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Abstract 

Aiming at the problem of low accuracy in extracting blue-roofed houses from high-
resolution remote sensing images with complex backgrounds and dense targets, an 
improved Mask-RCNN-based high-resolution remote sensing image blue-roofed house 
recognition and extraction algorithm is proposed. Take ResNet-101 as the feature 
extraction backbone network, and on this basis, optimize the feature pyramid network 
by adding more horizontal connections, jump connections, and bottom-up and top-down 
paths to perform feature multi-path fusion. , Improve the feature extraction ability of the 
algorithm; For the situation of high overlap and concealment, use Soft-NMS to optimize 
the original NMS algorithm to improve the extraction results. Validation on the self-made 
blue-roofed house data set shows that compared with the existing commonly used 
methods, this method significantly improves the accuracy of the recognition and 
extraction of blue-roofed houses from remote sensing images. 
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1. Introduction 

With the rapid development of remote sensing technology, the advantages of high-resolution remote 

sensing images have become more and more obvious, and they are widely used in surveying and 

mapping, cartography, traffic navigation, urban planning, digital city construction, urban building 

height extraction and other fields. Blue roof houses are an important part of geographic information[1]. 

How to use high-resolution remote sensing images to extract blue roof houses is conducive to the in-

depth application and development of remote sensing images in urban planning and smart city 

construction. In the high-resolution images[2], the blue roof houses not only have obvious geometric 

features, but also richer texture structure, spatial semantic relations and other information. This 

information makes it possible for people to extract specific targets from remote sensing images. 

Through the processing and analysis of remote sensing images, the attribute categories of the ground 

objects and their temporal and spatial distribution and changes can be deduced. This makes remote 

sensing images an important type of spatial information resource, and is widely used in resource 

exploration, military reconnaissance, and environmental disaster monitoring due to its wide 

observation range, periodic repetition of observations, and quasi-real-time quantitative 

observations[3]. Land use, crop yield estimation, urban planning and many other fields have great 

influence and far-reaching significance on national defense, national economic construction and 

social development. 

However, the improvement of image resolution means that the features contained in the image are 

more abundant, the background information is more complicated, and the noise is more and more. In 

the process of image processing, the phenomenon of different spectra of the same object and the same 

spectra of foreign objects is easy to appear. These problems have brought trouble for people to extract 
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blue-roofed houses from remote sensing images. That is to say, the increase in image resolution does 

not explain the image solution. The accuracy of translation and the accuracy of blue roof extraction 

are improved. Mask-RCNN has excellent results in natural image extraction, but it is not ideal for 

remote sensing image processing. This article proposes a solution to the shortcomings and 

deficiencies of remote sensing image extraction of blue roofs. An improved network model based on 

Mask-RCNN, which can more efficiently and robustly realize the accurate identification and 

extraction of blue roof houses from remote sensing images[4]. 

2. Algorithm Principle and Optimization 

2.1 Principle of Mask R-CNN 

Mask-RCNN is a segmentation network with clear structure and strong modification. The network 

process is as follows: read a pre-processed picture; input it into a pre-trained backbone network (ie 

ResNet101 and FPN) , To obtain a set of corresponding image feature maps. Set a predetermined 

number of ROIs for each point in the feature map, and finally obtain multiple best candidate ROIs. 

Send the candidate ROIs to the RPN network for binary classification of foreground or background 

And border regression, filter a part of the candidate ROI[5]. Perform the ROIAlign operation on the 

remaining ROI, that is, first correspond to the pixels of the original image and the feature map, and 

then correspond the feature map to the fixed feature. Finally, classify the ROI. Position prediction, 

target frame regression. Mask-RCNN network structure diagram is shown in Fig 1. 
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Fig. 1 Network structure of Mask R-CNN 

 

The feature pyramid network(FPN) mainly adds a top-down structure on the basis of feature 

extraction. For prediction accuracy, the higher the level of feature extraction, the better and the more 

accurate the prediction, but the size of the high-level feature map is smaller. Through upsampling 

Fusion with low-level feature maps can strengthen the feature expression of low-level feature maps. 

