adjustment of network depth, width and
resolution of the input image, to obtain the optimal network parameters for
specific needs, so that the network has the advantages of both network size and
recognition accuracy. The overall workflow is to transform the image into the
input dimension required by the MBConv module after the first Conv3x3 layer;
the image goes through a series of MBConv modules to extract the feature map
[40]; the parameters of each MBConv module are finely tuned to suit the current
usage environment; the combined scale optimization approach allows the network
to obtain The combined scale optimization approach allows the network to obtain
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a better perceptual field; the feature map adaptive connection method based on
Fully-Convlutional-Neural-Network is utilized. Using Conv1x1 network will be
able to adapt to various feature maps of different sizes and unify them into the
dimensions we need; finally, the output feature maps will be used to complete the
classification and recognition detection of images.

3.3 Model Scaling

The mobile flipping bottleneck convolution is also obtained by searching the
neural network architecture [41], and the structure of this module is similar to
depthwise separable convolution [42], which first performs a 1x1 point-by-point
convolution of the input and changes the output channel dimension according to
the expansion ratio (If the expansion ratio is 3, the channel dimension will be
increased by a factor of 3. However, if the expansion ratio is 1, the 1x1
point-by-point convolution and its subsequent batch normalization and activation
functions are omitted). Then a depthwise convolution of kxk is performed. If a
compression and excitation operation is to be introduced, this operation is
performed after the depthwise convolution. The original channel dimension is
restored with a 1x1 point-by-point convolution ending. Finally, a drop connect
and a skip connection of the inputs are performed, a practice derived from the
paper Deep networks with stochastic depth [43], which gives the model a random
depth, clipping the time required for model training and improving the model
performance (note that in EfficientNets, connection deactivation and input
jump-over connections are performed only when the same moving flipping
bottleneck convolution is repeated and also change the depth convolution step in it
to 1), connection deactivation is a random deactivation-like (dropout) operation
and incorporates constant jump-over at the beginning and end of the module. Note
that each convolution operation in this module is followed by a batch
normalization, and the activation function uses the Swish activation function.

The compression and excitation operations in the moving flipping bottleneck
convolution module, hereafter referred to as the SE module, is an attention-based
feature map operation. The SE module first performs a compression operation on
the feature map and global average pooling in the channel dimension direction to
obtain global features in the channel dimension direction of the feature map. Then
the global features are excited and convolved with a 1x1 convolution of the global
feature dimension (C) using the activation ratio (R, which is a floating point
number) (the original method uses a fully connected layer) to learn the
relationship between the channels, and then the weights of the different channels
are obtained by the sigmoid activation function, and finally the final features are
multiplied by the original feature map. Essentially, the SE module does (attention)
attention or (gate control) gating operations on the channel dimensions. This
attention mechanism allows the model to focus more on the most informative
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channel features and suppress those channel features that are not important.
Another point is that the SE module is generic, which means that it can be
embedded in other existing network architectures. The structure is shown in
Figure 3. Note that in the moving flip bottleneck convolution module, it is the
input channel dimension of the moving flip bottleneck convolution module that is
multiplied with the activation ratio, not the output channel dimension after deep
convolution in the module.
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Fig. 3 Model Scaling
Increasing the depth of the network can get richer and more complex features and
can be well applied to other tasks, but too deep a network will face the problem of
gradient loss and training difficulties. Increasing the width of the network gives
higher fine-grained features and is easier to train, but it is often difficult to learn
deeper features for networks with large widths and shallow depths. Increasing the
image resolution of the input network can potentially lead to higher fine-grained
feature templates, but the accuracy gain is reduced for very high input resolutions,
and large resolution images increase the computational effort. In order to explore
the impact of the three factors d,r,w on the final accuracy, as shown in Equation
(1), d,r,w are added to the equation, and we can obtain the abstracted optimization
problem under the specified resource constraints, where s.t. represents the
constraints, d is used to scale the depth L; , r is used to scale the resolution i.e.

—~

the impact H; and W; , w is the channel used to scale the feature matrix i.e. C; ,

©)

target memory is the memory limit, target flops is the FLOPs limit, i~ 1 s

represents the concatenated multiplication operation, F; represents an operation
(such as the Operator in the above table EfficientNet-BO base network), then

indicates that the FiL ' operation F; is repeatedly executed L; times in the Stagei,

X represents the input Stagei feature matrix (input tensor). (H;, W;, C;) denotes the
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height, width, and Channels (shape) of X.

dI,nv?:(r Accuracy(N(d,w,r)) (1)

st N(@wn)= _?__ _SFS*E(X(N%W@) (2)
Memory(N)<target memory (3)
FLOPs(N)<target flops (4)

depth:d = o® (5
width: w = (6)

resolution : r = y® (D

s.t. axBxy? =2 (8)

a>1, p=1, y>1 (9)

The relationship between FLOPs (theoretical computation) and depth is that when
depth is doubled, FLOPs are doubled, and FLOPs and width are related in that
when width is doubled (i.e., channal is doubled), FLOPs are quadrupled, because
the FLOPs of a convolutional layer are approximately equal to
feature,, x featurey, x feature,. x kernel,, x kernel} x kernel,,yper (Assuming
constant height and width of the input and output feature matrices) , When the
width is doubled, both the channels of the input feature matrix (feature.) and the
number of channels or convolution kernels of the output feature matrix
(kernel, mper) are doubled , So the FLOPs will be quadrupled. The relationship
between FLOPs and resolution is that when resolution is doubled, FLOPs will
also be doubled 4 times, similar to the above because the width feature,, of the
feature matrix and the height feature;, of the feature matrix will both be doubled.

