
 

Vol 11, Issue 4 , April/ 2020 

ISSN NO: 0377-9254                                  

  

 

www.jespublication.com Page No:492 

  
 

 

SHIP DETECTION USING SQUEEZE AND EXCITATION 

B. Sai Divya1, G. Keerthi Anusha2 , G. Gayatri3 , M. Jyothi Bangari4,V.Sasikala5 

1,2,3,4IV B.Tech, Department of Information Technology, Vignan’s Nirula Institute of Technology & 

Science for Women, Peda Palakaluru, Guntur-522009, Andhra Pradesh, India. 

5Asst.Professor, Department of Information Technology, Vignan’s Nirula Institute of Technology & 

Science for Women, Peda Palakaluru, Guntur-522009, Andhra Pradesh, India. 

kala.sasiv88@gmail.com 

ABSTRACT 

The development in computer vision, Deep Learning 

has been used for ship detection in SAR images such 

as the faster region-based convolution neural network 

(R-CNN). SAR ship detection is an important part of 

marine monitoring.  It has a much better detection 

performance than Traditional methods on nearshore 

areas. This is because traditional methods need sea-

land segmentation before detection, and inaccurate 

mask decreases the performance. Though SAR ship 

detection methods still have many false detections 

inland areas. So, a new network architecture based on 

R-CNN is proposed to further improve the detection 

performance by using the Squeeze and Excitation 

mechanism. 

Keywords: R-CNN, Deep Learning, Synthetic-

aperture radar, SER Block, Squeeze and Excitation 

Metod. 

1. INTRODUCTION 

Deep learning is an artificial intelligence function 

that imitates the workings of the human brain in 

processing data and creating patterns for use in 

decision making[1]. Deep learning is a subset of 

Machine Learning in Artificial Intelligence (AI) that 

has networks capable of learning unsupervised from 

data that is unstructured or unlabeled so-known as a 

deep neural network. Deep learning has evolved 

hand-in-hand with the digital era, which has brought 

about an explosion of data in all forms and from 

every region of the world[2].  This data, known 

simply as big data, is drawn from sources like social 

media, internet search engines, e-commerce 

platforms, and online cinemas, among others[3]. This 

enormous amount of data is readily accessible and 

can be shared through applications like cloud 

computing[41][42]. 

Synthetic-aperture radar (SAR) is a form 

of radar that is used to create two-dimensional 

images or three-dimensional reconstructions of 

objects, such as landscapes. SAR is typically 

mounted on a moving platform [43] [44], such as an 

aircraft or spacecraft, and has its origins in an 

advanced form of side-looking airborne radar 

(SLAR)[4].  SAR is capable of high-resolution 

remote sensing, independent of flight altitude, and 

independent of weather, as SAR can select 

frequencies to avoid weather-caused signal 

attenuation. SAR has day and night imaging 

capability as illumination is provided by the SAR 

[45] [46].  

Convolution Neural Networks indicates that the 

network employs a mathematical operation 

called convolution[5]. Convolution is a specialized 

kind of linear operation. Convolution networks are 

simply neural networks that use convolution in place 

of general matrix multiplication in at least one of 

their layers[47][48]. 

Faster R-CNN: 

     R-CNN is the first step for Faster R-CNN. It 

uses search selective to find out the regions of 

interest and passes them to a ConvNet[6]. It tries to 

find out the areas that might be an object by 

combining similar pixels and textures into several 

rectangular boxes. The regression between predicted 

bounding boxes (Bboxes) and ground-truth bounding 

boxes are computed[7]. Fast R-CNN moves one step 
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forward. Instead of applying 2,000 times CNN to 

proposed areas, it only passes the original image to a 

pre-trained CNN model once. 