FPN is a means of fusing feature maps of different scales to enhance the feature map representation 

ability. The input and output feature maps are multiple feature maps of different scales[6]. The FPN 

structure is shown in Fig2. 
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Fig. 2 FPN 

 

The FPN algorithm uses both the high-resolution of low-level features and the high-semantic 

information of high-level features to achieve the effect of prediction by fusing the features of these 

different layers. And the prediction is carried out separately on each fusion feature layer, so a good 

effect of extracting and enhancing semantic feature information is achieved for the feature map[7]. 

The working principle of the Region Proposal Network (RPN) is to input the feature map of the 

previous stage. RPN relies on a 3×3 sliding window on the shared feature map to generate an anchor 

frame with a preset aspect ratio and area for each position, which is different from Set anchor boxes 

of different scales and scales directly on the final feature map. The scale information based on FPN 

corresponds to the corresponding feature map. The area is set to {322,642,1282,2562,5122}, and the 

scale setting method is{1:2,1:1,2:1}. Finally, the anchor box is mapped back to the corresponding 

feature map, after 1×1 convolution, two branches are output, foreground and background category 

determination and bounding box regression are performed respectively, and the candidate box of 

interest ROI is obtained[8]. The RPN structure is shown in Fig 3. 
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Fig. 3 RPN 

 

The structure of RPN is a small network with two branches of convolutional layer (256 dimensions) 

+ activation + classification/regression. The specific implementation details of RPN are: the c*m*n 

feature map extracted by the feature extraction network is converted into a 256*m*n feature map 

through a 3×3 convolution. That is, each pixel gets a 256-dimensional feature. This is done to better 

integrate the information around each point. The classification and regression branches both use 1×1 

convolution, and the functions of the two are to classify and regress the anchor box of each point on 

the 256-dimensional feature extracted in the previous step. In the classification branch, the anchor 

frame is classified into foreground and background. The regression branch is to perform bounding 
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box regression on the anchor, so as to obtain accurate parameters, which can help to obtain accurate 

regional proposals later. Finally, the foreground object obtained by the classifier, the regression 

anchor box and the zoomed original image are simultaneously input to the proposal generation layer 

to obtain a region proposal[9]. 

The head prediction branch of Mask-RCNN includes classification, bounding box regression and 

mask segmentation. The ROI output by the previous region generation network is sent to the ROI 

Align layer, and then the obtained feature map with a fixed size of 7×7 is used as the input layer for 

classification and bounding box regression, and the target is classified after two fully connected layers 

the second revision of predictions and bounding boxes. Mask mask is to send the obtained 14×14 

feature map to the full convolution network, after 4 consecutive 3×3 convolutions, and then through 

transposed convolution and 1×1 convolution to control the dimensionality of the output. Obtain a 

28×28 feature map, and finally map it back to the original image to obtain a mask for each pixel[10]. 

2.2 Algorithm Optimization 

In the feature extraction part, the Mask R-CNN network model uses the feature pyramid structure 

(FPN), but it cannot make full use of the feature information of different levels. The target location 

information contained in the low-level features is not fully utilized. The low-level features have It is 

helpful for target recognition in remote sensing images, but from the bottom to the top features, the 

difficulty of accurately locating information gradually increases. For blue-roofed houses with small 

size and fuzzy edges in remote sensing images, the recognition and extraction accuracy is not high, 

and there are cases of missed detection and false detection. The main reason for this effect is that FPN 

uses a top-down connection, which makes the feature fusion path from low-level features to high-

level features too long, unable to enhance the information flow between different feature levels, and 

weaken the low-level features at different feature levels. Therefore, this paper optimizes FPN, and 

the optimized FPN structure is shown in Fig4. 
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Fig. 4 Optimized FPN 

 

In order to enhance the information flow of different levels of features and improve the role of low-

level features in global features, thereby improving the recognition and extraction performance of the 

model, this paper optimizes the feature pyramid network and adopts a deep multi-path fusion feature 

pyramid network. On the basis of the pyramid network, a bottom-up feature fusion path and a jump 

path (the path from the original input node to the output node) are added, as shown in Figure 4. First, 

the ResNet-101 backbone extraction network is used to continuously compress the length and width 

Obtain feature maps of different levels {C1, C2, C3, C4, C5}. Since the feature information of the 

C1 layer is relatively rough and will cause a huge amount of calculation to the network, the C1 layer 
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is not operated, and then {C2, C3, C4 , C5} The feature map is 1×1 convolution to change the number 

of channels to obtain {M1, M2, M3, M4}, the vertical blue arrow is the top-down path, M4 is 

continuously up-sampled and matched with the corresponding level of features The graph is fused to 

obtain {N1, N2, N3, N4}, the red arrow indicates. 