®
So the total FLOPs multiplier can be approximated by (a* 2 *y2) . When

restricted, the FLOPs are rather increased by a factor of 2% for any one ®@. Next
the authors used NAS on the benchmark network EfficientNetB-0 to search for
the three parameters a,B,y. [30] Firstly, fixing ®=1 and searching based on
equation (1) given above, the authors found that for EfficientNet-BO the optimal
parameters are o= 1.2 ,f= 1.1 ,y= 1.15. Then fixing a= 1.2 ,= 1.1 ,y= 1.15, and
using different ® on the base of EfficientNetBO to obtain respectively
EfficientNetB1 to EfficientNetB7, as shown in Table (2). It is important to note
that the a,B,y searched for different benchmark networks are not the same. It
should also be noted that in the original paper, the authors also stated that if the
search for a,B,y is done directly on the large model, better results may be obtained,
but the search cost is too large in the larger model, i.e., the smaller EfficientNetB0
model is used for the search.
Table 2. Details of the data obtained using different @ on the basis of
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EfficientNetBO
Model inPut_s Width._coefﬁ depth'_coefﬁ drop connect = dropout r

ize cient cient _rate ate

EfficientNe = 224x22 1.0 1.0 0.2 0.2
tBO 4

EfficientNe @ 240x24 1.0 1.1 0.2 0.2
tB1 0

EfficientNe @ 260x26 1.1 1.2 0.2 0.3
tB2 0

EfficientNe = 300x30 1.2 1.4 0.2 0.3
tB3 0

EfficientNe | 380x38 1.4 1.8 0.2 0.4
tB4 0

EfficientNe | 456x45 1.6 2.2 0.2 0.4
tB5 6

EfficientNe @ 528x52 1.8 2.6 0.2 0.5
tB6 8

EfficientNe = 600x60 2.0 3.1 0.2 0.5
tB7 0

input_size represents the image size of the input network when training the
network, width coefficient represents the multiplication factor in the channel
dimension, for example, the number of convolutional kernels used in the 3x3
convolutional layer of Stagel in EfficientNetBO is 32, then in B6 it is
32x1.8=57.6 and then rounded to the nearest integer multiple of 8, that is 56.
depth_coefficient represents the multiplicity factor in depth dimension (only for
Stage2 to Stage8), for example, if L;=4 for Stage7 in EfficientNetB0, then it is
4x2.6=10.4 in B6, and then rounded up to 11. drop connect rate is the drop rate
used by the dropout layer in the MBConv structure. In the official keras module
implementation the drop rate of the MBConv structure is incremented from 0 to
drop connect rate [44] (see the official source code for the specific
implementation, note that in the source code (Note that the Dropout layer is only
available in the source code when using shortcut). It should also be noted that the
Dropout layer here is Stochastic Depth, i.e., it randomly drops the main branch of
the entire block (only the shortcut branch remains, which is equivalent to skipping
the block directly) and can be interpreted as reducing the depth of the network.
The dropout rate is the dropout rate of the dropout layer before the last fully
connected layer (between Pooling and FC in stage9).

3.4 MBConv Structure

The MBConv has great similarity to the Inverted Residual Block in the
MobileNetV3 network, but there are also slight differences [45].The Swish
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activation function is used in all the MBConv in EfficientNet, and MobileNetV3
is the one that incorporates in each MBConv the SE ( Squeeze-and-Excitation)
module in each MBConv [46].The MBConv structure is shown in Figure 4.

}
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1x1, s1

BN
Swish
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kxk, s1/s2

BN
y Swish

SE

/

Conv
=1, s1

BN

4

Dropout

Fig. 4 MBConv model structure
The MBConv structure mainly consists of a 1x1 ordinary convolution (ascending
role, containing BN and Swish), a kxk Depthwise Convolution (containing BN
and Swish), the exact value of k can be seen in the network framework of
EfficientNet-B0 mainly in the cases of 3x3 and 5x5, an SE module, a 1x1 ordinary
convolution (dimensionality reduction role, containing BN), and a Droupout layer
composition. The first dimensionalized 1x1 convolution layer has n times the
number of convolution kernels of the input feature matrix channel, where n €
{1,6}. When n=1, the first upscaled 1x1 convolutional layer is not needed, i.c., the
MBConv structure in Stage2 does not have the first upscaled 1x1 convolutional
layer (similar to the MobileNetV3 network). shortcut connections exist only when
the input MBConv structure has the same feature matrix as the output feature
matrix shape (the code can be passed The SE module is shown below and consists
of a global average pooling and two fully connected layers. The number of nodes
in the first fully-connected layer is one-fourth of the input MBConv feature matrix
channels, and the Swish activation function is used. The number of nodes in the
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second fully-connected layer is equal to the depthwise Conv layer's output feature
matrix channels, and uses the Sigmoid activation function. dropout rate in the
dropout layer corresponds to drop connect rate in tensorflow's keras source code,
and is only available in the source implementation when Dropout layer is only
available when using shortcut.