2. LITERATURE SURVEY  

With the development of remote sensing technology, 

the re- search on remote sensing images has attracted 

increasing attention due to its broad applications, 

such as maritime surveillance [8][9], environmental 

monitoring [10], vegetation estimation [11], etc. As 

one of the most critical applications of remote 

sensing images, ship detection is always a hot issue, 

since the task is essential in ship search and maritime 

traffic [12] and is still a challenge with the existence 

of disruptors. Although the acquisition of high spatial 

resolution remote sensing images becomes easy, the 

sizes of the remote sensing images files grow very 

large with the resolutions being higher, which will 

bring out the great computational cost. Therefore, the 

research for a more accurate detection algorithm for 

small-scaled ships is necessary.  

Many investigations on ship detection in remote 

sensing images have been proposed [13] used a 

multi-scale and hierarchical manner visual attention 

mechanism to select candidate regions. However, 

these methods often perform poorly on the complex 

environments, such as the nearshore areas.  

 Nowadays, deep learning has been extremely 

popular because of its overwhelming performance on 

some typical datasets, such as PASCAL VOC and 

COCO [14] for object detection. All methods can be 

roughly classified into one-stage and two-stage 

methods. The one-stage method divides the image 

into several regions and estimates objects in each 

region, which enable real-time detection. You Only 

Look Once (YOLO) [15][16] and Single Shot 

MultiBox Detector (SSD) [17] is the most popular 

one-stage methods.  

YOLO solves the object detection task as a 

regression problem, which directly outputs the 

position and class of the object. SSD discreteness the 

output space of bounding boxes into a set of default 

boxes over different aspect ratios and scales, and 

generates scores for the presence of each object 

category in each default box and produces 

adjustments to the box at prediction time. However, 

the one-stage methods show poor performance in 

detecting small targets. RCNN utilizes convolution 

neural networks as a feature extractor to obtain the 

feature map of a particular stage and applies 

bounding boxes with specific scales and ratios box to 

get the candidate regions. 

3. PROPOSED METHOD 

In this section, the proposed SER faster T-CNN is 

introduced[18]. First, the SE mechanism and our rank 

modification are introduced. Then, we show the 

architecture of SER faster R-CNN. Finally, the 

training details are presented. 

A. Squeeze and Excitation Mechanism 

To improve the representational power of the neural 

network, the squeeze excitation module, which can 

selectively emphasize active features and suppress 

less useful ones, is combined into the neural 

network[19][20]. The left box is a layer that consists 

of C feature maps and each feature map has W ·H 

pixels.  

The feature maps are passed through a squeeze 

operation, consisting of global average pooling and 

full connection to aggregate the feature maps across 

spatial dimensions and obtain a channel descriptor 

with size C. The descriptor embeds the global 

distribution of channel-wise feature responses, which 

governs the excitation of each channel.  

The final feature maps are reweighted by channel-

wise scale[21]. In the region proposal stage, since the 

model adopts the pre- trained residual convolution 

neural network as the backbone, the SE module is 

only added at the connection, which is also beneficial 

to control the model complexity.  

Assume that input feature maps of the SE block X 

have shape W×H×C, where W is the width, H is 

height, and C is the channels of feature maps[22]. 

The feature maps are first pooled by a global average 

pooling layer to shape 1×1 ×C. Then, the pooled 

vector is encoded to shape 1×1×(C/r ) and decoded 

back to 1 × 1 × C with two fully connected layers to 

get the excitation vector V. The output Y of SE block 

is defined as follows: 

Y =∑ Xi ∗  Vi i .  (1) 
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Fig. 1. Architecture of SER block. 

In (1), each channel Xi in input feature maps X is 

multiplied with a corresponding excitation weight Vi 

in the excitation vector V. The target of SE block is 

to learn a weight for each feature maps and then 

suppress redundant feature maps. The faster R-CNN 

based on this mechanism is called SE faster R-

CNN[23]. 