The bottom-up path, the yellow arrow indicates the jumping path, N1 is down-sampled and merged 

with the feature map of the corresponding level of the previous up-sampling operation and the feature 

layer of the original change of the number of channels to obtain an effective feature layer {P1, P2, 

P3, P4}, and finally perform subsequent operations on the effective feature layer. 

3. Experimental Results and Analysis  

3.1 Experiment Procedure 

The environment of this experiment is the Windows 10 operating system, the Pytorch learning 

framework, and the Python 3.6 programming language is used to implement network algorithms. The 

hardware environment is as follows: CPU is AMD Ryzen 7 3700X 8-Core @ 3.60GHz, memory is 

16GB, graphics card is NVIDIA RTX2060, 6GB video memory. 

This paper uses the method of transfer learning to use the weight model trained on the COCO2014 

data set as the pre-training model of the blue roof house recognition and extraction algorithm model 

in this paper. The remote sensing image blue roof house data set is trained on this pre-training model. 

The migration learning not only reduces The training data is effectively improved and the training 

efficiency is effectively improved. The generalization ability of the transfer learning model is good, 

which effectively improves the performance of the model. 

3.2 Evaluation Index 

This article mainly selects the accuracy rate acc, the average intersection ratio miou, and the recall 

rate as the evaluation index of this article. The expression is as follows: 

The calculation formula of accuracy rate is: 

 

acc =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                             (1) 

 

The formula for calculating the recall rate is: 

 

recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                               (2) 

 

The formula for calculating the miou is: 

 

miou =
1

𝑁
∑

𝑆𝑡𝑟∩𝑆𝑔𝑡

𝑆𝑡𝑟∪𝑆𝑔𝑡

𝑁
0                            (3) 

 

Among them, TP is the number predicted to be positive and actually positive; TN is the number 

predicted to be negative but actually negative; FP is the number predicted to be positive but actually 

negative; FN is the number predicted to be negative but actually positive. N represents the number of 

feature types, Str represents the result of model extraction, and Sgt represents the truth mask. Acc 

accuracy is the proportion of all predictions that are correct. The average intersection ratio miou 

represents the ratio between the intersection of the extraction result and the true value and the union 

of the extraction result and the true value. The recall rate is also called recall The rate indicates the 

proportion of the positive samples obtained by calculation to the real samples. The higher the recall 

rate, the more positive samples in the extraction result, and the more complete the target is extracted. 
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3.3 Result Analysis 

In order to verify the extraction effect of the algorithm in this paper, the algorithm in this paper is 

compared with other mainstream algorithms. The specific results are shown in Table 1. 

 

Table 1. Comparison of results 

algorithm acc recall miou 

Mask-RCNN 0.959 0.955 0.881 

Improved Mask-RCNN 0.976 0.968 0.903 

 

It can be seen from Table 1 that the acc, recall, miou and other indicators of the improved Mask-

RCNN algorithm in this paper are better than the comparison algorithm, and better results are obtained 

in the extraction process, as shown in Fig5. 

 

 

(a)input                                     (b)result 

Fig. 5 Extract results 

4. Conclusion 

This paper combines deep learning with remote sensing image blue roof house recognition and 

extraction. On the basis of Mask-RCNN, the feature extraction network part and the prediction 

network post-processing part are optimized respectively, especially in the feature fusion stage, which 

integrates more jump connections. , Bottom-up and top-down paths are more conducive to the 

identification and extraction of blue roof houses, and can be well applied to remote sensing images 

with complex and dense backgrounds. Compared with other algorithms, the improved Mask-RCNN 

algorithm in this article Both accuracy and robustness are better than comparison algorithms, and they 

have good application prospects. 
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