3.5 SE module

Squeeze-and-Excitation (SE) This module is proposed mainly considering the
interdependence between model channels [49].Squeeze (compression) obtains the
global compressed feature volume of the current Feature Map by performing
Global Average Pooling on the Feature Map layer. Excitation (excitation) obtains
the weights of each channel in the Feature Map through a two-layer fully
connected bottleneck structure, and uses the weighted Feature Map as the input to
the next layer of the network. In order to solve the loss problem caused by the
different importance occupied by different channels of the feature map in the
convolutional pooling process. In the traditional convolutional pooling process,
each channel of the feature map is equally important by default, while in the
actual problem, the importance of different channels varies. the
Squeeze-and-Excitation module acts on the EfficientNet model structure and its
extended structure as shown in Figure 5.

global I
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pooling
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Fig. 5 Squeeze-and-Excitation module and its extended structure
The SE module first performs the Squeeze operation on the feature map obtained
by convolution to get the global features at the channel level, and then performs
the Excitation operation on the global features to learn the relationship between
each channel and also get the weights of different channels, and finally multiplies
the original feature map to get the final features. Essentially, the SE module is
doing the attention or the gating operation on the channel dimension. This
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attention mechanism allows the model to pay more attention to the most
informative channel features and suppress those unimportant channel features.
Another point is that the SE module is generic, which means that it can be
embedded into existing network architectures. Since convolution only operates in
a local space, it is difficult to obtain enough information to extract the relationship
between channels, which is more serious for the front layers in the network,
because the perceptual field is smaller. In order to, SENet proposes the Squeeze
operation, which encodes the entire spatial features on a channel as a global
feature, using global average pooling to achieve (in principle, a more sophisticated
aggregation strategy can also be used).

LN
Z. =Fy(u) = mzz u(i,j),z € R (10D

i=1 j=1
After the Sequeeze operation has obtained the global description of the features,
we next need another operation to capture the relationships between channels.
This operation needs to satisfy two criteria: firstly, it should be flexible, it should
be able to learn the nonlinear relationships between the individual channels; the
second point is that the learned relationships are not mutually exclusive, because
here multi-channel features are allowed instead of the one-hot form. Based on this,
the gating mechanism in sigmoid form is used here.

s = Fex(z, W) = 0(g(z, W)) = 6(W,ReLU(W;2)) (1D

C C
Where W; € RS, W, € R“T . In order to reduce the model complexity and

improve the generalization ability, a bottleneck structure with two fully connected
layers is used here, where the first FC layer plays the role of dimensionality
reduction, and the coefficient of dimensionality reduction is r as a hyperparameter,
and then ReLU activation is used. The final FC layer restores the original
dimensionality. Finally, the learned activation values (sigmoid activation, values 0
to 1) of each channel are multiplied by the original features.

%c = Fscale(u, S¢) = S, * U, (12)

4 Improving EfficientNet target detection model

4.1 Improving the EfficientNet backbone feature extraction network

The inverse residual module in the EfficientNet backbone feature extraction
network can effectively reuse the data features in the data stream.The improved
inverse residual module in MobileNeXt improves the accuracy of the model
feature extraction by connecting the high-dimensional features with short
residuals compared to the inverse residual module in EfficientNet. Q Hou. et al
[52] proposed a Coordinate Attention (CA) mechanism, which averages pooling
in the horizontal x-direction and vertical y-direction, encodes spatial information
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on the transforms, and weighted fusion of spatial information on the channels. The
structure is shown in Figure 7. Compared with the Squeeze and Excitation (SE)
attention mechanism used by EfficientNet, the CA attention mechanism takes into
account not only the relationship between channels but also the spatial feature
information in X and Y dimensions to optimize the model training and thus
improve the detection accuracy.

pooling FC2 — Sigmoid

‘ FC1 > Swish .II

Y average
pooling

‘ X average

FC2 = Sigmoid
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Fig. 7 CA Attention Module Improvement Module
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As in the original network inverted residual module of the SE module in Fig. 4,
the residuals are connected to the low-dimensional features after point
convolution and compression of the channels, and some useful information may
be lost in the process, leading to poor results. To solve the above problem, we use
an improved inverse residual module with an imposed CA attention mechanism as
shown in Fig. 7, which solves the above problem by the idea of flipping the
inverse residual. the CA attention mechanism performs two lighter depth
convolutions to give more spatial information than Squeeze-and-Excitation, which
encodes more spatial information. In Fig. 7, firstly, the high-dimensional layer is
subjected to 3x3 or 5x5 deep convolution to extract features, then the CA attention
mechanism is added, followed by 1x1 channel compression and 1x1 channel
dilation, and finally another 3x3 or 5x5 deep convolution, while the input and
output are summed to form a "convolution-compression-dilation-convolution"
data flow [56]. In the experiments, the EfficientNet reduced-dimensional
backbone feature layer is extracted at Blockcore after adjusting the size and
number of channels, which has the same feature layer size and number of
channels compared with the original EfficientNet, but the residual edges are
shorted to the input and output of high-dimensional channels, thus passing more
information from the input tensor to the output tensor [54].

