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Modern transportation system takes water transportation as the core, and its advantage is green and environmental protection. Aiming at the problem of the low success rate of ship recognition and the inability to perform online recognition in the process of water transport ships passing the gate, this paper proposes a ship image recognition based on deep learning. This project collects a large number of datasets on the Internet, uses Keras to build a neural network, and trains a data set of 1000 pictures with and without ships. In order to test the accuracy of the established model, the data set is divided into training data set and test data set, and compared the results to check whether it has problems such as overfitting and generalization. The training set is a subset used to train the model, and the test set is a subset used to test the trained model. Meanwhile, in order to improve the recognition rate of the image, the item using the built-in pre-trained network Keras (VGG16, Exception, etc.) and adjusting the parameters, and compare the model to select the most accurate recognition of the ship.
The experimental results show that different model structures are established, and the recognition accuracy of the obtained ship pictures is also different. To evaluate different models, the best effect is to combine the VGG16 pre-trained network, the maximum pooling layer of layers and the neural network model of the fully connected layer, and its accuracy for ship image recognition is as high as 92%.
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[bookmark: _Toc56713266]1 INTRODUCTION
As the number of ships sailing at sea continues to increase, and the types and numbers of ships at sea continue to increase, maritime traffic safety control is facing certain challenges. Ship locks play an extremely important role in water transportation. They not only regulate the water level, but also control the opening and closing of the locks to help ships sail smoothly.
When the ship passes through the lock, the shipowner needs to stop the ship ashore and contact the staff to go through the lock procedures and pay the fee. At the same time, dispatchers and other personnel also need to manually observe the lock location and input and compare it with traditional ship book information to check the ships entering the lock.
In order to solve the problem of waiting or going ashore at the ship lock, this subject adopts image recognition of the ship located at the lock, thereby controlling the opening and closing state of the lock, further improving the efficiency of the lock, saving crew time, increasing process transparency, and improving crew services Level and satisfaction. This subject ship recognition is mainly researched from three aspects: 1) designing its own DNN for image recognition using Keras; 2) using pre-training network to extract ship features; 3) selecting optimization algorithms and loss functions to train ship recognition and evaluation.
[bookmark: _Toc462812552][bookmark: _Toc56713267]1.1 Aim
A ship image recognition model based on deep neural network is proposed. This method uses improved VGGNet and Xception models to extract features from ship images. Through the study of the model architecture of different convolution layers and convolution kernels, the selection effect is the best A good architecture is used as the recognition model architecture. In the experiment, the Adam algorithm is used as the optimization function of the gradient descent method. In the end, the recognition rate of the test set reaches more than 92%. The experimental results verify the effectiveness of the model.
[bookmark: _Toc462812553][bookmark: _Toc56713268]1.2 Objectives
· Read the literature and collected learning materials related to this topic. The research value of this topic is explained, and the application of image recognition, deep learning and deep learning in image recognition is explained and explained in detail;
· Collect image data with and without cargo ships from kaggle.com and Baidu images and divide them into training data and test data;
· Establish a deep neural network model, specify the input layer, hidden layer and output layer of this model, and set the number of layers and other attribute values;
· To learn and explore the pre-trained network model, you can directly load the pre-trained parameters in the pre-train model to extract the feature data in the picture;
· Combine different pre-training models with the neural network model built by yourself, train the data, and judge whether a picture contains a ship based on the characteristics of the ship.
[bookmark: _Toc56713269]1.3 Structure of the report
This project consists of three parts. The first part is a literature review, that is, the basis of image recognition, the basis of deep learning (common network structure, excitation function, optimization method, loss function, etc.) and the application of deep learning in image recognition, which provide a theory for the project basis. The second part introduces in detail how to design your own neural network model, and explains in detail which optimization function, excitation function, and method to use to solve overfitting. The third part is to combine the pre-training network built in Keras to compare different pre-training network models, and select the best solution according to the accuracy of the training set and the test set as the final deep neural network model of this project.
Chapter one a basic summary of this project is given, and the research purpose, objectives and structure of this subject are elaborated.
Chapter two based on a large amount of literature, it summarizes the basic knowledge needed for this project and the effect of the research structure of different scholars on this topic.
Chapter three explains the research process, the research type of this topic and the research methods used.
Chapter four describes in detail the design of the experiment of this subject, and explains the basic steps of how to build your own neural network model.
Chapter five in the basic steps of establishing a neural network model, the probability of the pre-training network is introduced to improve the model established before, and at the same time fine-tune it.
Chapter six analyses data separately based on the different models established above. Compare the renderings and select the best neural network model.
Chapter Seven on the basis of data analysis, determine the final plan and make a summary.
Chapter eight gives a general overview and explains the aspects that can be improved or the reference of this topic in other aspects.
Chapter nine reflect on the research of this topic and explain the difficulties encountered in the process of this research and the solutions.



[bookmark: _Toc56713270]2 RESEARCH AND REVIEW OF LITERATURE
Image recognition is an important branch of computer vision, which is the computer's processing and understanding of images. In recent years, due to the use of deep learning to greatly improve the accuracy of image recognition, this field has reached unprecedented attention, far ahead of traditional image recognition methods, and has an important role in automatic driving, face recognition, license plate recognition, etc. The future will have a more profound impact on human society [1]. Similarly, applying the image recognition of ships to water transportation can improve the efficiency of ships passing gates and save manpower, time and resources.
[bookmark: _Toc56713271]2.1 Value analysis of ship image recognition
[bookmark: _Toc56713272]2.1.1 The value of the ship
The value of a ship refers to the economic function of the ship and the amount of value in the exchange of goods. The economic function of the ship is that the purpose of the ship is to sail on the water and become a water vehicle for navigation. The value of a ship in commodity transactions is usually expressed by the ex-factory price of the ship produced by the manufacturer or the market price in the sale of the ship [2]. The main purpose of this article is to further improve the economic function of ships, make ships more intelligent in the transportation process, and create greater value.
[bookmark: _Toc56713273]2.1.2 The value of the lock
Lock chambers are cabin-shaped chambers for moored ships (or fleets). The water level in the lock chamber is adjusted by indoor irrigation or drainage, so that the ships can move vertically between the upstream and downstream water levels, thereby passing the concentrated water level drop in the channel. When the ship travels from downstream to upstream, the indoor water level drops to level with the downstream water level, and then opens the gate of the downstream lock head, the ship enters the lock chamber, closes the gate, and fills the water. When the water level rises to level with the upstream water level, open with the upstream lock gate, the ship can exit the lock and head upstream through the upstream approach channel. When the ship travels from upstream to downstream, the gate-passing procedure is the opposite[33].
[bookmark: _Toc56713274]2.1.3 The value of identifying the ship at the lock
Recognizing whether there is a cargo ship in the image at the ship lock to control the state of the ship lock, reduce the waste of resources in the process, such as staff to perform detection and control, improve the efficiency of the ship passing the lock, and provide a better experience for the ship owner.
[bookmark: _Toc56713275]2.2 Overview of image recognition
Image recognition is a technology for classification and recognition based on image characteristics. It is also called image pattern recognition, that is, pattern recognition technology is specifically applied to the image[34]. Its main steps are: firstly, input the picture information that needs to be studied; secondly, build an image recognition model; thirdly, analyse the input picture information and extract its features; fourthly, build a classifier; fifthly, perform image recognition. 
In the past, before deep learning, object recognition in natural images used to be quite simple: define a set of key visual features, identify the frequency ("bag") of each visual feature in the image, and then perform the image based on these numbers classification. Therefore, these models are called "bag-of-features" models (BoF models). The simplest BoF model works as follows: For each eye in the image, it adds +1 to the evidence of "human". Conversely, for each feather in the image, the evidence of "bird" will increase by +1. Which class has the most evidence accumulated in the entire image, and which is the prediction result.
A good attribute of the simple BoF model is its interpretability and transparent decision-making, but due to poor classification performance, they quickly fell out of favour. Deep neural networks use deep interpretable bag-of-feature networks (BagNet), the specific strategy is as follows:First, divide the image into small q x q image blocks. Then pass the image block through a DNN to obtain the category evidence (logits) of each image block. Finally, add up the evidence of all image blocks to get an image-level decision.
BagNets classification strategy: For each patch, we use a DNN to extract class evidence (logits), and sum the total number of class evidence for all patches[51].
[bookmark: _Toc56713276]2.3 Overview of deep learning
Machine learning includes deep learning, and artificial intelligence includes machine learning. In recent years, the development of deep learning has advanced by leaps and bounds, and the application of artificial intelligence is also increasing. The essence of deep learning is to simulate the human brain neurons and the working principle of the brain. It is a neural network that can simulate the human brain for analysis and learning. It interprets data (such as images, text and sound) by imitating the working mechanism of the human brain. Deep learning fits various things in people's daily life by combining simple low-level features to form more abstract and complex high-level features. Deep learning is now involved in various fields, such as machine translation, facial recognition, speech recognition, signal recovery, business recommendation, financial analysis, medical assistance, and intelligent transportation, etc[20].
From a macro perspective, the "depth" in deep learning refers to the depth of the neural network. As shown in Figure 1, the most common artificial neural network consists of an input layer, a hidden layer, and an output layer. The leftmost (Layer L1) is the input layer, which contains input neurons, the rightmost (Layer L4) is the output layer, which contains output neurons, and the middle layer (Layer L2, Layer L3) is the hidden layer. The output of the upper layer is used as the input of the next layer, and the neurons of the upper layer are connected with the neurons of the next layer, which is the feedforward fully connected neural network and the most basic neural network. Deep learning is also called deep neural network, so the number of hidden layers in the network is relatively large, with tens of layers as small as hundreds of layers, and this structure is conducive to autonomous and effective learning of complex features from raw data. Take the convolutional neural network as an example. Generally speaking, the deeper the convolutional neural network, the more complex the features learned by the model from the data, and the higher the recognition accuracy[36].
[image: preview]
[bookmark: _Hlk56334653][bookmark: _Hlk55726406]Figure 1 The structure of the neural network model[36]
"Learning" in deep learning is also one of the core problems. In simple terms, it is to automatically combine simple features into more complex features, and use these combined features to solve problems. Taking convolutional neural networks as an example, deep learning can gradually combine lines, edges, corners, simple shapes, complex shapes and other more effective complex features from the pixel features of the image. The learning process is the weight update process. Through the combination of forward propagation and back propagation, with the goal of decreasing the loss function, the weights are continuously updated in the opposite direction of the gradient until the model is suitable. In the learning process, the activation function is used to remove the linearization of the model, regularization is introduced to prevent the model from overfitting, and methods such as gradient descent algorithm and learning rate attenuation algorithm are used to optimize the learning process[37].
[bookmark: _Toc56713277]2.3.1 Single neuron to multilayer perceptron (neural network)
The perceptron is a model with several inputs and outputs. Its structure is shown in Figure 2. Its working principle is to calculate the weighted sum of input features, and then use an activation function (or transfer fun12ction) to calculate the output. The linear regression model and the log probability regression model are essentially a single neuron[38].
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[bookmark: _Hlk56334663]Figure 2 Single neuron model
The calculation formula of a single neuron network:
				
