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Abstract: Transformers are important equipment in the power system. At present, the text information collection of transformer nameplates is through manual, which is 
inefficient. Therefore, it is necessary to find a high-precision automatic detection method of transformer text information. However, the current text detection algorithms have 
limited ability to detect special characters on the transformer. And they will also have the problem of incomplete detection in detecting the dense text and long text on the 
transformer nameplate. We propose a text detection network based on segmentation to automatically calibrate the text box of transformer nameplates. Our network is based 
on DB (differential binarization) network. It has a new feature fusion structure, which refers to the feature fusion structure of the u-net network. The proposed network has 
achieved better performance than the advanced scene text detection algorithms (DB, East) on the English scene text dataset icdar2015 and the Chinese-English mixed 
scene text dataset icdar2017. And it also has good performance in GPU occupancy, reasoning speed, and other indicators. The text detection results of actual transformer 
pictures show that the proposed algorithm solves the problem of poor detection performance of existing deep learning networks in dense text and long text of transformer 
pictures. 
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1 INTRODUCTION   
 

Nowadays, transformers have been widely used in 
various fields of industrial engineering. We use 
transformers with different rated parameters in industrial 
projects. These transformers are replaced frequently and 
massively. Using manual methods to record transformer 
nameplate information will have problems such as low 
efficiency and wrong judgment. In the process of using the 
transformer, people's wrong judgment of the transformer 
information may lead to circuit failure or excessive power 
consumption. That may threaten the personal safety of 
workers and the property safety of the factory. Therefore, 
the automatic acquisition method of transformer 
information is of great significance in power equipment 
management. At present, deep learning algorithms are 
widely used [16-18], which can collect transformer images 
in real-time, extract equipment nameplate information 
automatically, and improve equipment management 
efficiency and statistical accuracy. 

However, there is no deep learning algorithm for 
transformer text detection. There are various backgrounds 
on the transformer nameplate, and the text types on the 
transformer include dense text and long text, which are 
difficult to detect complete text. Therefore, the text 
detection of the transformer is a new challenge. There are 
some similarities between device nameplate text detection 
and scene text detection and transformer text detection. 
However, the accuracy of these methods for transformer 
text detection is not ideal, which limits the application of 
these methods in this field. 

Transformer text detection is a special case of 
equipment nameplate text detection. At present, most of the 
text detection methods used in this field are scene text 
detection methods. There are two kinds of scene text 
detection methods: regression-based methods and 
segmentation-based methods. 

The regression-based text detection methods [1- 5, 13, 
14] obtain the text instance bounding box in the picture by 
regression. There are several regression methods in recent 
years: Textboxes [1] is based on SSD network [2] and 
modifies the size of anchor frame and convolution kernel 

in the network as a text detection network; East [3] and 
DeepReg [4] adopt the method of no anchor box, and use 
pixel-level regression to detect multi-directional text 
instances; DeRPN [5] adopts the dimension decomposition 
region to complete the negative feedback of output, and it 
can better solve the scale problem in scene text detection. 
Regression-based text detection methods usually use 
simple methods in the post-processing part like non-
maximum suppression to remove redundancy and adjust 
text boxes. However, the current text detection methods 
which are based on regression have not achieved 
satisfactory results in the calibration of irregular text boxes. 

Segmentation-based text detection methods [6-9, 15] 
usually detect the text position in the image by combining 
pixel-level prediction and post-processing algorithms. In 
recent years, there are several segmentation-based 
networks architectures: Mask Textspotter [6] is an instance 
segmentation method based on Mask R-CNN, which is 
adjusted to detect text instances with arbitrary shapes; 
PSENet [7] detects text instances with different scale cores 
by using the extension method of piecewise progressive 
scale; DB [8] integrates binarization into the processing of 
feature maps to improve the text detection results without 
reducing the reasoning speed. In this paper, we use ResNet-
50 as the backbone [9], use u-net for feature fusion, and 
finally, use DB network for post-processing. Our network 
ensures the reasoning speed and accuracy of text box 
calibration. And it also improves the redundancy of the 
backbone in the DB method and reduces the model size. 

Fig. 1 is a transformer image. From this figure, we can 
find that the main reasons which affect the text detection 
effect on transformer pictures are as follows: 

1) The background is complex. The transformer image 
of text detection has more than ten different background 
colors. After long-term use, many transformers will have 
problems such as wear, fading, blurred words, and so on. 
Moreover, acquisition methods will affect images quality. 
If the illumination in the shooting scene is uneven, it will 
reduce the definition of the image. The background of the 
transformer is complex for many reasons, which increases 
the difficulty of accurately calibrating the text in the picture. 
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Figure 1 Different kinds of transformers. Transformersꞌ background is complex 

and the text distribution includes dense texts and long texts 
 

2) Text distribution. The ability of a text detection 
network to detect dense text and long text depends on the 
size of the network receptive field. Different text 
distribution types have higher requirements for the 
generalization of text detection networks. If the text is 
small and densely distributed, the network needs a smaller 
receptive field. If the length of the text is long and the text's 
font is large, the larger is the feeling field required by the 
network. The transformer nameplate carries the 
transformer's important information. The features of the 

transformer image are complex, so the feature extraction 
ability and feature resolution ability of the algorithm are 
required to be high. 