4.2 Introduction of depthwise separable convolution

Some lightweight networks, such as mobilenet, will have depthwise separable
convolution, which is a combination of depthwise (DW) and pointwise (PW)
components [47][48], and is used to extract feature maps. compared to
conventional convolution operations , its number of parameters and operational
cost are relatively low. For a 5x5x3 input, if we want to get a 3x3x4 feature map,
then the shape of the convolution kernel is 3x3x3x4; if padding=1, then the
output feature map is 5x5x4. There are four Filters in the convolution layer, and
each Filter contains three Kernels, and the size of each Kernel is 3x3. Therefore,
the number of parameters of the convolution layer can be calculated by the
following formula (i.e., convolution kernel W x convolution kernel H x number
of input channels x number of output channels): N std =4 x 3 x 3 x 3 =108. The
amount of computation (i.e., convolution kernel W x convolution kernel H x
(picture W - convolution kernel W + 1) x (picture H - convolution kernel H + 1) x
number of input channels x number of output channels, with padding= 0, no
padding for demonstration, the output is 3x3x4, if padding convolution kernel Wx
convolution kernel Hx(picture W-convolution kernel W+2P+1)xpicture
H-convolution kernel H+2P-+1)xnumber of input channelsxnumber of output
channels): C std =3x3x(5-2)x(5-2)x3x4=972. Since each spatial kernel needs to
be considered independently. Therefore the length of dot product operations,
which are usually accelerated by vector-product type hardware, is limited. This
means that the hardware cannot always be fully utilized, resulting in "wasted"
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cycles. Depthwise convolutions also have very low computational efficiency
because they require a large amount of data transfer relative to the number of
FLOPs performed, which means that memory access speed is an important factor
[53]. While this may limit the throughput on alternative hardware, the memory
architecture in the processor provides high bandwidth memory access, which can
significantly improve the performance of low computationally efficient operations
like this one. Experimental data suggest that deep convolutions are found to be
most efficient when they are sandwiched between two pointwise "projection"
convolutions, forming an MBConv block. These pointwise convolutions increase
or decrease the dimensionality of the activation by an "expansion factor" around
the spatial depth convolution. While this scaling can lead to good task
performance, it also creates a very large activation tensor, which can dominate
memory requirements and ultimately limit the maximum batch size available.
Fiters * 4
Maps * 4

‘

%1%
3 channel Input

Fig. 8 Depth-separable convolutional neural network
Depthwise Convolution is divided into two main processes, Depthwise
Convolution and Pointwise Convolution. In Depthwise Convolution, one
convolution kernel is responsible for one channel, and a channel is convolved by
only one convolution kernel, and this process produces exactly the same number
of channels of the feature map as the number of channels of the input [47]. A 5 x
5 pixel, three-channel color input image (with a SHAPE of 5 x 5 x 3), Depthwise
Convolution first goes through the first convolution operation, and DW is
performed entirely in the 2D plane. The number of convolution kernels is the
same as the number of channels in the previous layer (channels and convolution
kernels correspond one-to-one). So a three-channel image is generated after the
operation of three Feature map (if there is a same padding, then the size is the
same as the input layer is 5 x 5), (the shape of the convolution kernel is:
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convolution kernel W x convolution kernel H X number of input channels) where
a Filter contains only a size of 3 x 3 Kernel, the number of parameters of the
convolution part is calculated The number of parameters of the convolution part is
calculated as follows (i.e.: Convolution Kernel W x Convolution Kernel H x
number of input channels): N depthwise = 3 x 3 x 3 = 27. The amount of
computation is (Convolution Kernel W x Convolution Kernel H x (Picture W -
Convolution Kernel W+1) x (Picture H - Convolution Kernel H+1) x number of
input channels) C depthwise = 3 x 3 x (5-2) x (5-2) x 3 = 243. Depthwise
Convolution completes the same number of Feature maps as the number of
channels in the input layer, which cannot expand the Feature maps. and this
operation performs the convolution operation independently for each channel in
the input layer, which does not effectively use the Feature information of different
channels in the same spatial location. Therefore, Pointwise Convolution is needed
to combine these Feature maps to generate a new Feature map.