Although a neuron is simple, combining forward calculation and error back propagation algorithm, plus gradient descent adjustment, can achieve training parameters to approximate the given training set data law. However, because there is only one neuron, its learning ability is very limited, and it cannot fit the "exclusive OR" operation. It can only be investigated with very simple questions.The multi-layer perceptron (neural network) is mainly expanded on the single-layer neuron model, that is, a hidden layer is added. The hidden layer can be designed as multiple layers to enhance the expression ability of the model, as shown in Figure 3 below. As the hidden layer increases, the complexity of the model has also increased a lot[39].
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[bookmark: _Hlk56334672]Figure 3 Multilayer perceptron model
DNN can be seen as a neural network containing many hidden layers. DNN is sometimes called a multilayer perceptron (MLP). The neural network layer inside the DNN can be divided according to the location of the different layers, divided into three categories—input layer, hidden layer and output layer. As shown in the following example, in general, the first layer is the input layer, the last layer is the output layer, and the number of layers in the middle are all hidden layers[29].[image: ]
[bookmark: _Hlk56334679]Figure 4 Deep neural network model[29]
[bookmark: _Toc56713278]2.3.2 DNN forward propagation and back propagation
DNN forward propagation refers to calculating the output of the next layer using the output of the previous layer. The principle is to set the input data set, pass it to the neural network with known structure designed by oneself, and deduce the output according to its network structure[28].
[image: ]
[bookmark: _Hlk56334686]Figure 5 Forward transfer process from layer l-1 to layer l
In the process of forward propagation, the transfer of values from one node to the back is achieved through functional relationships. The transfer relationship of the general network is shown in Figure 5 above[40].
 is the value of  nodes in the  layer, that is,
.
The result after linear transformation is

Among them, W is the weight coefficient matrix, b is the bias vector. Finally, this result is passed to the activation function[40].
Forward propagation is the process of using neural network models, while back propagation is the process of determining model parameters based on known input and output relationships. It is equivalent to finding the smallest error rate (that is, the closer the calculation of the input of the training sample to the output of the sample, the better), it is necessary to find the most suitable model structure corresponding to the hidden layer and the output layer, and the corresponding linear coefficient matrix W and the bias vector b[28].
Before explaining the principle of DNN back propagation, we need to have a certain understanding of the loss function. The loss function is used to measure the gap between the output calculated by the training sample and the output of the actual training sample. Then according to the value of the loss function, optimize it to find the smallest extremum, then the corresponding sequence W and the deviation vector b of the linear coefficient matrix W corresponding to the optimal result are our final results.
[bookmark: _Toc56713279]2.3.3 Gradient descent algorithm and learning rate
Generally, the optimal result of solving the extreme value of the loss function is to use the gradient descent method, and the gradient descent method is actually to follow the direction of the decreasing gradient to solve its extreme value. The output vector of the gradient indicates the direction in which the loss function grows fastest at each position, which can be regarded as representing the direction in which the function value can grow when moving in each position of the function[41].
When solving the minimized loss function, the gradient descent method can be used to iteratively solve step by step. The weight parameters of each layer are continuously optimized by gradient descent to obtain the minimized loss function and model parameter values.
The gradient indicates the rate of change of the loss function relative to the parameter, and the parameter that scales the gradient is called the learning rate. With a proper learning rate, the loss function can drop over time to a bottom; with an inappropriate learning rate, the loss function may oscillate[42].
The selection principle of the learning rate is that when adjusting, it needs to be small enough to ensure that overshoot does not occur, and it also needs to be large enough to make the loss function drop as quickly as possible, so that it can pass a smaller number of iterations faster Finish learning.
[bookmark: _Toc56713280]2.3.4 Activation function
The function of the activation function is to map the input of the neuron to the output. It works on the neuron of the artificial neural network. The activation function can make the artificial neural network model better adapt to the non-linear, relatively difficult to explain function. This is also the biggest shortcoming of the linear model. Therefore, the activation function is of great significance for improving the linear model. If a neural network does not have an activation function, then its model will be a very simple linear model and cannot reach a deeper depth[29].
Here are some commonly used activation functions:
1. [bookmark: _Hlk55750000]Sigmoid function：
There is a sigmoid function called the sigmoid growth curve, which is more common in biology, we call it the sigmoid function. This kind of function is widely used in neural networks as a threshold function. Of course, this is also inseparable from its monotonic increase and its inverse function. The value range of sigmoid is (0,1), monotonous and continuous, and differentiable everywhere. It is generally used for hidden layer and binary classification output layer[43]. The formula is as follows:

The function image is as follows:
[image: ]
[bookmark: _Hlk56334698]Figure 6 Function image of sigmoid function
It has the following disadvantages: 
· The left and right sides are approximate saturation regions, and the derivative is too small, which will easily cause the gradient to disappear;
· Involving exponential operations;
· not zero-centered: The output value is not zero-centered, which will cause the model to converge slowly.
2. Tanh function: 
Tanh is one of the hyperbolic functions, and Tanh() is the hyperbolic tangent. The value range of tanh is (-1, 1), monotonous continuous, differentiable everywhere, generally used in the hidden layer and the output layer of the binary classification[43]. The formula is as follows:

The function image is as follows:
[image: ]
[bookmark: _Hlk56334707]Figure 7 Function image of tanh function
Compared with the sigmoid function, the tanh function has the following improvements:
· The convergence speed is faster, because the greater the slope in the linear region near 0, the convergence speed will be faster.
· The average output of tanh is 0, and there is no situation where  is always positive or negative in sigmoid.
· There is also an approximate saturation zone, and the range is larger than sigmoid.
3. Relu function:
The output of hidden layer neurons often needs to use Relu activation function (The Rectified Linear Unit)[43]. The formula of Relu activation function is as follows:

The function image is as follows:
[image: ]
[bookmark: _Hlk56334714]Figure 8 Function image of ReLU function
The advantage:
· Simple and efficient calculation, no exponential calculation compared to sigmoid and tanh;
· Compared with sigmoid and tanh, it is more in line with biological neural activation mechanism;
· In the positive interval does not saturate (Does not saturate), solve the problem of gradient disappearance;
· The convergence speed is faster, about 6 times that of sigmoid and tanh.
The disadvantage:
· Output is not zero-centered;
· Dead ReLU Problem: When x<0, the ReLU output is always zero. When backpropagating, the gradient is zero and the parameters will never be updated, that is, "dead neurons" are formed.
4. Softmax function: 
The softmax function is mainly used to solve multi-classification problems. It maps multiple neuron output values to (0,1), but the sum of all output values is 1. It can be understood from the perspective of probability, then the largest value (the largest probability) is selected as the predicted value when outputting[44].
[bookmark: _Toc56713281]2.3.5 Introduction and comparison of mainstream deep learning frameworks
Many neural network topologies include a multi-step process of pattern recognition, and they all have deep learning or deep neural network frameworks with hidden layers. And more network layers help to extract more complex features for clustering and classification. Common TensorFlow, Keras, PyTorch and Caffe are all deep learning frameworks[45].
Neural networks generally include two major stages: training and testing. Training is the process of extracting model parameters from training data and neural network models (AlexNet, RNN, and other neural network training frameworks, Caffe, etc.) using CPU or GPU. The test is to run the test data with the trained model (neural network model + model parameters) and view the results. Caffe, Keras, and tensorflow unify and abstract the data involved in the training process to form a usable framework.
1. Caffe
Caffe is an entry-level deep learning framework. For general deep learning tasks, such as image classification/target detection/instance segmentation, there are existing codes for your reference, making it quick to get started, and the places that need to be modified by novices are generally configuration files , Basically no need to write code. And Caffe is based on C++ code, so training is fast. Therefore, it is a good framework for beginners. It is suitable for beginners to learn about deep learning and various parameters in deep learning tasks[45].
Advantage：
· Get started quickly, you can migrate to your own data set without writing a lot of code
· Able to quickly understand introductory deep learning
· C++-based development, fast training
But Caffe's shortcomings are also very serious, mainly in the following aspects:
· First of all, although I can get started quickly, I don’t have a deep understanding of the details of deep learning. If you want to understand deeply, you need to read the source code, which is more difficult than other frameworks.
· If you want to modify the code, you need to modify the CPU version and GPU version at the same time, and the time to modify the code is relatively long, which is not conducive to the rapid realization of new ideas
· Finally, the most troublesome issue is the installation of the GPU version
2. TensorFlow
Google Brain is based on the second-generation artificial intelligence learning system being developed by DistBelief ---TensorFlow. People have defined its name based on its operating principle. Based on the Apache 2.0 open source license, it was officially released on November 9, 2015, and was pre-released in December 2017. Dynamic graph mechanism Eager Execution. TensorFlow has advanced APIs, as well as new weights and biases from scratch, suitable for in-depth understanding and learning[45].
Advantage：
· There are high-level APIs that can quickly build networks, such as integrating Keras into TensorFlow, tf.Keras, and TFLearn/Slim and other high-level APIs for use
· It can start to build a neural network based on the bottom layer, which is suitable for in-depth learning, and add some new network layers or establish a new Loss function
· Google’s strong support, so there are many learning resources
Insufficient:
· The network is based on a static graph, and all resource calculations are calculated in the graph. It is troublesome to debug and it is not easy to find bugs
· I personally feel that there are multiple functions for the same function in TensorFlow, which may cause novices to be at a loss when learning
3. PyTorch
PyTorch is an open source deep learning library for python released by Facebook on January 18, 2017, based on Torch. Supports dynamic calculation graphs and provides great flexibility. At the developer conference in May 2018, Facebook announced the implementation of PyTorch 1.0 version that seamlessly integrates PyTorch and Caffe2[46].
Advantage：
· The network can be built faster, and novices can start quickly
· The code migration to GPU is faster and the function package is high
Disadvantage：
· The encapsulation is too advanced, resulting in unclear function calls, which is not conducive to in-depth understanding
4. Keras
Keras is an advanced deep learning framework based on Theano or TensorFlow. Using Keras helps to quickly build neural networks. You don't need to worry about the construction of the underlying TensorFlow based on weights and biases. Keras is an open source neural network library, which is written based on Python. Its operating areas include TensorFlow, CNTK, Theano or MXNet. Its advantages are modularity, user-friendliness and scalability. The goal is the realization of fast experiments based on deep neural networks. The main author and maintainer is Google engineer François Chollet[45].
Advantage:
· Build a network quickly and realize your own ideas
· Don't stick to some details of the bottom layer
Insufficient:
· For new areas, it may be slow to update. At this time, it is more difficult to write some layers or other things by yourself, such as weight sharing, which is more difficult
· The training speed is relatively slow
[bookmark: _Toc56713282]2.3.6 Pre-trained network and transfer learning
In order to solve some relatively similar problems, people proposed this new model-the pre-training model. The advantage of this model is that it reduces the steps of training a new model. Similar to the trained model, it provides people with a very good template. People benefit from this to solve problems more conveniently[30].
Its purpose is to re-apply the pre-trained model trained on a large data set. The structure and weights can be used in a targeted manner and directly applied to the problems we are contacting. The conversion process in which we import the corresponding pre-trained model into the specific problem we are dealing with is called "transfer learning".
The following introduces the following pre-trained networks built in Keras:
1. VGG16 and VGG19
The structure of the VGG model is simple and effective. The first few layers only use 3×3 convolution kernels to increase the depth of the network. The number of neurons in each layer is sequentially reduced through max pooling. The last three layers are 2 fully connected layer with 4096 neurons and a softmax layer[47].
"16" and "19" indicate the number of network layers (columns D and E in Figure 9 below) that require weight (parameters to be learned) to be updated in the network, including convolutional layers, fully connected layers, and softmax layers:
[image: ]
[bookmark: _Hlk56334754][bookmark: _Hlk56335984]Figure 9 Internal structure of VGG16[47]
Unfortunately, VGG has two big disadvantages:
· The network architecture weight is quite large and consumes disk space.
· Training is very slow
Based on a large number of fully connected nodes and a deep network layer, VGG16 has 533MB+ and VGG19 has 574MB. This makes it time-consuming to deploy VGG. The use of VGG is really in most of the image classification sections of deep learning. On the other hand, some relatively small network architectures like SqueezeNet, GoogLeNet, etc. are also a suitable way[47].
2. ResNet (residual network)
[bookmark: _Hlk55812472]Different from traditional sequential network architectures (such as AlexNet, OverFeat and VGG), it adds a y=x layer (identity mapping layer), which allows the network to increase in depth without degrading. A micro-architecture module consists of one input and another input. One of the inputs passes through two weight layers. The specific building block diagram is shown below. A large number of microarchitecture modules constitute the so-called ResNet[47].
In the 2015 "Deep Residual Learning for Image Recognition" paper, He et al. first proposed ResNet. The ResNet architecture has become a meaningful model, which can be achieved by using residual modules and conventional SGD (requires reasonable initialization weight) to train a very deep network[14].
[image: ]
[bookmark: _Hlk56334761]Figure 10 Model of residual network
It should be noted that the implementation of ResNet50 (50 weight layers) in the Keras library is based on papers before 2015.
Although RESNET has a deeper network layer compared to VGG16 and VGG19, it actually belongs to a smaller model. The reason is that it uses a global average pool, which is different from the fully connected layer in VGG, and the model size is reduced to 102M[47].
3. Inception V3
The "Inception" microarchitecture was first proposed by Szegedy et al. in the 2014 paper "Going Deeper with Convolutions".
[image: ]
[bookmark: _Hlk56334768]Figure 11 Architecture of Inception
The Inception module extracts multi-level features, using 1×1, 3×3, and 5×5 convolution kernels, and finally connect these convolution outputs as the input of the next layer[47].
This architecture was previously called GoogLeNet, and its name is now changed to Inception vN, where N corresponds to the version number set by Google. According to the paper "Rethinking the Inception Architecture for Computer Vision" by Szegedy et al., it updated the Inception module to make the ImageNet classification effect more significant. Later, the Inception V3 architecture in the Keras library was created. The weight of Inception V3 is smaller than VGG and ResNet, and the size is 96MB[47].
4. Xception
Xception is further developed and improved on the basis of the Inception architecture. It uses a deep separable convolution. It was proposed by François Chollet himself (Keras maintainer). Xception has the least amount of weight, only 91MB[47].
[image: ]
[bookmark: _Hlk56334775]Figure 12 Architecture of Xception[47]
[bookmark: _Toc56713283]2.3.7 Under-fitting and over-fitting
The two most common results may be encountered in the modeling process of deep learning, one is called over-fitting and the other is called under-fitting.
Over-fitting actually means that the built machine learning model or deep learning model performs too well in the training samples, resulting in poor performance in the validation data set and test data set. Over-fitting means learning a lot of unnecessary features, such as dogs that look like cats and cats that look like dogs. In fact, this is only a special case, but in order to better reduce Loss, the neural network can only be Forced to learn these characteristics to distinguish cats from dogs. Over-fitting is usually caused by too many parameters. In order to reduce the loss (the task of the neural network is to minimize the loss), the latter has too few samples. In short, the parameter/sample ratio is too large[48].
Underfitting means that there may be fewer features extracted from the training sample, resulting in the trained model not being well matched, performing poorly, and even the sample itself cannot be efficiently identified.
The commonly used judgment method is to randomly select a part from the training set as a verification set, and use the K-fold cross-validation method to test the effect of the algorithm on the verification set while training with the training set. In the absence of effective measures to prevent under-fitting and over-fitting, as the model's fitting ability increases, the error rate gradually decreases on the training set, and first decreases and then increases on the validation set; when both When the error rate of is large, it is in a state of under-fitting (high bias, low variance); when the error rate of the verification set reaches the lowest point, it indicates that the fitting effect is the best. State (high variance, low bias). The abscissa of the figure below uses the order of the fitting function polynomial to generally characterize the model's fitting ability[48]:
[image: ]
[bookmark: _Hlk56334781]Figure 13 Error rate graph
Underfitting basically occurs at the beginning of training. After continuous training, underfitting should not be considered much. But if it still exists, you can increase the network complexity or add multiple feature points in the model. These are all good ways to solve under-fitting.
The cause of overfitting can be attributed to: too many parameters. So what we need to do is to reduce the parameters[49], there are three ways:
1. When training the model, the gradient descent algorithm is used to continuously reduce the loss function in the model, then we will eventually find the optimal solution within a certain range, and finally the loss function will continue to approach 0. Then you can add a part that is never 0 after the defined loss function, then the loss function will still exist after continuous optimization. In fact, this is the so-called "regularization".
The picture below is the loss function after adding regularization (regulation). Here m is the number of samples, and λ is the regularization coefficient.
Note: When λ is too large, the weight ratio of the latter part will increase, and the final loss function will be too large, resulting in underfitting. When λ is too small, even 0, resulting in overfitting.
[image: ]
[bookmark: _Hlk56334788]Figure 14 Add regularized loss function
2. For neural networks, the reason for parameter expansion may be that as the depth of the network increases, the parameters continue to increase, and the increase speed and scale are very large. Then you can reduce the size (depth) of the neural network. You can also use a method called dropout. The idea of dropout is that when a set of parameters pass through a certain layer of neurons, remove some of the neurons on this layer, and let the parameters pass through only a part of the neurons for calculation. Note that the removal here is not a removal in the true sense, just let the parameters not be calculated by some neurons.
[image: ]
[bookmark: _Hlk56334794]Figure 15 Schematic of dropout
3. Stop training early:
That is to reduce the number of iterations of training. It can be seen from the above error rate graph that, theoretically, a training level can be found. At this time, the validation set has the lowest error rate, which is regarded as the point with the best fitting effect.
In addition, increasing the size of the training sample can also prevent overfitting.
[bookmark: _Toc56713284]2.4 Image recognition in deep learning
[bookmark: _Toc56713285]2.4.1 LeNet and AlexNet
LeNet was launched in 1998. Its main idea is that there must be an image feature distribution in an image, and then use the effective method of convolution with learnable parameters to extract similar features at multiple locations with a small number of parameters. Therefore, the key is to save the parameters and calculation process. Unlike a large multi-layer neural network that requires a separate input for each pixel, its point is that those pixels should not be used in the first layer, because if the pixels of the image are input separately, the spatial correlation in the image cannot be found. This laid the foundation for the use of convolutional neural networks for future image classification research [3]. Due to limited computing power and data volume, the development of LeNet stalled for ten years. It seems that CNN can only solve some simple tasks, such as number recognition, but for more complex features (such as faces and objects), HarrCascade or REF feature extractors with SVM classifiers are more preferable methods.
In the 2012 ImageNet Large-scale Visual Recognition Challenge, Alex Krizhevsky proposed a CNN-based solution to meet this challenge, and greatly improved the top-5 accuracy of the ImageNet test device from 73.8% to 84.7%. Alex used two GTX 580 GPUs with a capacity of 3GB RAM, which opened up a precedent for GPU training. Similarly, using ReLU nonlinearity can also achieve the demand for reducing computing costs. Not only can it bring more parameters to the network, but it can also explore the over-fitting problem caused by a larger network by using the Dropout layer. Its local response normalization method has not gained much popularity since then, but it has inspired other important normalization techniques (such as BatchNorm) to solve the gradient saturation problem. In summary, AlexNet defines the de facto classification network framework for the next ten years: convolution, ReLu nonlinear activation, a combination of MaxPooling and Dense layer [4].
[bookmark: _Toc56713286]2.4.2 VGG and GoogLeNet
CNN is the future of computer vision. Among all the followers, the VGG network of Visual Geometry Group is the most eye-catching network. On the ImageNet tester, the accuracy of top-5 reaches 93.2%, and the accuracy of top-1 reaches 76.3%. As the network deepens, the gradient that disappears from the multilayer backpropagation becomes a bigger problem. To solve this problem, VGG also discussed the importance of pre-training and weight initialization. This problem restricts researchers to continue to add more layers, otherwise, the network will be difficult to merge [5].
VGG has a beautiful appearance and easy-to-understand structure, but its performance is not the best in the ImageNet 2014 competition. GoogLeNet (aka InceptionV1) won the final prize. Just like VGG, one of GoogLeNet's main contributions is to use a 22-layer structure to break through the limitations of network depth. This proves once again that further depth is indeed the right direction to improve accuracy. Unlike VGG, GoogLeNet tries to directly solve the calculation and gradient reduction problems, rather than propose a solution with better pre-training modes and weight initialization [6].
[bookmark: _Toc56713287]2.4.3 Batch Normalization
The initial network helped researchers achieve superhuman accuracy on the ImageNet dataset. However, as a statistical learning method, CNN is very limited by the statistical nature of a specific training data set. This approximation method is very troublesome and sometimes does not work at all for new network structures or new data sets, so deep learning models are still considered difficult to train. To solve this problem, the creators of GoogLeNet Sergey Ioffe and Chritian Szegedy decided to invent a smarter thing called Batch Normalization. The idea of batch normalization is: as long as the training is long enough, we can use a series of small batch statistics to approximate the statistics of the entire data set. In addition, instead of manually calculating statistics, we can introduce two more learnable parameters "zoom" and "shift", so that the network learns how to normalize each layer separately [7].
[bookmark: _Toc56713288]2.4.4 ResNet and Xcepption
As we discussed before for the VGG network, to become deeper, the biggest obstacle is the disappearance of the gradient, that is, when propagating backward through deeper layers, the derivative will become smaller and smaller, and finally reach the modern computer architecture. The point of representation is meaningful. ResNet uses the residual module to let the gradient flow through the network. ResNet adds an identification shortcut to the output, so each residual module cannot at least predict what the input is and will not get lost. More importantly, the residual module does not want each layer to directly fit the required feature mapping, but tries to understand the difference between the output and the input, which makes the task easier because of the required information gain Smaller. In addition to identity mapping, ResNet also borrowed bottleneck and Batch Normalization from the Inception network. The remaining methods have also become the default options for many other networks (such as Xception, Darknet, etc.) in the future [8].
Xception originated from the Inception network. In the Inception module, multiple branches of different transformations are aggregated to achieve topology sparsity. The author of Xception extended this idea to an extreme case, in which a 3×3 convolution file corresponds to an output channel before the final concatenation. In this case, these parallel convolution kernels actually form a new operation called depth-wise convolution. Xception went a step further and replaced almost all convolutions with this new type of convolution. The experimental results are very good. It surpasses ResNet and InceptionV3 and becomes a new SOTA image classification method. This also proves that the mapping of cross-channel correlation and spatial correlation in CNN can be completely decoupled. In addition, due to the same advantages as ResNet, Xception also has a simple and beautiful design, so its ideas are also used in many other subsequent studies, such as MobileNet, DeepLabV3, etc[9].
[bookmark: _Toc56713289]2.4.5 MobileNet, NASNet and EfficientNet
Similar to Xception, MobileNet uses the same deep separable convolution module as shown above, and focuses on high efficiency and fewer parameters. Another contribution of MobileNet is the width and resolution multiplier. The MobileNet team hopes to find a standardized way to reduce the model size of mobile devices, and the most intuitive way is to reduce the number of input and output channels and the resolution of the input image. In a resource-constrained environment, MobileNet has promoted the major development of image classification [10].
In order to find the best structure for a large data set like ImageNet, NASNet created a search space tailored to ImageNet. It hopes to design a special search space so that search results on CIFAR can also work normally on ImageNet. First, NASNet assumes that manual modules commonly used in good networks (such as ResNet and Xception) are still useful for searching. Therefore, NASNet no longer searches for random connections and operations, but searches for combinations of these modules, which have been proven to be useful on ImageNet. Second, the actual search is still performed on the CIFAR dataset with a resolution of 32×32, so NASNet only searches for modules that are not affected by the input size. In order to achieve the second point, NASNet predefined two types of module templates: reduce and Normal. Although NASNet has better metrics than manually designed networks, it also has some disadvantages. The cost of finding the best structure is so high that only big companies like Google and Facebook can afford it. Moreover, the final structure does not make much sense to humans, so it is difficult to maintain and improve in the production environment [11].
Following NASNet and mNASNet, researchers realized that even with the help of computers, changes in the architecture would not bring much benefit. Therefore, they began to fall back to expanding the scale of the network. EfficientNet is only based on this assumption. On the one hand, it uses the best building blocks of mNASNet to ensure a good foundation. On the other hand, it defines three parameters alpha, beta and rho to control the depth, width and resolution of the network respectively. In this way, even if there is no large GPU pool to search for the best structure, engineers can still rely on these principled parameters to adjust the network according to their different requirements [12].