Because of the interference by the above reasons, the 
text detection of the transformer is a challenging work. The 
features of the transformer image are complex, so the 
feature extraction ability and receptive field range of the 
algorithm are required to be high. We propose a text 
detection depth neural network based on segmentation to 
solve the text detection problem of the transformer. DBU 
(differential binarization with U-net) network solves the 
problem that the DB network has a poor effect on the dense 
text of transformer pictures. And it also solves the problem 
that the East network has a poor effect on long text 
detection. At the same time, compared with the feature 
fusion module in the DB network, a new feature fusion 
module used in the proposed network has faster gradient 
transmission and reasoning speed. Compared with the East 
network, the training needs fewer iterations. 
 
2 ALGORITHM 
2.1 General Framework of Text Detection Network 
  

We proposed a deep learning text detection network 
based on segmentation. And it can realize the text detection 
of transformer nameplates. The network framework is 
shown in Fig. 2: 

 

 
Figure 2 Network structure of DBU 

 
The input image size of the network is 640 × 640, and 

the output is the text box coordinates [(x1, y1), (x2, y2), (x3, 
y3), (x4, y4)]. We use the ResNet-50 network as the 
proposed network's backbone to extract features. The 
feature fusion part uses the U-net structure to fuse feature 
maps of different scales to enlarge the receptive field. Then 
the text box is extracted from the fused feature graph by 
the DB network. 
 
2.2 Feature Fusion 
 

The structure of U-net [10] feature fusion is as follows. 
After the ResNet-50 backbone, we obtain four feature 
graphs C1, C2, C3, and C4. They have 64, 128, 256, and 512 
channels. After twice up-sampling, the C4 feature image 
fuses with the C3 feature image, and then 3 × 3 convolution 
and 1 × 1 convolution are performed to get the merged 
feature image "C3'". Then we fuse C3' and C2 according to 
a similar method to get C2'. And C2' merges C1 to get the 
final feature image F. The structure of the U-net is shown 
in Fig. 3.  

Figure 3 Network structure of U-net 
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Compared with FCN, U-net retains more features 
through channel number stitching. When we use the 
ResNet-50 for feature extraction, the deeper the network 
layer is, the larger the receptive field is. Shallow 
convolution pays more attention to the texture features of 
the image, while deep network pays more attention to the 
semantic features. Our new feature fusion structure saves 
the feature maps of different receptive fields in different 
channels of feature map F. This will enable the final feature 
map of the network to retain as many features as possible. 
The feature fusion structure of the DBU network can retain 
the features of different dimensions at the same time. 
 
2.3 DB Network Architecture 
 

Differential binarization network [8]. The DB 
classification network architecture is shown in Fig. 4 below: 

 
Input num_filter=128

Conv2d 
3×3 /1 32

Conv2d_transpose 
2×2 /2 8

Conv2d_transpose 
2×2 /2 1

Batch_normal
act=relu

Batch_normal
act=relu

Conv2d 
3×3 /1 32

Conv2d_transpose 
2×2 /2 8

Conv2d_transpose 
2×2 /2 1

Batch_normal
act=relu

Batch_normal
act=relu

Concat_block

Batch_normal
act=sigmoid

Batch_normal
act=sigmoid

thresholdprobably

DB（Differentiable 
Binarization）  

Figure 4 Network structure of DB 
 
We send the feature map F to DB classification 

network. The feature map F obtains the probability feature 
P and the threshold feature T through two channels with 
the same structure but different training labels (composed 
of a 3 × 3 convolution kernel and two 2 × 2 convolutions). 
The label of the probability graph is the confidence that the 
pixels in the image belong to the text. And the label of the 
threshold graph is the text box in the figures. After training, 
we get a feature graph representing the probability that the 
pixels in the image belong to the text and a threshold graph 
marking the text box in the image. And then we send them 
into the binary network for approximate calculation to 
obtain the binary map B. 

In general, binarization is calculated as follows: 
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where t is the threshold we set to 0.3, and Pi,j represents the 
pixels on the feature map. 