 

B. Rank Modification 

 

When using the SE block to improve the performance 

of RPN, we observe that the value of each Vi is 

around 0.5. Although the performance has improved, 

the redundant feature maps are not fully 

suppressed[24]. In this letter, to further improve the 

performance, the rank operation is proposed. The 

values in excitation vector V are ranked and only 

top K values will be preserved. Other Vi will be set 

to 0 to strengthen the suppress function. So, in the 

output Y, the feature maps related to Vi = 0 will be 

completely suppressed. In the experiments, this can 

help further improve the performance and we call this 

SER block[25].  

 

 

 

C. Squeeze and Excitation 

 

To improve the representational power of the neural 

network, the squeeze excitation module, which can 

selectively emphasize active features and suppress 

less useful ones, are combined into the neural 

network[26]. The left box is a layer that consists 

of C feature maps and each feature map 

has W ·H pixels. The feature maps are passed 

through a squeeze operation, consisting of global 

average pooling and full connection to aggregate the 

feature maps across spatial dimensions and obtain a 

channel descriptor with size C. The descriptor 

embeds the global distribution of channel-wise 

feature responses, which governs the excitation of 

each channel. The final feature maps are reweighted 

by channel-wise scale[27]. In the region proposal 

stage, since the model adopts the pre-trained residual 

convolutional neural network as the backbone, the SE 

module is only added at the connection, which is also 

beneficial to control the model complexity. The 

diagram of connections in the last bottom-up path is 

shown in Fig. 4. The feature map Pi −1 first goes 

through a 3 ×3 convolutional layer and a max-

pooling layer with stride 2 to get the same spatial size 

with Convi. Then the output is sent to a SE module.  
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Fig 2: Architecture of Squeeze. 

The processed feature map is laterally connected with 

another layer from the first bottom-up path by 

concatenation[28]. The fused feature map is then 

processed by another 3 ×3 convolution layer and SE 

module to generate Pi for the following operations. 

Because of the difference in the direction of the path, 

3 ×3 convolution and max pooling operations are 

replaced by dilated convolution [39] in the structure 

of lateral connection in the top-down path. Dilated 

convolutions inflate the kernel by inserting spaces 

between the kernel elements, which can enlarge the 

size of the feature maps as a method of up 

sampling[29]. Thus the size of the result of M i is 

equal to the size of Con vi−1, which enables the 

concatenation of them. 

 

 D. Training Details 

 

1) Concatenation of Multiple Layers: In current CNN 

architecture, the max-pooling layers are used to 

extract high-level feature representations[30]. So, one 

pixel in feature maps corresponds 

to the information of an area in the input image. In 

order to obtain multiscale information, the feature 

maps from last convolutional layers before max-

pooling layers are concatenated. In this letter, we 

concatenate the last convolutional layer of VGG 

network Conv1_x, Conv2_x, and Conv3_x to obtain 

multiscale feature representations. The layer from 

Conv1_x is upsampled by a deconvolution layer to 

the same size of the layer from Conv2_x. At the same 

time, the layer from Conv3_x is downsampled by a 

max-pooling layer to the same size of the layer from 

Conv2_x. Then, these layers are concatenated along 

the channel axis as [31] and [32]. 

 

2) l2 Normalization: In general, with the depth of the 

network increases, the scale and norm of feature 

maps have a tendency to decrease. When trying to 

concatenate layers from different scales, if simply 

concatenate layers together, the resultant feature will 

not be discriminative, and heavy parameter tuning 

will be required to achieve sufficient accuracy 

because of different norms between layers [33]. By 

offering l2 normalization to each layer before 

concatenation, the training can be more stable and the 

performance can be improved. For a layer with N-

dimensional input X = (x1 . . . xN ), the output of l2 

normalization ˆX can be denoted as follows: 

                                        

  

In order to accelerate the training, a scaling parameter 

γi is introduced for each channel, which scales the 

normalized value by yi = γi xˆi [34]. In this letter, γi 

is set to 40. This parameter will not influence 

performance. 
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3) Hyper parameter Setting: The learning rate of 

network is set to 1 × 10−4 initially, and maximal 

iteration is 20 000. The parameters of layers in SER 

block is initialized from the 

Gaussian distribution with zero mean and a standard 

deviation of 0.01[35][36]. The first-stage feature 

stride is 2 when concatenating Conv1_x, Conv2_x, 

and Conv3_x as feature maps. The RPN 

Anchor scales are 1, 2, 4, and 8 and aspect ratios are 

0.125, 0.25, 0.5, and 1. 