The Pointwise Convolution operation is very similar to the regular convolution
operation, which has a convolution kernel of size 1 X 1 x M, with M being the
number of channels in the previous layer [48]. So the convolution operation here
will combine the maps of the previous step in the depth direction with weighting
to generate a new Feature map. several convolution kernels will have several
output Feature maps.(The shape of the convolution kernel is: 1x1xnumber of
input channelsxnumber of output channels). The number of parameters involved
in the convolution in this step can be calculated as (i.e., 1x1xnumber of input
channelsxnumber of output channels) N pointwise = 1x1x3x4 = 12, and the
amount of computation (i.e., 1xIxfeature layer Wxfeature layer Hxnumber of
input channelsxnumber of output channels): C pointwise = 1x1x3x3x4 = 108.
After Pointwise Convolution, the same 4 Feature maps are output, with the same
output dimension as the conventional convolution.

4.3 Proxy normalization activation

Normalization of the output of convolution and matrix multiplication operations
has become a fundamental operation in CNNs at this stage, with Batch
Normalization being the most common formal method used for this purpose [54].
However, the batch size limitation introduced by batch normalization is a
well-known problem that has triggered a series of innovations in
batch-independent alternative methods. Although many methods work well in the
ResNet model, we found that none of them achieve the same performance as the
batch normalization of EfficientNet. To address the lack of alternative methods
for batch normalization, we utilize the new batch-independent normalization
method introduced in the paper Proxy-Normalizing Activations to Match Batch
Normalization while Removing Batch Dependence --Proxy Normalization. This
approach builds on the already successful group (and layer) normalization
methods. Group normalization and layer normalization suffer from the problem
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that activations may become non-normalized on the channel. This problem
becomes worse with increasing depth, as non-normalization is accentuated at each
level. While this problem can be avoided by simply reducing the group size in
group normalization, this reduction in group size will change expressivity and
degrade performance. Proxy normalization provides a better solution by
preserving expressivity while offsetting the two main sources of
non-normalization: affine transformations and activation functions, following
group normalization or layer normalization [56]. Specifically, the
non-normalization is canceled by assimilating the output of the group
parametrization or layer parametrization to a Gaussian "proxy" variable and
applying the same affine transformation and the same activation function to this
proxy variable. The statistics of the non-normalized proxy variable are then used
to correct for the expected distribution bias in the true activation. Proxy
normalization allows us to maximize the group size (i.e., using layer
normalization), and proxy normalization maintains expressivity even without the
channel non-normalization problem. It is important that this approach does not
mimic any of the implied regular features of batch normalization. For this reason,
additional regularization is needed in this work, and we use a combination of
hybrid and shear blending. In comparing the performance of layer normalization +
agent normalization (LN+PN) with two batch normalized (BN) baseline models
under standard preprocessing and AutoAugment (AA) [58], we found that
LN+PN matched or exceeded the standard preprocessing performance of BN over
the entire range of model sizes. Moreover, LN+PN is almost as good as BN on
AA, although AA requires an expensive process of training augmentation
parameters. Figure 9 shows the agent normalized activation module, and the red
convolution blocks indicate with additional agent normalized activation
operations.

Activation
Function

Y

Y~NG, (1+ 7)) YY+B >

z

- z—E[Z] | %
> > Group or y. > Activation z -
e Conv Layer Norm w+B Function J Vm'[Z] + ¢

Fig. 9 Proxy normalized activation
5 Experiments

5.1 Data set composition and design ideas

This thesis will use efficientnet-b0 to recognize and classify the front end and rear
end of the mine car with 12211 images of data, which contains 4073 images of the
front end and 4065 images of the rear end. The first step is to divide the data set

26



BALTICA ISSN: 0067-3064

2023 36(7)

by python code and divide the data set into training set and test set, which are
saved in the target folder. Set the ratio of training set to test set to 3:2 for training
and testing respectively. The second step is to download the model of
efficientnet-b0 and put the model of efficientnet-b0 into the project, then install
the third-party libraries such as torch,efficientnet pytorch, etc., and test whether
the installation is successful after the installation is completed, and check through
various channels whether torch,efficientnet pytorch and other third-party
libraries, Google and related efficientnet papers to learn, write for their own data
set training and testing methods, and then use their own python code written on
the divided data first training, get training model, and then use the trained model,
test the data on the test set, test results, so as to achieve the mining car mine head
and tail recognition. Figure 10 shows the distribution of the number of training set
and test set in the dataset.

Data set composition

Training set M Test set

Total data set

Fig. 10 Distribution of the number of training and test sets in the dataset

5.2 Development environment and network parameters

The platform is developed based on the python language, using PyCharm
2020.3.3 x64 and Anaconda3 2020.07 (Python 3.9 64-bit) as the development
tools for the platform. Because Anaconda comes with many common third-party
libraries such as Python, Anaconda Prompt. torch library is a third-party library
for Python, which is used in large-scale machine learning applications and has
great adaptability for image and video recognition. torchvision can mainly be used
to load images and perform simple operations on them. The experimental training
environment is shown in Table 3.

