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Abstract

This paper proposes a novel RPN-FCN based rust detection approach. The RPN-FCN generates region proposals with RPN and
performs full convolution for semantic segmentation of rust. The experimental result demonstrate that this approach improves the
accuracy of rust detection compared with other neural networks.
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1. Introduction

There are some traditional methods for object detection and recognition. These traditional methods are based on
artificial features such as SIFT (Scale Invariant Feature Transform), HOG (Histogram of Oriented Gradient), SURF
(Speeded Up Robust Features)[1][2][3]. As these classical approaches fall short on recognition accuracy and perfor-
mance, the deep learning-based is becoming the mainstream method, which can be roughly divided into the following
three types: regional proposa.-based algorithms, such as R-CNN, Fast R-CNN, Faster R-CNN[4][5][6]; regression-
based algorithms, such as YOLO [7], SSD [8]; search-based algorithms, such as AttentionNet[9], and reinforcement
learning-based algorithms [10] .

It’s of great significance to detect rust in time for electric power equipment safety inspection[11]. For the detection
of rust on power equipment, traditional method uses image morphology detection and modifies the Canny operator
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with Otsu algorithm. But the recognition accuracy is greatly affected by light, view angle and image resolution, which
also results in poor performance.

Therefore, this paper proposes a new network RPN-FCN by combining improved Region Proposal Network
(RPN)[12] and Fully Convolutional Networks(FCN)[13]. The improved RPN sets thresholds automatically with the
NMS algorithm. In the upsampling section of FCN, we use multi-scale dilated convolution to improve the accuracy
of semantic segmentation. In experiment, the model is trained and validated with the rusted power equipment image
data set. The experimental results demonstrate that the RPN-FCN achieves remarkable accuracy for rust detection.

The structure of this paper is as follows: Section 2 presents the RPN-FCN based rust detection approach; Section
3 presents the evaluation and the paper ends in Section 4.

2. Rust detection method

2.1. Region Proposal Network

The structure of RPN is shown in Figure 1. The feature maps obtained by a series of convolution and pooling
operations are input into the RPN, and then the points in feature maps are mapped to the origin images. Each point
in the feature map corresponds to 9 bounding boxes of different scales. There are two convolutional operations in the
RPN: one determines whether the bounding box is a foreground image; the other gets the relative coordinates of the
bounding box.

Fig. 1. Structure of RPN

2.2. Improving NMS

The threshold is usually manually set in the NMS algorithm, which shows poor generalization in application. One
of our contribution is for the NMS is to obtain the optical threshold with the neural network. The behavior of the NMS
algorithm is mainly affected by two parameters: score and IoU. For a W ×H image, a w×h score map can be obtained
through the candidate window. In the first layer network, two parallel layers are set. One layer is used to make the IoU
layer, and the second layer is mainly used to get a score graph of w× h× 2. The second layer has two channels, where
the first channel is responsible for the Score parameter and counts the score into the score map. The second channel is
denoted as Y(T ), where T represents the threshold in the non-maximum suppression. The structure of NMS is shown
in Figure 2.

2.3. Fully Convolutional Networks

For traditional CNN classification tasks, there are several fully connected layers following the convolutional layers
and pooling layers. The feature maps generated by convolutional layers would be mapped into a fixed length vector
through the fully connected layers, and finally output as a numerical value to indicate the probability of each class.
Compared with CNN, the FCN replaces the fully connected layers with convolutional layers. In this method, the output
generated by the final layer is a two-dimensional feature map containing the features of original image rather than a
one-dimensional vector. The FCN samples the feature maps with the deconvolution layers to get the class which each
pixel belongs to. In deconvolution, the output feature map is reconstructed to the input feature map, and the spatial
information in the original input image is retained until the original image size is restored. Finally pixel-by-pixel
classification is performed on this feature map.
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Fig. 2. Structure of NMS

2.4. Improving FCN

The original FCN has some drawbacks of low accuracy and edge missing. In order to solve these problems, we
have made some improvements. We adopt three parallel branches behind the Pooling Layer 5, and scale the image
at different ratios with dilated convolution layers in different sampling rate. The dilated convolution can reduce the
influence of the pooling layer, and increase the accuracy. Therefore, we can obtain the multi-scale information in the
images of electric equipment. Finally, we fuse the information of rust images in the three branches by pooling to
generate a fixed length representation vector. The multi-scale sampling of dilated convolution is shown in Figure 3.

Fig. 3. Multi-scale sampling of dilated convolution

2.5. Loss function design

Average sampling and negative sampling are the mainstream methods to solve the problem of unbalanced distri-
bution of objects. However, with the parameters increasing, the network will be complicated and efficiency will be
reduced . To speed up the training process, we use the method of balanced cross entropy to define the loss function, as
shown in equation (1).Where Ŷ = Fs is the prediction of the score map, Y∗ is the positive sample, and the parameter
β is the balancing factor between positive and negative samples, as shown in equation (2).

Ls = balanced − xcent(Ŷ , Y∗) = −βY∗logŶ − (1 − β)(1 − Y∗)log(1 − Ŷ) (1)

β = 1 −
∑

y∗ ∈ Y∗y∗

|Y∗| (2)

3. Evaluation

The hardware used for model training are as follows: Intel Core i7-6700k with NVIDIA GeForce GTX 1070, and
16GB RAM.
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3.1. Data set

The data set contains original 5700 images of rusted equipment collected from the State Grid. The experiment
starts with labeling the images manually. And the we apply data enhancement and dropout methods to generate extra
training data to avoid over-fitting. The total number of data sets is 10000, of which 7000 images are used for training
and 3000 images are used for test.

3.2. Faster R-CNN training

In the experiment, we modify the training hyper parameters. We initialize the sharing layer with the pretrained
ImageNet classification model and initialize the other layers with the Gaussian distribution. The momentum and
weight attenuation factors use values of 0.9 and 0.0005. The parameters of the anchors are used to analyze the size
of the rusted area. In order to improve the convergence speed during training and the recognition rate during the test
stage, the reference area size is set to 8 × 8.

3.3. RPN-FCN training

The RPN-FCN is trained with tensorflow. To speed up the training, the input image is resized to 512 × 512. The
initial learning rate is 0.001, and the original learning rate is reduced to one tenth of every 10000 iterations until it
reaches 0.00001. When the loss no longer changes, the training stops.

3.4. Results

We use the recall-R and precision-P as the evaluation standard, which are separately defined as R=TP/(TP+FN),
P=TP(TP+FP). TP indicates that an accurate positive sample is detected, FN indicates a positive sample for detecting
an error, and FP indicates a negative sample for detecting an error. The results of the comparative experiment are
evaluated as shown in Table 1.

Table 1. Experimental evaluation results.

algorithm R P Detection speed:Time per frame(s)

SIFT 0.1925 0.2950 6.11
Faster R-CNN 0.5963 0.7025 0.24
RPN-FCN 0.7945 0.8912 0.21

4. Conclusions

This paper proposes a novel rust detection method called RPN-FCN, which improves the NMS algorithm in RPN
to automatically generate the optimal threshold and adopt multi-scale dilated convolution in upsampling of FCN.
Experimental results demonstrated that RPN-FCN has higher accuracy in rust detection compared with other methods.
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