E. Modules 

It consists of two modules 

 

    1) Generate Faster RCNN Model: In this module 

a train RCNN model will be generated using Squeeze 

and Excitation[37][38]. Input data to this module is 

given from ‘VGGImageNet.h5py’ file. RCNN 

internally uses CNN pooling technique to build 

mode. Below code describe model generation for 

train images and use five convolution layers[39]. 

    2) Upload Test Image & Detect Ship: In this 

module we will upload test image and then 

application extract features from this test image and 

then apply RCNN train model on that test image to 

detect ships[40].  

 

Program Code: 

def FastRCNN(): 

    global model 

    if os.path.exists('VGGImageNet.h5py'): 

        model =  

tf.keras.models.load_model('VGGImageNet.h5py') 

        model.summary() 

        text.insert(END,"model output can bee seen in 

black console\n"); 

    else: 

        f = open(r'dataset/shipsnet.json') 

        dataset = json.load(f) 

        f.close() 

 

        input_data =  

np.array(dataset['data']).astype('uint8') 

        output_data =  

np.array(dataset['labels']).astype('uint8') 

 

        n_spectrum = 3 # color chanel RGB  

        weight = 80 

        height = 80 

        X = input_data.reshape([-1, n_spectrum, weight, 

height]) 

        pic = X[3] 

        y = np_utils.to_categorical(output_data, 2) 

        indexes = np.arange(4000) 

        np.random.shuffle(indexes) 

        X_train = X[indexes].transpose([0,2,3,1]) 

        y_train = y[indexes] 

        X_train = X_train / 255 

        np.random.seed(42) 

        model = Sequential() 

        model.add(Conv2D(32, (3, 3), padding='same', 

input_shape=(80, 80, 3), activation='relu')) 

        model.add(MaxPooling2D(pool_size=(2, 2)))  

#40x40 

        model.add(Dropout(0.25)) 

        model.add(Conv2D(32, (3, 3), padding='same', 

activation='relu')) 

        model.add(MaxPooling2D(pool_size=(2, 2)))  

#20x20 

        model.add(Dropout(0.25)) 

        model.add(Conv2D(32, (3, 3), padding='same', 

activation='relu')) 

        model.add(MaxPooling2D(pool_size=(2, 2)))  

#10x10 

        model.add(Dropout(0.25)) 

        model.add(Conv2D(32, (10, 10),  

padding='same', activation='relu')) 

        model.add(MaxPooling2D(pool_size=(2, 2)))  

#5x5 

        model.add(Dropout(0.25)) 

        model.add(Flatten()) 

        model.add(Dense(512, activation='relu')) 

        model.add(Dropout(0.5)) 

        model.add(Dense(2, activation='softmax')) 

        sgd = SGD(lr=0.01, momentum=0.9,  

nesterov=True) 

        model.compile(loss='categorical_crossentropy', 

optimizer=sgd, metrics=['accuracy']) 

        # training 

        model.fit(X_train, y_train, batch_size=32, 

epochs=18, validation_split=0.2, shuffle=True, 

verbose=2) 

        model.save("VGGImageNet.h5py1") 

        text.insert(END,"model output can bee seen in 

black console\n"); 
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4. EXPERIMENTAL RESULTS 

In this section, first, the experimental data set and 

settings are introduced. Next, an experiment is 

designed to explore which layers should be 

concatenated to get better feature representations for 

the first stage and the second stage. Then, the 

performance of SE faster R-CNN is proposed, and 

the values of excitation vector are investigated to 

show that the redundant feature maps are not fully 

suppressed. Finally, the proposed SER faster R-CNN 

is evaluated and compared with the SE faster R-CNN 

and state-of-the-art methods. In addition, the 

computational cost of models is presented. 