Table 3. Training environment

CPU: 17-8750H OS: Window10
GPU:Nvidia Geforce GTX1050 Pytorch: 1.5
N1F: 8G CUDA: 10.1

Python: 3.9 Torchvision: 0.6
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Compiler: Anaconda. PyCharm Numpy: 1.18
Table (4) Network training parameters
Lr0 0.01
weight decay 0.8
epoch 100
momentum 0.9
Img-size 256

As an important superparameter in supervised learning and deep learning, the
learning rate of Ir0 determines whether and when the objective function can
converge to a local minimum. A larger learning rate will accelerate the network
learning in the early stage of training and make the model converge to the optimal
solution more easily. However, in the later stage, there will be large fluctuations,
and even the value of the loss function hovers around the minimum value,
fluctuating greatly, and it is always difficult to reach the optimum. The
appropriate learning rate can make the target function converge to the local
minimum in a suitable time. Momentum is set to 0.9, momentum (momentum) is
a common acceleration technique in gradient descent method to speed up the
convergence, momentum method is mainly to solve the problem of Hessian
matrix pathological condition; weight decay (weight decay), to prevent
overfitting. Define the training model train model, define a parameter
best model wts to store the weights and paranoia coefficients that need to be
learned during the training process, then enable batch normalization and drop out,
compress the dimensionality of the data, remove the dimensionality of dimension
1.

labels=torch. squeeze(labels.type(torch.LongTensor)) (13)

Variable can be seen as a wrapper for the tensor, which contains not only the
content of the tensor, but also information such as the gradient, so the Variable
data structure is often used in neural networks. Receive the returned values and
take the value with the highest probability. Set the gradient to zero, calculate the
loss to be returned after getting the loss, then update the parameters, and finally
save the training model. The data width of 1920 and height of 1080 are not
suitable for training, so we need to preprocess the data, process the data into width
and height of 256, and put it into bishe-enddata2 folder, set the batch size to 8, set
the training round to 10, set the dataset image processing size to 256, set the
category to 3, and set the name of the model used to EfficientNet-BO0.

5.3 Module Function Design

(1) mixup data augmentation

mixup is an unconventional data augmentation method, a simple data
augmentation principle independent of the data [50], which constructs new
training samples and labels by linear interpolation, and the final processing of the
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labels is shown in the following equation.

=2+ (1 -2 (14)

¥ =2y + (1 —Ny; (15)

The two data pairs (x;,y;), (X;,y;) are the training sample pairs (training samples

and their corresponding labels) in the original dataset. Where A is a parameter
obeying the B distribution, A~f(a, a). The probability density function of the 3
distribution is shown in Figure 11 below, where a € [0, + o] . Thus a is a
hyperparameter, and as a increases, the training error of the network increases,
and its generalization ability is enhanced accordingly. And when o — oo, the
model degrades to the most primitive training strategy.

2 \ a=B=05—0
‘ a=5pf=1 —

a=1B=3 —

> 1 a=2p=2 —
Na=2,B=5

1.5 F

1 b

Ol \

0 L 1 1 .--I

0 0.2 0.4 0.6 0.8 1

Fig. 11 Plot of probability density function of B distribution

(2) Load and import the data module and set the global parameters

Because tensorflow2.0 or above integrates Keras, we do not need to install Keras
separately when we use it, if we use the initial model module, we need to upgrade
it to tensorflow2.0 or above, and then add tensorflow in front of keras. Next,
according to the experimental computer hardware and software equipment
reasonable debugging and use the relevant important global parameters, such as
norm_size = 224, EfficientNetB0 default image size is 224 x 224, our experiments
taken by the Img-size of 256. datapath = 'data/train ', set the path where the
images are stored, here we have to explain that because this experiment requires a
large set of images, if the experimental image dataset is large, please do not put it
in the project directory, otherwise Pycharm will browse all the images when
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loading the project, resulting in a slow computer. epochs = 100, the number of
epochs according to the experimental classnum = 2, the number of target
categories for the experimental detection, the dataset has 2 categories for the front
and back of the car. batch size = 16, the batchsize, set according to the hardware
and the size of the dataset, too small will cause the loss to float too big, too big
will cause the float to float too big as the experiment progresses. The final
convergence effect is not ideal, according to our previous experimental experience,
generally set to the second power of 2 (4, 8, 16, etc.). windows can be viewed
through the task manager of the memory occupation. Finally, a loaddata function
is defined to pass in the local data, the number of batches to be trained as
parameters, then the data is augmented and finally a batch is created to generate
the input for the real network, with the following code Figure 12.

f loaddata(data_dir, batch_size, set_name, shuffle):
data_transforms = {
: transforms.Compose([
transforms.Resize(input_size),
transforms.CenterCrop(input_size),
transforms.RandomAffine( =B =(06.05, B.085)),
transforms.RandemHorizontalFlip(),
transforms.ToTensor(),
transforms.Normalize([0.485, 0.456, 0.406], [0.229, ©0.224, 08.225])

: transforms.Compose([
transforms.Resize(input_size),
transforms.CenterCrop(input_size),
transforms.ToTensor(),
transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])