[bookmark: _Toc56713290]2.5 The source of the data set
As machine learning applications become more and more extensive, machine learning data sets also have more and more resources. For different machine learning problems, it is difficult to provide specific data sets for research. Commonly used machine learning data sets include Kaggle data set, Amazon data set, UCI machine learning repository, Google's data set search engine and so on. This topic uses the Kaggle dataset and the Baidu image dataset crawled by Python.
[bookmark: _Toc56713291]2.5.1 Data from kaggle.com
Kaggle is a competition platform for data modeling and data analysis. Thanks to its powerful tools and abundant resources, it has become the world's largest data science community. Users can publish data on this platform and use the published data to participate in competitions to design the best model. It uses a crowdsourcing model to solve most of the problems of predictive modeling with multiple strategies, making data science a movement.
We can compare the data set into a small community, where users can not only create their own projects in the kernel, but also participate in the data discussion and public code query process. These data sets are massive and real. The "kernel" is not invisible in the data set, users can deal with it according to the kernel learning manual provided by the scientists.
In order to collect the required data set, you can enter keywords in the search bar to find the relevant data set. For this project, in order to extract the data needed for this topic, that is, to search for a data set of relevant cargo ship pictures in the data set of kaggle.com. Its website is https://www.kaggle.com/kunalgupta2616/boat-types-recognition, and the figure below shows the interface of the data queried.
[image: ]
[bookmark: _Hlk56334809]Figure 16 Webpage example of kaggle.com
[bookmark: _Toc56713292]2.5.2 Data from image.baidu.com
Baidu pictures are all kinds of pictures extracted from 800 million Chinese webpages by Baidu in response to user needs. Thus established the world's first Chinese picture library. Baidu Pictures has a large number of galleries from billions of Chinese web pages, including hundreds of millions of pictures, and it is constantly increasing. Enter the keywords you want to search in the image search box (for example: celebrities), and then click the Baidu search button to search for all relevant images. If you want to see more pictures, you can click on the page at the bottom of the page to view more search results (or directly click on the picture, an up or down arrow will appear at this time, click to scroll up or down).
The following figure shows the data information of the cargo ship from Baidu image search:
[image: ]
[bookmark: _Hlk56334816]Figure 17 Webpage example of image.baidu.com
Since there are few pictures of cargo ships in the kaggle.com data set, a python crawling image code was written to collect the image data set of cargo ships.
Finally, the two data sets from different sources are combined and filtered as the data set for this project.

[bookmark: _Toc56713293]2.6 Conclusion
In this part, literature research and review explain important historical research results in three aspects. The first is the value of research. Through the explanation of the important role of ships and ship locks, it can be seen that starting from ship locks is of great significance to ship image recognition. At the same time, it can also be seen that ship image recognition is very important for maritime economy and other aspects. Meaningful and valuable. Therefore, the project is worthy of further study and research. The second is an introduction to deep learning, which briefly explains the principles of forward and backward propagation from neurons to multilayer perceptrons and DNNs, as well as some basic knowledge of gradient algorithms and activation functions. At the same time, different deep learning frameworks (Keras, tensorflow, etc.) and their respective advantages and disadvantages are explained, and some pre-training networks built in Keras (VGG, Xception, etc.). The third is the application of deep learning in image recognition, the continuous improvement of the application of convolutional neural network in image recognition, including the continuous innovation of network architecture and the expansion of network scale to improve the accuracy of image recognition. In addition, the source of the data set is described in detail, combining data from kaggle.com and image.baidu.com. Then check all the data again to get the final data set.
Reading literature is helpful for experimental exploration and data processing, and lays a good foundation for the main purpose and objectives of the research. Finally, on the basis of the literature review, through the collected data set, build your own neural network, through the established model training data set, analyse the characteristics of the ship to determine whether the picture contains a ship, so as to achieve the purpose of controlling the state of the ship lock.