The standard binarization formula described in the 
above formula is non-differentiable. And we cannot 
optimize the parameters with the network in the process of 
training. To solve this problem, we use an approximate 
continuous function in the DB network. This function is an 
alternative to the standard binarization formula for 
binarization. The approximate binarization formula is as 

follows: 
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In the above formula, is approximately a binary 

mapping, T is the adaptive threshold mapping learned from 
the network, and K is the amplification factor. We set the 
Kꞌs value to 50 in the training process. The mapping result 
of this function is similar to that of the standard binary 
function. But its differentiability enables its constituent 
parameters to be continuously optimized with the network 
in the training process. 

The probability map and the binary map use the same 
label. Reduce each dimension box by a certain offset. The 
definition of the offset is as follows: 

 
2(1 )A r

D
L


               (3) 

 
where L is the textboxꞌs perimeter, a is the area of the box, 
and R is the preset scaling factor. We define it as 0.4. The 
resulting label graph is called Gp, and the original label text 
box is G. 

The threshold map uses different labels from the 
probability map and binary map and expands the original 
box G by D offset to get the box Gd. Calculate the distance 
from the point in the calibration frame Gd to the nearest 
edge of G, divide it by the offset D for normalization, and 
obtain the normalized distance from the point between the 
Gd frame and the Gp frame to the G frame. The label of the 
threshold feature map is composed of the normalized 
distance of each point. The value is reduced between 0 and 
1, but the label's setting may cause gradient disappearance 
if the label's point value is 0 or 1. We set it between 0.3 and 
0.7 to ensure the smooth iteration of parameters in the 
training process. 

 
2.3 Loss Function 
 

In the model training process, the loss function 
includes the confidence loss (Lp) 2-valued graph loss (Lb) 
and the threshold graph loss (Lt) [8], the confidence loss 
(Lp). And the binary graph loss (Lb) is the binary cross-
entropy loss: 

 

 
1
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where yi is the predicted value of the i-th sample, iy is the 

true value of the ith sample. 
The threshold map loss (Lt) for: 
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where Rd is the number of pixels in the predicted text box, 

*
iy is the true value of the threshold prediction module, *

ix  

is the predicted value of the threshold prediction module. 
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3 EXPERIMENT AND ANALYSIS 
3.1 Datasets 
  

At present, there is no transformer image data set 
specially used for transformer text detection, so the data 
sets used in the training of detection part are icdar2015 data 
set and icdar2017rctw data set similar to transformer 
pictures: 

Icdar2015 scene detection dataset [11]: There are 1200 
images in this dataset, including 1000 training images and 
200 test images. Most of these images are English street 
view images, and the resolution of Google glasses used to 
collect the pictures is 720 × 1280. Text instances in the 
dataset are word-level labels. We train the network on the 
ic15 dataset and evaluate the performance index of the 
training results. After that, we use the trained model as the 
pre-training model of the network to train on the ic17 
dataset. 

Icdar 2017 Reading Chinese Text in the Wild [12]: 
There are 12263 images in this dataset, including 8034 
training images and 4229 test images. Most of these images 
are Chinese street scene pictures that were taken by a 
camera, and a few are screenshots, including scene types 
like indoor scenes and outdoor streets. The text dimensions 
are quadrilateral in this dataset. The text of the transformer 
picture is similar to Chinese street scene text in terms of 
background color. The Chinese text on the transformer 
accounts for the vast majority of the required detection 
characters. Therefore, training on this dataset can 
effectively improve the text detection effect of our network 
on the transformer pictures. 
 
3.2 Details 
  

We have trained all models in 1200 epochs on the ic15 
dataset, 734 iterations per epochs, a total of 880800 
iterations to confirm the text detection effect of the DBU 
network. And the training batch was set to 8. We record the 
model with the best results of the test set in training and use 
the best model for performance evaluation. We set the 
initial learning rate to 0.001, and the first stage estimationꞌs 
exponential decay rate is used β_1 as 0.9, the second stage 
estimationꞌs exponential decay rate is used β_2 as 0.999. 
The training images are enhanced by anti-color, slight 
angle rotation, clipping, Gaussian noise interference, and 
merging, etc. All processed images are readjusted to 640 × 

640 and then input into the network for training to improve 
the training speed and reduce the GPU memory. 

 
3.3 Ablation Experiment 
  

We use the icdar2015 dataset to demonstrate the 
performance improvement of our proposed deep learning 
network. It can be seen from the table that the proposed 
R50_DBU (Resnet-50 as backbone network) is compared 
with other networks. The DBU network achieves the 
highest accuracy of 85% and h-means of 81% on the ic15 
dataset. At the same time, it has good performance in recall 
rate of 77% and training speed of 0.12 s/step, and it also 
has the least GPU occupation. The performance of the 
DBU network is better than that of the DB and East 
network. Compared with the R50_DB network, our 
network improves the accuracy index by 4%, H-means by 
1%. And our network's reasoning speed is nearly doubled. 
Compared with R50_East the reasoning time of the East 
network is increased, the accuracy and other indicators are 
greatly improved, and the number of iterations required for 
training is far less than that of the East network. 