{x: datasets.ImageFolder(os.path.join(data_dir, x), data_transforms[x]) f x in [set_name]}
if CPU else =1
s = {x: torch.utils.data.Dataloader(image_datasets[x],
=batch_size,
=shuffle, = F x in [set_name]}

data_set_sizes = len(image_datasets[set_name])
dataset_loaders, data_set_sizes

Fig. 12 Loading data module
(3) Image enhancement
First read the image and then resize the image with the specified size. The images
are converted into arrays by image normalization, and finally the labels are
converted into one-hot codes using LabelBinarizer. After preparing the data
import process, we need to slice the training set and the test set, and the
experiments involved in this paper are slice according to the ratio of 3:2. To slice
the dataset, we use the train test split() method, which requires importing the
from sklearn.model selection import train_test split package.
imageDataGenerator() is the image generator in the keras.preprocessing.image
module. It can also augment the data in batch to expand the size of the dataset and
enhance the generalization ability of the model. For example, rotate, deform,
normalize, etc.
(4) Training model module
Define the training model train model, define a parameter best model wts to
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store the weights and paranoia coefficients to be learned during the training
process, then enable batch normalization and drop out, compress the
dimensionality of the data, remove the dimensionality of dimension 1 labels =
torch. squeeze (labels.type(torch.LongTensor)). Variable can be seen as a wrapper
for tensor, which contains not only the content of the tensor, but also information
such as gradient, so Variable data structure is often used in neural networks.
Receive the returned value and take the value with the highest probability. The
gradient is set to zero and the loss is calculated and then the loss is returned, then
the parameters are updated and finally the training model is saved, the training
results of ResNet34 [51] model are shown in Figure 13 and the training results of
EfficientNet-B0O model are shown in Figure 14 below, initially the model training
only takes 10 epochs in order to be able to better see the two It is obvious from the
figure that the effect of EfficientNet operation and the convergence speed of
ResNet34 have been significantly improved with the experiments, and the
EfficientNet-BO model has some advantages under the same experimental
equipment and environment.
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Fig. 13 ResNet34 model training results
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Fig. 14 EfficientNet-B0O model training results
(5) Test model module
Use the data loading module to import the data, keep the best model and set the
learning rate dynamically, ModelCheckpoint: used to keep the best model, set the
input and output, the callback function will save the model to filepath after each
epoch, the filepath can be a formatted string, the placeholder inside will be filled
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by the epoch value and the logs keyword passed into on_epoch_end is filled in,
for example, if the filepath is weights.{epoch:02d-{val loss:.2f}.hdf5, multiple
files corresponding to epoch and validation set loss will be generated. Also when
save best only: is set to True, only the model with the best performance on the
validation set will be saved (mode: 'auto', 'min', 'max ' one of them). The
evaluation criterion for the best performing model is determined when
save best only=True, e.g. when the monitored value is val acc, the mode should
be max, and when the detected value is val loss, the mode should be min. In auto
mode, the evaluation criterion is automatically inferred from the name of the
monitored value. If save weights only: is set to True, only the model weights are
saved, otherwise the whole model (including model structure, configuration
information, etc.) is saved, and the Ilearning rate is reduced when
ReduceLROnPlateau: evaluation metrics are not improving; when learning is
stagnant, reducing the learning rate by a factor of 2 or 10 often gives better results.
This callback function detects the condition of the metrics, and reduces the
learning rate if no model performance improvement is seen in patience epochs.
After the learning rate is reduced, it will go through cooldown epochs before the
normal operation is performed again. We use classification _report to evaluate the
validation set, import the package from sklearn.metrics import, keep the training
results and generate the images, assign cpu to the input and output, and finally
output Loss and Acc. For the accuracy of the experiment, we adjust the original
10 epochs upward to 100 The output results are shown in the following figure,
Figure 15 shows the changes of Acc and Loss of EfficientNet test model with the
increase of epoch.

Model accuracy Model loss
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Fig. 15 Change of test model Acc, Loss with increasing epoch
5.4 Analysis of results
Running a query from Google's official website, the recognition accuracy of
EfficientNet-BO to EfficientNet-B7, AmoebaNet-A to AmoebaNet-B,
Inception-v2 to SENet [49], ResNet-34 [51] to ResNet-152 [26], with time, the
algorithms undergo continuous optimization, and the recognition rates are all
significantly improved, and the results are obtained, as represented in Figure 16,
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which shows the Top-1 Accuracy of EfficientNet B0-B7 using MindSpore Vision
suite compared to that using TensorFlow, and the recognition accuracy of
EfficientNet B0-B7 using MindSpore  Vision Top-5 Accuracy of
EfficientNet B0-B7 using MindSpore Vision.