A. Experimental Data Set and Settings 

The data set used in this letter is from Sentinel-1A, 

which was collected in interferometric wide swath 

mode. The pixel spacing is 10 m. Twenty images 

with 6484 ships are used for training, and two extra 

images which reannotated by experts with 1348 ships 

are used for testing. The training data are not divided 

into extra validation data like other object detection 

literature in computer vision [8]. Some AIS data are 

used to help manually annotation [23]. For training 

data set, the labeled images were cut into 512 × 512 

sized patches without overlap. The patches with ships 

are fed into the network for training. The testing 

images are processed in the same way. 

All experiments are executed on a PC with an Intel 

single Core i7 CPU, NVIDIA GTX-1070 GPU (8-GB 

video memory), and 64-GB RAM. The PC operating 

system was Ubuntu 14.04. 

In order to evaluate the detection performance of the 

network, the target detection probability, false 

detection probability which refers to the probability 

that one target in detection results to be a false 

detection, and F1 score [12] are defined as 
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B. Multilayer Concatenation Strategies 

Multiscale information obtained by concatenating 

different feature maps is effective for region proposal 

generation and detection, mainly because of its 

richness and appropriate resolution. 

In this section, different models are trained and tested 

to show that concatenate Conv1_x, Conv2_x, and 

Conv3_x is the best strategy. The basic model uses 

feature maps from Conv_5 layer for the first-stage 

RPN and the second-stage classification. The second 

model combines layers 1, 2, and 3. The third model 

combines layers 1, 3, and 5, the fourth model 

combines layers 3, 4, and 5, and the final model 

combines layers 2, 3, and 4. The results are shown in 

Table I. As shown in Table I, the F1 performance of 

different concatenation strategies are close and all 

outperform basic model. However, the model which 

combines layers 1, 2, and 3 outperforms other models 

on F1 performance under experimental conditions in 

this letter. So, this strategy is used to extract shared 

feature maps for the first-stage RPN and the second-

stage classification. 

 

C. SER Faster R-CNN 

In this section, first, the performance of SE faster R-

CNN with a different hyperparameter r which 

determines the length of encoding vector is 

presented. The multiscale feature map concatenation 

strategy combines layers 1, 2, and 3. The 

performance of SE faster R-CNN models is 

compared with the model which only uses multiscale 

feature map concatenation strategy and is shown in 

Table II. As shown in Table II, most SE faster R-

CNN models can have better F1 performance.  
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The results show that the SE block is effective. 

However, when observing the  values in excitation 

vector as shown in Fig. 3, most values are around 0.5 

and the redundant feature maps are not completely 

suppressed. In order to further improve performance, 

the SER block is proposed to completely suppress 

redundant feature maps. The performance of 

proposed SER faster R-CNN with K = 256 and a 

different hyperparameter r is shown in Table III. At 

the same time, the proposed method is compared with 

the previous research. 

 

 

The performance of the proposed network is 9.7% 

better than that of the state of the art [13]. Network 

gets best performance when r = 1. This may because 

a large encode layer helps network to better learn to 
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separate important feature maps, which will be 

preserved after SER block of network. An example of 

detection result on nearshore area is shown in Fig. 4. 

As shown in Fig. 4, the proposed SER faster R-CNN 

can successfully detect nearshore ships which hard to 

be detected by traditional methods. 

5. CONCLUSION 

The multiscale feature map concatenation strategy is 

used to improve the quality of shared feature maps 

extracted by a CNN. The SER mechanism is used to 

improve the first-stage RPN performance of faster R-

CNN. The experimental results present how we 

design such high-performance object detector. The 

results show that our SER faster R-CNN outperforms 

the state-of-the-art method and much faster.  
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