[bookmark: _Toc56713294]3 RESEARCH METHODOLOGY
[bookmark: _Toc462812563][bookmark: _Toc56713295]3.1 Research Overview
The research process has four stages, which provide an overall design for the research process, ideas, methods, and data collection.
[bookmark: _Toc462812564][bookmark: _Toc56713296]3.1.1 Research Process
Thesis research is a process. Although the research process can be explained in different ways, it generally includes six steps:
1. Topic selection and problem statement, clarifying the research problem:
Questions may come from different sources, from academic research questions; from government or public interest groups; and from enterprises or industrial groups. The nature of research on issues from different sources is often different. Academic research is often basic or disciplinary research; all or part of the problems from related disciplines, government or public interest groups are generally topical or countermeasure research; the problems from enterprises or industrial groups are mostly suitable for countermeasure research.
2. Literature review and comment:
Collect academic literature related to the topic selection, and review the important literature closely related to the research topic through careful reading.
3. Formation of the conceptual framework:
Refine the research problem theoretically and define important terms or concepts; then use the defined concepts to describe the research topic; finally apply the conceptual framework to develop theories and use these theories to explain the patterns and connections found in the research materials.
4. Determine methods and collect data:
According to the needs of research, collect relevant information and data, and find relevant links in the research through processing and analysis of the data.
5. Interpret the research results, form conclusions, and propose solutions:
Interpret the findings or results in the analysis and research, and draw the conclusions of the research from the practical explanation. Explanation means whether the research findings are adaptable or useful, and how reliable they are in implementing decisions. Explanation can further understand the significance of the research findings.
6. Write the paper:
Organize all research processes and related analysis results, explanations and conclusions into a paper as required.
[bookmark: _Toc462812565][bookmark: _Toc56713297]3.1.2 Research Philosophy
This topic belongs to countermeasure research, that is, to carry out countermeasure analysis and coping strategy research for the problems that arise. The traditional ship passing the lock requires manual real-time checking of the location of the ship, waiting for it to arrive at the lock, and checking whether it is a ship that meets the navigation conditions. This research is based on this problem to design a neural network model that automatically recognizes whether an image contains a ship. Based on a set of comparative data sets with and without ships, it is trained to find the neural network model with the highest recognition accuracy.
[bookmark: _Toc462812566][bookmark: _Toc56713298]3.1.3 Research Methodologies
The research methods used in this topic include the following:
1) Literature research method: In order to have a more comprehensive and detailed understanding of the history, background, current situation and prospects of the research topic, it is necessary to look up a large amount of literature based on the research content.
2) Research project analysis method: After collecting and analysing theories, analyse and design according to the overall system of existing research projects, and realize the combination of theory and practice, so that the theory is justified and the design is more reasonable.
3) Experimental method: The goal of this method is to clarify the causal connection between things, and the way it adopts is the main branch of change and control of the research object.
4) Comparative analysis method: This is to analyse the problems and achievements of economic activities to form a method based on comparing actual numbers and base numbers to determine the difference between the two numbers. This topic is to train and evaluate different neural network models designed, compare the accuracy and loss function values, and select the corresponding model structure according to the best results.
[bookmark: _Toc462812567][bookmark: _Toc56713299]3.1.4 Data Collection
The data is collected from the two websites of kaggle.com and image.baidu.com. Enter keywords such as ships and cargo ships in the search bar to obtain image information, which is used as the data of the control group. In collecting some landscape photos without ships as a data set for the experimental group, the neural network can identify different categories. Finally, after summarizing and filtering the collected pictures, a total of 2,000 pictures were collected (1,000 pictures in each category). The figure below is a summary of the data, the Figure 19 is a picture with ships, and the Figure 20 is a picture without ships.
[image: ]
[bookmark: _Hlk56334880]Figure 18 Data set containing ships
[image: ]
[bookmark: _Hlk56334889]Figure 19 Data set without ship pictures
[bookmark: _Toc56713300]3.1.5 Research Design
Through literature review, the purpose of this topic has been clarified, to design the best ship image recognition model. Therefore, we need to understand the specific process of ship passing the gate and reserve relevant knowledge necessary to achieve this goal to study and design this topic. In the early stage, through the literature review, I was familiar with the related concepts of deep learning, knew how the neural network works (forward and backward propagation of DNN), learned how to build my own neural network, and learned about the possibilities in the training process. The situations that will arise offer different solutions. This part uses the literature research method.
The overall framework is the input data set, and then establish the model (including the selection of the network model, the selection of the excitation function, the selection of the optimization function), and then train the data set on the established model structure, and make an analysis of the quality of the network model according to the results. Evaluation, and finally, select an optimal model, and on this basis solve problems such as over-fitting. This part uses the research project analysis method.
Based on the overall conceptual framework, the entire experiment is designed. In the design process, the experimental method was used to design the entire experiment, and the comparative analysis method was used to compare different models to determine the final design model structure.
[bookmark: _Toc56713301]3.2 Experiment Preparation
[bookmark: _Toc56713302]3.2.1 Hardware
Personal computer with Windows 10 operating system.
[bookmark: _Toc56713303]3.2.2 Software
1. Have python 2 or 3 environment and programming foundation
2. Install and configure Scipy library (including Numpy)
3. You have installed Keras and have a backend (Theano or TensorFlow)
[bookmark: _Toc56713304]3.3 Development Methodology
The general process of using Keras for neural network experiments includes the following 6 steps. Among them, preparing data, building a model and training a model are the three mandatory steps.
1. Prepare data
You can import toy datasets from Keras dataset, or import external datasets, and use data preprocessing tools such as images, texts, and sequences for data preprocessing. When the data scale is large, you need to use tools such as Sequence to build a data pipeline for parallel reading during the training process.
2. Build the model
You can use the following 3 ways to build a model: use Sequential to build a model in order of layers, use a functional API to build any structural model, and inherit the Model base class to build a custom model.
The model is composed of layers. There are many defined layers in Keras. The user can use the backend function to define the Lambda anonymous layer. In addition, the user can inherit the Layer layer base class to build a custom layer.
In addition, the user can also load the trained model in the application, fine-tune it or use part of its structure as a part of the model. The model itself can also be seen as a layer.
After building the model, you need to use the compile method to compile the model, specify the optimizer, objective function, evaluation index, and callback function.
You can use the summary method to view the structure of the model and the number of parameters. You can also use the plot_model method to visualize the structure of the model.
If you need to use tensorboard to visualize the model structure diagram and training process, you can call the tensorboard callback function.
3. Training the model
In general, you can use the fit method of the model to train the model. When the data set is large, you should use the memory-friendly fit_generator method to train the model. If you need a fine-grained custom training process, you can use train_on_batch to train the model batch by batch.
If you need to use the GPU to train the model, you need to install CUDA and cuDNN to support the corresponding calculations, and install the tensorflow-gpu version, you can seamlessly switch to GPU operation.
If you need to use multiple GPUs to train a model, you can use Keras.utils.multi_gpu_model to create a model that supports multiple GPU training at the same time.
4. Evaluation model
Under normal circumstances, specifying the validation set when training the model can output the loss and evaluation indicators of the model in the training set and validation set during the training process. Then you can use matplotlib to visualize the results, or you can use the callback function to visualize in tensorboard. If you need to customize the evaluation indicators, you can use the backend interface to write.
After the model training is completed, you can use the evaluate method to evaluate the model. When the data set is large, use the memory-friendly evaluate_generator method to evaluate the model. If you need fine-grained evaluation, you can use test_on_batch to evaluate the model on a batch.
5. Use model
Generally, the predict method of the model is used for prediction, and when the data set is large, the predict_generator method is used for prediction.
6. Save the model
Keras can use the save method of the model to save the structure and weight of the model to the .h5 file, or use the save_weight method to save only the weight of the model to the .h5 file, or use the to_json or to_yaml method to save only the structure of the model to a json or yaml file. 

