Ablation experiments on the icdar2017 dataset 
demonstrated the performance of the R50_DBU network 
in Chinese English mixed text detection. In the comparison 
of Darknet53_DB, R50_East, and R50_DB, our network 
achieved the highest recall rate of 48% and the highest H-
mean of 55%. At the same time, it also had the least GPU 
occupation and faster training speed. Compared to the 
R50_DB network, the accuracy of R50_DBU decreased 
slightly, but the recall rate increased by 6%, the H-mean 
increased by 2%, and the reasoning speed nearly doubled. 
Compared with the R50_East network, although the time 
required for reasoning has increased, other indicators such 
as accuracy have been greatly improved, including 
accuracy 36%, recall 9%, H-mean 22%, and the number of 
iterations required for training is far less than R50_East 
network. 

Our network has an optimized feature fusion structure, 
which can fuse more scale feature maps. That is why our 
network is better than DB and East networks in precision 
and h-mean. At the same time, the feature fusion structure 
of our network reduces the redundancy, which makes it 
occupy less GPU and faster training speed than the DB 
network. 
 

 
Table 1 The ic15 dataset training results 

Network Precision Recall H-mean GPU use 
Training speed 

time/step 
Mv3_DB 78% 59% 67% ~ 6 GB 0.13 s 
R50_DB 81% 78% 8% ~ 9 GB 0.23 s 

Mv3_East 77% 78% 77% ~ 6 GB 0.03 s 
Darknet53_DB+swish 82% 75% 78.6% ~ 5 GB 0.14 s 

R50_East 70% 77% 73% ~ 6 GB 0.08 s 
R50_DBU 85% 77% 81% ~ 5 GB 0.12 s 

Dataset training parameter: batch size = 4; epoch =1200; single GPU; 2080ti; training images = 1000 

 
Table 2 The ic17 dataset training results 

Network Precision Recall H-mean GPU use 
Training speed 

time/step 
Darknet53_DB+swish 62% 39% 47% ~ 5 GB 0.14 s 

R50_East 29% 39% 33% ~ 6 GB 0.08 s 
R50_DB 71% 42% 53% ~ 9 GB 0.23 s 

R50_DBU 65% 48% 55% ~ 5 GB 0.12 s 
Dataset training parameter: batch size = 4; epoch =600; single GPU; 2080ti; training images = 8046  
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Figure 5 Picture of DB network detect transformer text. DB network omitted 

some dense text in detection 
 

 
Figure 6 Picture of DBU network detect transformer text. DBU network detected 

most of the texts on the transformer, including dense texts and long texts 
 

Fig. 5 and Fig. 6 show the comparison effect of the 
DBU network and the DB network on transformer pictures. 
The detection effect of our proposed DBU network after 
training on the same dataset is better than that of the DB 
network. We can see from the two text detection images 
that the DB network failed to detect the dense part of the 
text on this transformer. But the DBU network detects all 
the text on the transformer image. 
 
3.4 Detection Result of Transformer 

 
The text detection results of transformer pictures are 

shown in Fig. 7 and Fig. 8. The areas marked with different 
colors in the pictures are the text boxes detected by our 
network.  
 

 
Figure 7 Picture 1 of DBU network transformer detection 

 
Figure 8 Picture 2 of DBU network transformer detection 

 
From these two pictures, we can see that our proposed 

DBU text detection network can detect most of the text on 
transformers, including small texts, dense texts, and long 
texts. Our network not only ensures the accuracy of 
detection but also makes the detected text have semantic 
continuity. 
 
4 CONCLUSION 
  

Transformers are widely used in industrial engineering, 
the automatic detection method of transformersꞌ nameplate 
information is of great significance. We proposed a deep 
neural network based on segmentation to detect the text of 
the transformer pictures. The network determines the 
characters, numbers, and symbols in the image from the 
original transformer images to facilitate the recording and 
managing of the transformer nameplate information. 

Compared with the DB network, the DBU text 
detection network proposed has a certain improvement in 
the accuracy and h-means of the ic15 dataset and has a 
significant improvement in the network performance of the 
ic17 dataset. At the same time, the reasoning speed of the 
DBU network is better than that of the DB network, and 
the number of iterations required is much less than that of 
the East network. 

There are still some technical problems in our research. 
For example, the accuracy of the network trained in public 
datasets such as ic15 can be further improved, the network 
structure can be further simplified, and the scale of the 
model can be further reduced. In future research, we will 
try to introduce the transformer image dataset and simplify 
the model to improve the text detection network. The 
application of text detection on the nameplate of 
transformers and other equipment is still in its infancy. In 
the future, we will further improve the evaluation index to 
make it more reasonably reflect the accuracy of detection 
and identification. 
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