Top-1 Accuracy (MindSpore VS TensorFlow) Top-5 Accuracy (MindSpore)

| —=— MindSpore | | —=— MindSpore
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o
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Fig. 16 Top-1 Accuracy of EfficientNet B0-B7 with MindSpore Vision suite
compared with TensorFlow and Top-5 Accuracy of EfficientNet B0-B7 with
MindSpore Vision
It is obvious from the figure that the accuracy of EfficientNet algorithm
recognition rises very fast, from 76.3% in EfficientNet-BO to 84.4% in
EfficientNet-B7, EfficientNet compared with other deep learning networks, we
can see very clearly that EfficientNet B0-B7 on ImageNet. In addition to this,
we bring the algorithm to the head and tail experiments, as shown by the running
results, Acc for accuracy, the training test was completed 5 times, after the
complete reading of the experimental data, the result given is Training complete in
16m 25s.The results of the five experiments were 96.68%, 99.46%, 99.76%,
99.89%, and 99.97%, which were significantly higher than the previous deep
convolutional neural network-based recognition accuracy. The detailed
experimental parameters and results are shown in the following table. The use of
efficientnet algorithm is realized, and the recognition of the head and tail of the
mine car based on efficientnet algorithm is completed. Therefore, in the mineral
operation, the efficientnet algorithm can be applied to the identification of the
front and rear of the mine car, which is beneficial to observe whether the mine car
is entering the car from the entrance and leaving the car from the exit, and when
the identification of the entrance and exit of the mine car vehicles are not in
accordance with this rule, it can be prompted and the gate will not be opened, and
when the identification is the correct entry and exit rule, the gate will be opened
and released, which is beneficial to the smooth operation of the mine land traffic

and the mine car The rules of entry and exit release.

33



BALTICA ISSN: 0067-3064

2023 36(7)

Table 5. Experimental operation results statistics

Experiment Loss Acc Data Size Epoch LR
First 0.0923 0.9668 7448 100 0.01
Second 0.0174 0.9946 7448 100 0.01
Third 0.0090 0.9976 7448 100 0.01
Fourth 0.0046 0.9989 7448 100 0.01
Fifth 0.0015 0.9997 7448 100 0.01

5.5 Experimental comparison - deep convolutional neural network

The traditional deep convolutional neural network-based recognition system for
the front end of mining vehicles due to the influence of computer hardware and
experimental environment, the source data is first normalized to a size of 50 x 50,
and then the obtained images are grayed out, using a 2-dimensional CNN as well
as maximum sampling for model training. The experimental process of the
backbone network uses 5 layers of convolution plus pooling, and ReLU is used as
the activation function of the neurons in the middle hidden layer between each
layer. The  output layer of the  detection network  uses
Fully con—Dropout—Fully con for further processing of the convolutional tail
data, and finally the Softmax activation function is experimented to classify the
data. The experiment uses 16000 pictures for training, where the pictures are not
screened head, tail and other miscellaneous data, using 4000 head and tail for
testing, the experimental results show that the accuracy curve of training basically
converges to about 0.95, compared with it, our network still has a greater
advantage, the specific network training parameters and environment comparison
is shown in the following table.

Table 6. Comparison of Efficient Net and deep convolutional neural network

parameters
Algorithm (Lr0) i Img i Epoc : Pytho : Trainin : Test : val Ac i val Lo
- h n g set set ic (%) iss (%)
size
EfficientNet ;i 0.01 256 i 100 3.9 7327 488 {99% 3%
4
DeepCNN]J1 : 0.001 50 40 3.6 16000 :400 :95% 10%
7] 0

6 Summary and Future work

In the increasingly advanced modern traffic system, traffic management, traffic
monitoring and traffic optimization require a lot of human and material resources.
If this system can replace some tedious and repetitive management work, it will
save a lot of unnecessary human and material resources. The implementation of
Efficient Net algorithm based mine vehicle head-end recognition is an important
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part of the implementation of intelligent mine traffic management, and is one of
the key technologies for implementing intelligent traffic management. This paper
describes the task and technical difficulties of mine vehicle refinement
identification research, reviews several of the most popular convolutional neural
networks and detection algorithms, analyzes the advantages and disadvantages of
each algorithm, introduces the relevant data sets and evaluation criteria, and hopes
to provide new information and ideas for researchers in the field of method
selection. At the current stage, vehicle detection technology has become
increasingly mature, but there are several elements that need to be further -
researched as follows.

Because of its better feature extraction capability and computational efficiency,
the EfficientNet network can effectively reduce the number of model parameters
and computational complexity, thus improving the performance of the model. We
try to extract advanced features from the input images through the EfficientNet
backbone network to obtain a series of feature maps with different resolutions
under the condition of limited computational resources. Combined with SOTA
technique in ultralytics algorithm framework in one, the adaptive convolution
layer is used to adjust the size of the convolution kernel adaptively according to
the target size, so as to better handle targets of different sizes. Meanwhile,
multi-level feature fusion can fuse feature maps of different scales together and
use non-maximum suppression (NMS) algorithm for de-weighting and filtering,
which can enhance the model's ability to perceive different regions and thus
improve the detection accuracy of the model.

The predecessor of this paper, titled "Truck's Head and Tail Recognition Based on
CA Modified Efficient-Net", has been presented at the conference of The Ninth
International Conference on Data Science (ICDS) and is scheduled to appear in
August 2023. We acknowledge this prior work.
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