[bookmark: _Toc56713305]4 DESIGN AND IMPLEMENTATION
[bookmark: _Toc56713306]4.1 Selection of deep learning framework and introduction of libraries
[bookmark: _Toc56713307]4.1.1 Selection of Deep Learning Framework
Compared with other deep learning frameworks such as Tensorflow, Keras is an API designed based on humans. Its goal is to reduce cognitive difficulties in best practices. This API is simple and easy to understand. The number of user operations required for some use cases is reduced to a relatively low level, so users do not worry about mistakes, because Keras will give sharp and easy to operate user feedback, these advantages make it easier for users to learn and use Keras. As a Keras user, you will be more efficient and be able to try more ideas faster than competitors, thus winning the initiative in various competitions.
Second, although Keras is easy to use, it does not lose its flexibility.Because Keras is integrated with the underlying deep learning language, it can implement anything you can write and implement in a basic language.
Therefore, this topic uses the Keras deep learning framework.
[bookmark: _Toc56713308]4.1.2 Introduction to the library
This topic is based on writing programs in Jupyter notebook of Anaconda. At the beginning, you need to import the library to be used, so first introduce the basic library and briefly explain its role:
1. Numpy: Using Python can support many large multi-dimensional arrays and matrices, these arrays can also be operated by advanced mathematical functions
2. Pandas: A Python library for data manipulation and analysis, providing data structure and operation functions for processing digital charts and time series data.
3. Matplotlib: A commonly used plotting library in Python that can generate high-quality graphics in a cross-platform interactive environment. Later, a more advanced drawing library Seaborn was derived from it.
4. Os: The function of the standard library os library in Python is to call a large number of functions. Common path operations, process management, and environmental parameters are more detailed classifications.
5. Shutil: The utility module contains some functions for copying files and folders. One of its functions is to copy, move, and rename, and the other is to compress and decompress files
6. scipy: perform numerical calculations, such as: integral, Fourier transform, calculus
7. statsmodels: for statistical analysis
8. Gensim: for text mining
9. sklearn: machine learning,
10. Keras: deep learning
In general, if you want to understand and process the data at hand, use Pandas; if you want to perform some complex calculations, use Numpy and SciPy; if you want to visualize the data, use Matplotlib.
[bookmark: _Toc56713309]4.2 Design and implementation
Next, this article will practically apply the development methodology in Chapter 3 to the project. And use the detailed code in this research to explain the design of DNN.
To make it run faster, this article compiles the code at kaggle.com because it has free (30 hours a week) GPU computing resources for everyone to use. In training your own neural network, the speed can be further improved.
[bookmark: _Toc56713310]4.3.1 Import libraries and datasets
First, import the required libraries, such as keras, numpy, os, shutil, and import the layers library into Keras. as the picture shows:
[image: ]
[bookmark: _Hlk56334911]Figure 20 Code to import the library
Upload the data set to the data set of kaggle, and then load it. And use the listdir() method of the os library to view.
[image: ]
[bookmark: _Hlk56334919]Figure 21 Code to view datasets
[bookmark: _Toc56713311]4.3.2 Division on data set
In order to verify the neural network model I created, I divided the entire data set into a training set and a test set. Compare the output of the test set and the training set to judge the quality of the model.
First, create different folders to store different data sets. In the first step, we name the parent directory "ships_noships", and then reference os.path.join() to create the name of the subdirectory under the parent directory, which is divided into two folders, "train_dir" and "test_dir". In these two files, a folder containing cargo ships and a folder not containing cargo ships are created separately, such as "train_dir _ship" and "train_dir _noships" under the file name "train_dir" representing the training set. The second step is to use os.mkdir() to create all the files named in the first step
[image: ]
[bookmark: _Hlk56334929]Figure 22 Code to create folder
Then divide the entire data set into two parts, that is, the training data set is transferred to the corresponding folder at a ratio of 2:1 to the test set. In the first step, we use a for loop to pass the data set required by a file into a newly created fnames list. For example, we are transmitting the ship data of the training set, that is, taking the first 666 ship images in the source data. The second step is to use the for loop again to pass the elements in the fnames just created, and use shutil.copyfile() to copy the required data in the source data to the corresponding folder. The following is the transmission of "train_dir_ship" and "train_dir_noships" in the intercepted training set file
[image: ]
[bookmark: _Hlk56334938]Figure 23 Code to divide the data set
[bookmark: _Toc56713312]4.3.3 Image reading and preprocessing
On the basis of the divided data set, the pictures will be read, decoded, preprocessed, and normalized.
The image coding process means that the color picture has three channels of RGB, so it can be regarded as a three-dimensional matrix. Each number in the matrix represents the brightness of different positions and different colors on the image. However, for the storage of pictures, this matrix is ​​not stored directly, but stored after encoding the pictures.
Preprocessing is to perform some processing on the training images in advance, the reason is to reduce the influence of other irrelevant factors on the final recognition result. For example, the effect of a picture under different brightness or contrast indicators may be very different, but for us, these should not affect the final recognition result, so this is the thing that the preprocessing wants to solve the most. The preprocessing method can also make the data set more diversified and randomized, which can make the model more robust
Generally, the data set is not tidy, if you prepare the data set yourself, you may still get it through the crawler. Therefore, in general, the size of the picture is different, but the number of input nodes of the neural network is fixed, so in the picture preprocessing stage, the operation of uniform size of the picture should be required. Therefore, normalization is adopted to ensure that the data in all dimensions are within a range of change. Usually we have two methods to achieve normalization. One is that after the data are all averaged, the data in each dimension is divided by the standard deviation of the data in this dimension (X /= np.std(X, axis = 0)). Another way is to divide by the maximum absolute value of the data, as in the example above, to ensure that all data are normalized between -1 and 1.
[image: ]
[bookmark: _Hlk56334950]Figure 24 Code to import ImageDateGenerator
The image generator in the Keras.preprocessing.image module is referred to as ImageDataGenerator() in the figure, and each batch_size sample data is written in the model. On the other hand, the batch_size sample data in each batch is enhanced , Making the data set larger, the generalization ability of the model including rotation, deformation, normalization, etc. can be enhanced.
Therefore, there are two options in processing data:
The first solution is to only normalize the data set, divide by the maximum number 255, and ensure that all the data are normalized between -1 and 1, as shown in the following figure:
[image: ]
[bookmark: _Hlk56334959]Figure 25 Code to import normalized
The second solution is to enhance the sample data set. It is equivalent to changing the image information, such as rotating, shifting, adjusting the brightness and contrast of the picture, and generating a new picture on the original picture, which has the effect of increasing the data set.
There are many ways of data enhancement, some representative ones are introduced below:
1. Rotation/reflection: randomly rotate the image to change the angle of its image content
2. Flip: flip the image horizontally or vertically
3. zoom: scale the image size with a certain ratio
4. shift: Make the picture move parallel on a plane; you can use a random or artificially defined method to specify the translation range and step length, and translate in the horizontal or vertical direction, so as to make changes to the location of the image content;
5. scale: Image scaling should follow the rules of the specified scale factor; you can also use the Scale-invariant feature in the process of extracting ideas, and the image filtering construction scale space also follows the rules of the specified scale factor in order to adjust the appropriate image size and definition.
6. and so on.
The code for enhancing the data information of the data set and its parameter setting is as shown in the figure below, but you need to pay attention to the test data set is not enhanced.
[image: ]
[bookmark: _Hlk56334968]Figure 26 Code to enhanced data
Set the generator for training and testing, and then use it for the transfer function in the fit_generator function. It will show that the data set is divided into two categories. The code is as follows:
[image: ]
[bookmark: _Hlk56334978]Figure 27 Code to set up the generator
flow_from_directory() refers to what iterator is generated from. The first parameter is the directory where the data is located, and this directory contains multiple independent subfolders. Each folder contains the same type of data. These Separate subfolders will automatically be regarded as different categories, which saves the process of labeling.
The binary in class_mode refers to two classification problems, and it also has the following tags: categorical refers to one-hot multiple classification, sparse refers to integer multiple classification, and input is used for self-encoding.
[bookmark: _Toc56713313]4.3.4 Model building and viewing
Keras is divided into two different modeling methods：
1. Sequential models: This method is used to implement some simple models. You only need to add layers to some existing models.
2. Functional API: Keras's API is very powerful. You can use these APIs to construct more complex models, such as multi-output models, directed acyclic graphs, and so on.
This topic uses sequential models to construct sequence models.
[image: ]
[bookmark: _Hlk55937728]Figure 28 Code for the type of model created
We introduce the input layer, hidden layer and output layer. In order to prevent overfitting, we apply dropout, the usage of dropout should be between 20% and 50%. Use "dense layers" to connect units closely at each layer. The relu function is often used in the hidden layer, and the function shows very good results in the actual operation. When it comes to the output layer, a sigmoid function based on the value between 0 and 1 is used more.
[image: ]
[bookmark: _Hlk56335006]Figure 29 Model building code
First, two convolutional layers are used for processing. Note that the input_shape parameters need to be explained at the beginning. Then use a pooling layer, and finally use a layer of Dropout to suppress the overfitting problem. At the end, add the Flatten layer to flatten the three-dimensional into one-dimensional. Since this subject belongs to a two-category study, the activation function of the final fully connected layer is the "sigmoid" function. The following is a basic introduction to the layers used:
1. Conv2D belongs to the convolutional layer and is used for feature extraction.
[image: ]
[bookmark: _Hlk56335019]Figure 30 Schematic of the convolutional layer[35]
As shown in the figure above, the input image is 32*32*3, 3 is its depth (ie R, G, B), and the convolutional layer is a 5*5*3 filter (receptive field). Note here: receptive field The depth of must be the same as the depth of the input image. Through the convolution of a filter and the input image, a 28*28*1 feature map can be obtained. The above figure uses two filters to obtain two feature maps[50].
2. MaxPooling2D represents the maximum pooling layer, which belongs to the pooling layer.
Pooling: The process of undersampling or downsampling is called pooling. Its functions include feature dimensionality reduction, compression of the number of data and parameters, and can also make the model more fault-tolerant and reduce overfitting. There are: Max Pooling includes a defined spatial field, we take out the largest element (in the modified feature map in the window), The maximum pooling is proved to be better;Average Pooling: you can averagely define a spatial area such as a 2*2 window, observe the corrected feature map inside the window, and then calculate the average[50].
[image: ]
[bookmark: _Hlk56335033]Figure 31 The calculation principle of the maximum pooling layer
One thing we should pay attention to is that pooling is executed separately at different depths, that is, if depth=5, pooling is performed 5 times to generate 5 pooled matrices, and pooling does not require parameter control. The pooling operation is applied to each feature map separately, and we can get 5 output maps from 5 input maps[35].
[image: ]
[bookmark: _Hlk56335042]Figure 32 Effect picture of pooling layer processing[50]
Through the pooling layer, the original 4*4 feature map is compressed into 2*2, thereby reducing the feature dimension.
3. The fully connected layer contains a Dropout layer that prevents overfitting and improves the generalization ability of the model.
When designing the network, each layer of neurons is set to represent a learned intermediate feature (that is, a combination of several weights), and all neurons in the network work together to represent specific attributes of the input data (such as image classification, representation category). When the amount of data is too small relative to the complexity of the network (that is, the expression ability and fitting ability of the network), overfitting occurs. Obviously, there are many overlaps and redundancy among the features represented by each neuron.
Regarding dropout, reducing the number of intermediate features is a more direct effect, which can reduce the redundancy process, in other words, the orthogonality between the features of each layer is increased.
4. The transition from the convolutional layer to the fully connected layer is embodied in the "reduction" of the input in the Flatten layer, that is, multi-dimensional dimensionality reduction. Flatten does not affect the batch size[35].
5. Dense is a commonly used fully connected layer.
The neuron connections between layers constitute a fully connected layer. The convolutional neural network corresponds to a local area in the input data, and each parameter is common to each depth slice of the output neuron.
After the model is built, use model.summary() to view the structure of the model:
[image: ]
[bookmark: _Hlk56335053]Figure 33 General summary of model structure
It is obvious that a feature we have obtained is (height, width, channels) 3D tensor that exists in the output of the Conv2D layer and the MaxPooling2D layer. The two dimensions of width and height usually become smaller as the network deepens. The number of channels is controlled by the first parameter passed into the Conv2D layer (64). The final output tensor [size (21, 21, 64)] is input to a densely connected classifier network, which is a stack of Dense layers. After the flatten classifier, the 3D output is flattened to 1D, and then several Dense layers are added on it.
[bookmark: _Toc56713314]4.3.5 Compile the model
Define the model, then you can compile it. Compile and use an efficient math library, encapsulating Theano or TensorFlow (called backend). The backend includes CPU, GPU or distributed in the user's hardware which can automatically fit the training and prediction process of its neural network.
When compiling, we need to define additional parameters needed to train the network. Remember, training the network means finding the optimal set of weights to predict.
We need to define the loss function of the evaluation weight set, which is used to find the optimizer with different weights and the optional indicators we hope to present during the training process.
1. Generally speaking, the smaller the value of cross entropy, the closer the two probability distributions. We call the distance between the actual output (probability) and the expected output (probability) the Keras cross entropy loss function. Make the following definitions p—expected output, q—actual output, H(p,q)—cross entropy, then

In Keras, binary_crossentropy is used to calculate the binary crossentropy.
For multi-classification problems, categorical_crossentropy and sparse_categorical_crossentropy are used to calculate softmax cross-entropy.
2. Regarding the choice of the optimizer, the optimizer is one of the two parameters required to compile the Keras model. You can instantiate an optimizer object and then pass it to model.compile(), or you can pass the name To call the optimizer. In the latter case, the optimizer's default parameters will be used. There are the following optimizers in Keras:
a) sgd: Stochastic gradient descent optimizer.
b) RMSprop: This optimizer is usually a good choice for training RNNs.
c) Adagrad: Adagrad is an optimizer with a specific parameter learning rate, which makes adaptive adjustments according to the update frequency of the parameters during training. The more updates the parameter receives, the smaller the update.
d) Adadeltaz: Adadelta is a more robust extended version of Adagrad
e) Adam: essentially a combination of RMSProp and momentum
f) Nadam: Nadam is the Adam optimizer using Nesterov momentum version.
[image: ]
[bookmark: _Hlk56335063]Figure 34 The compiled code of the model
This article adopts the Adam optimizer, and the learning rate is set to 0.0001. Since this research belongs to two categories, the loss is "binary_crossentropy". Metrics actually play the role of a measurement table, that is, the measurement loss or the change of model accuracy, which is designed as "accuracy".
[bookmark: _Toc56713315]4.3.6 Training model
After the model has been defined and compiled, you can train and fit the model on the loaded data through the fit() function. Due to the large amount of data, model.fit_generator() is used for training. The fit_generator() function requires the following parameters: training data set, training times epochs, incoming data steps_per_epoch at each step, and validation data and validation_steps incoming data at each step of validation data. So we pass in train_generator as the first parameter and set test_generator as the verification data. Divide the number of training sets and test sets by batch_size, set steps_per_epoch to 67, and set validation_steps to 34. The code is as follows:
[image: ]
[bookmark: _Hlk56335072]Figure 35 Code to train the model
[image: ]
[bookmark: _Hlk56335079]Figure 36 Process diagram of training model














[bookmark: _Toc56713316]5	DESIGN IMPROVEMENTS
The last chapter described the whole process of basic Keras-based model building. In addition to directly combining the convolutional layer, pooling layer, and fully connected layer to build a model, you can also use a pre-trained network.
[bookmark: _Toc56713317]5.1 Pre-trained network
A well-trained and saved network on a large data set is called a pre-trained network. The features learned by the pre-trained network can exist in the visual world as a general model under the premise that the spatial hierarchical structure of this original data set is large and easy to use. This time we are using VGG16 model and Xception model.
[image: ]
[bookmark: _Hlk56335088]Figure 37 Code to load the VGG16 model
In VGG16, the code is as shown above. Use keras.applications.VGG16() to call the built-in VGG16 of keras and design the parameters. For example, the weights parameter in this design is set to "imagenet", which means the pre-trained weights loaded on imagenet. include_top refers to whether to include the top-level fully connected layer. Set to False, which means that this network can only perform feature extraction, and cannot perform new training or fine-tune on the weights that have been assigned.
In Xception, use keras.applications.xception.Xception() to call the built-in Xception of keras. The first two parameters are the same as the settings of VGG16, input_shape is an optional parameter, that is, the input size tuple. Pooling refers to the selected pooling. In this study, it is set to ‘avg’, which represents global average pooling, and the output is a 2D tensor. The code is as follows:
[image: ]
[bookmark: _Hlk56335095]Figure 38 Code to load the Xception model
You can view their model structure according to model.summary().Then, when building the model with Keras.Sequential(), use the add() method to call the pre-trained network.
[image: ]
[bookmark: _Hlk56335105]Figure 39 Code to add pre-trained network to join the model
But because the parameters of the pre-training network are already trained, you need to pay attention to setting its training parameters to False, the code is as follows:
[image: ]
[bookmark: _Hlk56002312]Figure 40 Code to set training parameter
As a result, the number of training parameters before(Figure 42) and after the comparison setting(Figure 43) has changed from 14977857 to 263169.
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[bookmark: _Hlk56335130][bookmark: _Hlk56335141]Figure 41 Training parameters before setting          Figure 42 Training parameters after setting
[bookmark: _Toc56713318]5.2 Feature extraction of pre-trained network
Although the neural network model built in combination with the pre-trained network has achieved great improvement, it can be found that model.add(conv_base) needs to load the weight every time, and we can define a function to extract and save it, saving time. In this experiment, first create features and labels two parameters, and use np.zeros() to set an array filled with 0. Then use the for loop to assign a batch to the incoming data. Finally, when all the data is assigned, use break to exit the loop and return to the assigned parameters. The code is as follows:
[image: ]
[bookmark: _Hlk56335154]Figure 43 Code to extract feature
[bookmark: _Toc56713319]5.3 Fine-tuning the pre-trained network
When referencing the training network, the model can be further fine-tuned. Fine tuning refers to freezing the convolutional layer at the bottom of the model library (used to extract common features), and jointly training the newly added classifier layer and the top partial convolutional layer (forming an abstract image). The steps of fine-tuning are 1. Add a custom layer on the pre-trained convolution base, 2. Freeze all layers of the convolution base, 3. Train the added classification layer, 4. Unfreeze a part of the convolution base, 5. Unfreeze the joint training The convolutional layer and the added custom layer.
First, we set the parameters of the loaded pre-training model to be trainable, that is, set the trainable parameter of the previously introduced pre-training network covn_base to True. Then adjust the last three layers, that is, design a fine_tune_at parameter to -3, and use the for loop to set the training parameter layer.trainable from the first layer of covn_base to the third-to-last layer to False, the code is as follows:
[image: ]
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[bookmark: _Hlk56335164]Figure 44 Code to fine-tuning




















[bookmark: _Toc56713320][bookmark: _Hlk56006170]6	DATA ANALYSIS
Since this experiment belongs to two categories of judgments on the ships in the picture, it is necessary to have a judgment basis for the results after training. At this time, an evaluation function is needed to evaluate the performance of the current training model. It is entered by referring to the parameters in model.compile() of model compilation. The built-in evaluation function in Keras contains the accuracy function used to solve the binary classification problem, so it can be called directly, that is, metrcis=['accuracy']. It can directly calculate the accuracy of its training. In this chapter, we will get it from different models The loss function and accuracy rate function that are outputted are used for data analysis.
[bookmark: _Toc56713321]6.1 Comparison of the effect of enhancing the information of the data set
In the picture preprocessing part of Chapter 5, you can choose whether to enhance the data information of the training set, such as angle change, brightness adjustment and so on.
In order to feel the effect more intuitively, the imported matplotlib.pyplot is used to draw pictures of the loss function and accuracy function of the training set and test set.
In order to be more intuitive, we put the loss function of the training set and the test set in one figure, and the accuracy function in another figure. The code is as follows:
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[bookmark: _Hlk56335199]Figure 45 Code to draw loss function image
[image: ]
[bookmark: _Hlk56335207]Figure 46 Code for drawing the accuracy function image
The effect diagram of the unenhanced and increased training data set information is as follows:
[image: ][image: ]
[bookmark: _Hlk56335216]Figure 47 Figure with unenhanced data information

[image: ]  [image: ]
[bookmark: _Hlk56335226]Figure 48 Figure with enhanced data information
From the picture, we can see that the model without enhanced data information has obvious overfitting, that is, the effect of the training set is far better than the effect of the test set. After adding the training data set, although there is no obvious improvement, it can be seen from the figure that the accuracy of the training data set has dropped, which has a certain effect of inhibiting overfitting.
[bookmark: _Toc56713322]6.2 Comparison of the effects of different models
Keras itself contains a series of pre-training models, this time the VGG16 and Xception pre-training networks are used. 
The graph of the loss function and accuracy of VGG16 is as follows:
[image: ] [image: ]
[bookmark: _Hlk56335441]Figure 49 Figure after pre-training network vgg16
[image: ][image: ]
[bookmark: _Hlk56335450]Figure 50 Figure after pre-training network Xception
Analyzing the loss function and accuracy function of these two pre-trained networks, it is impossible to directly determine which model is better. So continue to fine-tune these two models to reduce the error rate.
[bookmark: _Toc56713323]6.3 Comparison of the effects of each operation of VGG16
The feature extraction of the function of VGG16 has been significantly improved. The loss and accuracy functions are as follows:
[image: ][image: ]
[bookmark: _Hlk56335460]Figure 51 Effect picture after VGG feature extraction
After fine-tuning it, the loss function and accuracy function have slight changes:
[image: ][image: ]
[bookmark: _Hlk56335468]Figure 52 Effect picture after VGG16 fine-tuning
The figure obtained after fine-tuning Xception is as follows:
[image: ][image: ]
[bookmark: _Hlk56335535]Figure 53 Effect picture after Xception fine-tuning

From the loss and accuracy function graphs derived from the above different models, it can be seen that the VGG16 model and its pre-training network have the best feature extraction effect.
Because it still has an overfitting situation, its model is enhanced in the training data set in ImageDataGenerator. The final renderings are as follows:
[image: ][image: ] 
Figure 54 VGG feature extraction+enhanced data information

[bookmark: _Toc56713324][bookmark: _Hlk56440649]7	RESULTS AND DISCUSSION
I made a table of the loss function and accuracy function data of the training set and test set obtained from all the experimental neural network models for a unified comparison.
Table 1 Data comparison chart
	
	Enhanced data information
	train
	test

	
	
	loss
	acc
	loss
	acc

	Base model
	0
	0.067
	0.977
	1.104
	0.749

	
	1
	0.281
	0.890
	0.702
	0.728

	VGG16
	0
	0.032
	0.989
	0.599
	0.863

	
	1
	0.230
	0.917
	0.386
	0.860

	VGG16
+extract_features
	0
	1.744
	1.0
	0.078
	0.991

	
	1
	0.002
	1.0
	0.011
	0.993

	VGG16
+fine_tuning
	0
	0.042
	0.984
	0.783
	0.820

	
	1
	0.179
	0.935
	0.580
	0.809

	Xception
	0
	0.023
	1.0
	0.598
	0.906

	
	1
	0.051
	0.980
	0.305
	0.917

	Xception
+ fine_tuning
	0
	0.002
	1.0
	0.467
	0.899

	
	1
	0.051
	0.978
	0.312
	0.901


we analysed the data of different neural network models established, and compared the final loss and accuracy function graphs. It can be concluded that the scheme with the highest recognition rate and the lowest error rate is based on the feature extraction of VGG16. The training data set accuracy rate is as high as 100%, and the test set data also tends to 99%. At the same time, we can also directly view the final loss function and accuracy rate according to model.evaluate(). Finally, we use model.save() to save the entire model, including saving the structure and weights of the model, training configuration items (loss function, optimizer) and optimizer state, allowing to continue training accurately from where it ended last time.
[bookmark: _Toc56713325]8	CONCLUSIONS AND RECOMMENDATIONS
[bookmark: _Toc56713326]8.1	Summary
At the beginning of the report, on the basis of the problems arising from the current status of maritime transportation, the purpose and objectives of the research were clarified, and the topic of ship identification based on deep learning was proposed. Then, the value of ships and ship locks jointly explained the research value of this project. At the same time, the past research and literature on this area were consulted to understand the basic knowledge of deep learning related to this topic. At the same time, it also explained the source of the data set to carry out the experiment. Before designing the experiment, I explained the overview, process, concepts, methods, data collection, research design, and more questions related to the experiment, such as hardware and software requirements, details, and development methods.
The key to this topic lies in the two chapters of experimental design and implementation and design improvement. One is to introduce how we build a neural network model for this topic to achieve the research requirements and specific steps to achieve the goal, such as data set reading and model building , Training model, etc. Combined with the code, each module of this project is explained, and some basic knowledge explanations are also inserted, such as the selection of optimizer functions. The second is to improve the basic model, introduce the concept of pre-training network, and add it to the model. This research is to apply VGG16 and Xception pre-training network to this topic, and then perform feature extraction and fine-tuning operations to further improve the accuracy and error rate. Finally, compare different models, select the best model structure, and save it as the final experimental plan to achieve the purpose of ship image recognition.
[bookmark: _Toc56713327]8.2	Conclusion
In the literature review part, it is divided into three parts: image recognition, deep learning, and the application of deep learning in image recognition as the preliminary preparation for this topic. At the same time, it also explained the value and significance of this topic worth studying. Explaining the basic knowledge that this subject needs to understand, such as multilayer perceptron, gradient descent algorithm, activation function, pre-training network, etc., are all essential knowledge points to complete this project.
In the part of research methodology, analysis is made from the four aspects of research process, philosophy, methods and data collection, explaining what kind of research this research belongs to and which research methods are used. In addition, the preliminary preparations for software and hardware are explained.
In the design and implementation part, Keras is selected to compare different deep learning frameworks, and how to build the model is explained in detail, the steps of each module are explained in detail using the code, and the selection of activation function and optimizer is explained. The reason is that the first model framework was established. At the same time, in order to suppress the over-fitting problem, the enhanced data information of the enhanced training data set is provided to solve this problem, but the specific situation requires experimental comparison.
In the design improvement part, adding a pre-training network to this design, compared with the neural network model designed by myself, has been greatly improved, which illustrates the importance of the pre-training network. In this experiment, VGG16 and Xception were introduced into this research respectively, and the models were trained to compare the effects of the two. In order to continue to improve the accuracy and reduce the error rate, the feature data of the two are extracted and fine-tuned, and finally the loss function and the accuracy function are compared to determine the final neural network model.
In the part of data analysis and conclusion, the models established above are compared and compared, and the optimal neural network model is selected and applied to ship image recognition.

[bookmark: _Toc56713328]8.3	Recommendations for Further Research
Although in the final scheme selected in this study, the loss value of the training set is close to 0.002, the accuracy value is close to 1.0, the loss value of the test set is close to 0.11, and the accuracy value is close to 0.993. However, this research can continue to improve:
1. First, by observing the image, it can be seen that the neural network still has a small degree of overfitting, which can be further improved. 
2. Second, the loss function and accuracy function images have relatively large amplitude fluctuations, and different methods can be tried to overcome them. 
3. Third, this research compares the Xception pre-training network, using a neural network model combined with the VGG16 pre-training network, and can also combine different pre-training network models, such as ResNet50, Inception V3, etc., and apply it to the actual situation of ship image recognition.
4. Fourth, you can customize its accuracy or its function to further re-identify ship pictures
5. Fifth, this research is based on the ship recognition in the image, it is impossible to recognize the ship online in the video, and it can be further explored.








[bookmark: _Toc56713329]9	REFLECTION
After several months of study and work, the research and experiment on this subject have finally been completed. In the process of creating my thesis, I have gained a lot. From setting the topic to consulting the literature, to achieving the research goals, and finally completing the article, every step here is sweat and effort, trial and effort. During this process, I benefited a lot and also received a lot of insights. Under the guidance of Professor Gordon Dickers, I started to check the relevant materials and books recommended by the teacher from the state of not knowing enough about deep learning, so that the vague probability gradually became clear, and the success of each experiment would give me a sense of accomplishment.
At the beginning, the theme I decided was too broad, and I needed to choose a small goal to achieve it. And I chose the ship image recognition that I was most interested in for research, and started to learn deep learning according to the advice given by the teacher and the recommended books and materials. I also searched a series of learning materials on the Internet, understood the principles of deep learning, and needed to understand how to achieve the purpose of this experiment. Then, based on the learning video, I took the cat and dog data set as an example to conduct the simulation training of this research.
Among the many questions about the data set is the first problem I encountered in the process of designing the experiment. Most of them do not share data or can directly find the data set they need. But in the end, a small part of the data set that fits this project was found on kaggle.com, and the PYTHON code was used to crawl the pictures in image.baidu.com. The second is the selection of comparative data sets. Because this experiment is to determine whether the picture contains ships, it is a two-classification problem. It is necessary to select a comparison data set corresponding to the ship. At the beginning, I crawled pictures of people, various objects, landscapes, etc. as the comparison data set. The accuracy rate cannot be improved regardless of the model structure used, and the error rate is also Keep rising. Finally, consider that the reason for this situation may be that the comparison data set is too diversified, which causes the machine to be unable to find the law, so that it is impossible to distinguish whether the image contains a ship. Therefore, I replaced the comparative data set with a landscape map without a ship, and then experimented. Then import the ship and the data set without ships to the neural network model, which has been greatly improved, indicating that I have successfully solved the above problems.
Finally, through this experiment, I learned the relevant knowledge of deep learning, and at the same time, I also had a deep understanding of this type of image recognition problem, and successfully completed this experiment.
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import requests
import urllib.request
import os
import json
kv = {"User-Agent": "Mozilla/5.0 (Windows NT 10.0; WOW64; rv:44.0) Gecko/20100101 Firefox/44.0"}
def getManyPages(keyword, pages):
    params = []
    for i in range(30, 30 * pages + 30, 30):
        params.append({
            'tn': 'resultjson_com',
            'ipn': 'rj',
            'ct': 201326592,
            'is': '',
            'fp': 'result',
            'queryWord': keyword,
            'cl': 2,
            'lm': -1,
            'ie': 'utf-8',
            'oe': 'utf-8',
            'adpicid': '',
            'st': -1,
            'z': '',
            'ic': 0,
            'word': keyword,
            's': '',
            'se': '',
            'tab': '',
            'width': '',
            'height': '',
            'face': 0,
            'istype': 2,
            'qc': '',
            'nc': 1,
            'fr': '',
            'pn': i,
            'rn': 30,
            'gsm': '1e',
            '1488942260214': ''
        })
    url = 'https://image.baidu.com/search/index'
    urls = []
    for i in params:
        try:
            urls.append(requests.get(url, params=i,headers=kv,allow_redirects=False).json().get('data'))
        except json.decoder.JSONDecodeError:
            print("ERROR")
    return urls
def getImg(dataList, localPath):
    if not os.path.exists(localPath):  
        os.mkdir(localPath)
    x = 0
    for list in dataList:
        for i in list:
            if i.get('thumbURL') != None:
                print('loading：%s' % i.get('thumbURL'))

                urllib.request.urlretrieve(i.get('thumbURL'), localPath+'%d.jpg'%x)
                x += 1
            else:
                print(' Picture link does not exist ')
if __name__ == '__main__':
    dataList = getManyPages('海平面风景', 50)    
    getImg(dataList, 'F:/ship_datasets/noships/')
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import keras

from keras import layers
import numpy as np
import os

import shutil
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base_dir="./ship_noships'

train_dir=os.path.join(base_dir, 'train')
train_dir_ship=os.path.join(train_dir, 'ship')
train_dir_noships=os.path.join(train_dir, 'noships')

test_dir=os.path.join(base_dir, 'test')
test_dir_ship=os.path.join(test_dir, 'ship')
test_dir_noships=os.path.join(test_dir, 'noships’)

os.mkdir (base_dir)
os.mkdir(train_dir)
os.mkdir(train_dir_ship)
os.mkdir(train_dir_noships)
os.mkdir(test_dir)
os.mkdir(test_dir_ship)
os.mkdir(test_dir_noships)
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fnames=['ship{}.jpg' .format(i) for i in range(1,666)]#for i in range(@,1866)
for fname in fnames:
s=os.path.join("'../input/shipdataset1/ship_datasets/ships', fname)
d=os.path.join(train_dir_ship, fname)
shutil.copyfile(s,d)

fnames=["'a{}.jpg' .format(i) for i in range(1,666)]#for i in range(0,1868)
for fname in fnames:
s=os.path.join("'../input/shipdataset1/ship_datasets/noships', fname)
d=os.path.join(train_dir_noships, fname)
shutil.copyfile(s,d)
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from keras.preprocessing.image import ImageDataGenerator
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train_datagen=ImageDataGenerator(rescale=1/255)
test_datagen=ImageDataGenerator (rescale=1/255)
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train_datagen=ImageDataGenerator(rescale=1/255,
rotation_range=48,
width_shift_range=0.2,
height_shift_range=8.2,
brightness_range=(8.6,1),
shear_range=0.2,
zoom_range=0.2,

horizontal_flip=True,
vertical_flip=True)
test_datagen=ImageDataGenerator (rescale=1/255)
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train_generator=train_datagen.flow_from_directory(train_dir,
target_size=(200,200),
batch_size=20,
class_mode=
)

Found 1330 images belonging to 2 classes.
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model=keras.Sequential()




image28.png
model
model
model
model

model
model
model
model

model
model
model
model

model
model
model
model

.add(layers
.add(layers
.add(layers.
.add(layers.

.add(layers
.add(layers
.add(layers.
.add(layers.

.add(layers
.add(layers
.add(layers.
.add(layers.

.add(layers.
.add(layers.
.add(layers.
.add(layers.

.Conv2D(64, (3,3),activatiol
.Conv2D(64, (3,3),activation="relu'))
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‘relu’,input_shape=(200,200,3)))

MaxPooling2D())
Dropout(0.25))

.Conv2D(64, (3,3),activation="relu'))
.Conv2D(64, (3,3),activation="relu'))

MaxPooling2D())
Dropout(0.25))

MaxPooling2D())
Dropout(0.25))

Flatten())
Dense(256,activation="relu'))
Dropout(0.5))
Dense(1,activation="sigmoid"'))
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Model: "sequential 1*

Layer (type) Output Shape Paran #
conv2d_6 (Conv2D) (None, 198, 198, 64) 1792
conv2d_7 (Conv2D) (None, 196, 196, 64) 36928
max_pooling2d_3 (MaxPooling2 (None, 98, 98, 64) ]
dropout_4 (Dropout) (None, 98, 98, 64) ]
conv2d_8 (Conv2D) [T 36928
conv2d_9 (Conv2D) (None, 94, 94, 64) 36928
max_pooling2d_4 (MaxPooling2 (None, 47, 47, 64) ]
dropout_5 (Dropout) (None, 47, 47, 64) ]
conv2d_18 (Conv2D) (None, 45, 45, 64) 36928
conv2d_11 (Conv2D) (None, 43, 43, 64) 36928
max_pooling2d_5 (MaxPooling2 (None, 21, 21, 64) ]
dropout_6 (Dropout) (None, 21, 21, 64) ]
flatten_1 (Flatten) (None, 28224) ]
dense_2 (ense) (None, 256) 7225668
dropout_7 (Dropout) (None, 256) ]
dense_3 (Dense) (None, 1) 257

Total params: 7,412,289
Trainable params: 7,412,289
Non-trainable params: @
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model.compile(optimizer=keras.optimizers.Adam(1r=0.0001),
loss="binary_crossentropy’,
metrics=['accuracy'])
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history=model.fit_generator(train_generator,epochs=30,steps_per_epoch=67,validation_data=test_g
enerator, validation_steps=34)
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Epoch 1/30
67/67
val_loss: 8.6819
Epoch 2/30
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model=keras. Sequential()
model.add(covn_base)  #i8/ZA%

model.add(1ayers.GlobalAveragePooling2D())
model.add(layers.Dense(512, activation="relu’))
model.add(1ayers.Dense(1,activation=
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covn_base. trainable=False
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Model: “sequential 5*

) Output Shape Paran #
vgg16 (Functional) (None, None, None, 512) 14714688
global_average_pooling2d_1 ( (None, 512) 0
dense_18 (Dense) (None, 512) 262656

dense_11 (Dense) (None, 1) 513

Total params: 14,977,857
Trainable parans: 263,169
Non-trainable parans: 14,714,688
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Model: “sequential 5°

Layer (type) Ooutput Shape Param #

V9916 (Functional) (None, None, None, §12) 14714688
global_average_pooling2d_1 ( (None, 512) 0

dense_10 (Dense) (None, 512) 262656

dense_11 (Dense) (None, 1) 513

Total params: 14,077,857
Trainable parans: 14,977,857
Non-trainable params: 8
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def extract_features(data_generator,sample_count):

i=0

features=np.zeros(shape=(sample_count,6,6,512))

labels=np.zeros(shape=(sample_count))

for inputs_batch, labels_batch in data_generator:
features_batch=covn_base.predict(inputs_batch)
features[i*batch_size: (i+1)*batch_size]=features_batch
labels[i*batch_size:(i+1)*batch_size]=1abels_batch
i+=1
if i*batch_size>=sample_count:

break

return features, labels
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covn_base.trainable=True
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fine_tune_at=-3

for layer in covn_base.layers[:fine_tune_at]:
layer.trainable=False
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plt.plot(history.epoch, history.history.get('loss'),label="loss')
plt.plot(history.epoch, history.history.get('val loss'),1label='val loss')
plt.legend()
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plt.plot(history.epoch, history.history.get('accuracy'),label="accuracy')
plt.plot(history.epoch, history.history.get('val accuracy'),label='val accuracy')
plt.legend()
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