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Abstract—In the field of measuring parameters of mobile 

communication base station antenna, most of its methods share 

some deficiencies to a different extent. The traditional ones suffer 

from inferior efficiency and low safety coefficient while the 

state-of-the-art ones reveal problems of unsatisfying operational 

speed and accuracy. To address these problems, a high-speed and 

high-precision measuring system has been proposed with 

AntennaNet to speed up instance segmentation. Firstly, the dual 

attention mechanism module is designed and adopted in 

AntennaNet, which can promote the accuracy and efficiency of the 

detection and segmentation of mobile base station antenna, while 

the PointRend module with down-tilt fitting is also employed to 

smooth the edges of masks segmented from antenna images and 

measure the parameters data. Secondly, transfer learning is 

introduced to ameliorate overfitting and training difficulty caused 

by small samples. Thirdly, threshold, pixel coordinates and least 

square are applied to ascertain the number of antennas and 

measure the relevant parameters. Finally, this high speed and 

high precision measuring system is complete with the combination 

of android App and UAV. Experimental results fully attest to the 

preponderance of the proposed method in its significant 

improvement of segmentation speed, fitting accuracy speed and 

fitting accuracy of the antenna, whose relevant parameters of the 

fitting also conform to industry standards. Our method not only 

ensures staff safety but also improves social efficiency, which 

revolutionized the way of measuring antenna parameters of 

mobile communication base stations. 

 
Index Terms—AntennaNet; Dual attention mechanism; 

PointRend with down-tilt fitting; Transfer learning; Parameters 

measurement. 
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I. INTRODUCTION 

ASE station antenna, as the final transmission part of 

mobile communication wireless network and the last link 

of base station, weighs heavily in the overall quality, of mobile 

communication network. The down-tilt angle of mobile 

communication base station antenna is adjusted as per the 

network coverage requirements, distribution of traffic, 

anti-interference requirements, and network service quality, 

which can optimize antenna down-tilt [1] to bring about the 

maximum coverage probability of each base station antenna 

density. For example, in practice, if a large-scale event needs to 

be held, the mobile operators need to test in advance whether 

the network coverage dependent on the antennas down-tilt can 

meet the requirement of the event. If the conventional method is 

adopted, it involves climbing of the towers and manual 

measurement of all the base stations one by one so as to test 

whether the network coverage in this area can meet the needs of 

holding the large-scale event. When the results show negative, 

the antennas down-tilt needs to be adjusted manually to meet 

the demand of ensuring user experience.  

With the continuous advancement of the construction of 4G 

networks and the popularization of 5G networks, the require- 

ments for capacity and coverage of mobile communication 

networks and the number of mobile communication base 

station are synchronously increasing. To accommodate these 

changes, the structure of the base station is converted from a 

single-layer antenna structure [2-3] to a multi-layer antenna 

structure [4]. Therefore, it greatly raises the difficulty of 

measuring the antenna down-tilt manually with workers 

ascending the tower. Concerning this issue, many researchers 

have contributed their efforts to propose various scientific 

methods. Xu et al [5] proposed a non-contact measurement 

system based on kinematic structure, in which the accurate 

posture can be estimated with only a few images of the antenna 

taken and some easy interaction performed on the smartphone. 

However, this method falls short of accuracy with an error of 2 

degrees, far from satisfying the industry standards. Moreover, 

Pedras et al [6] introduced a novel quality of experience model. 

By evaluating several radio frequency channel indicators, the 

average opinion score level is used to estimate the quality 

perceived by the user to obtain the optimal antenna down-tilt 
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Fig. 1.  The framework of AntennaNet. Among them, the RetinaNet based on Feature Pyramid Network (FPN) and resnet101 are used to build a basic network 
framework. And the dual attention module: channel and spatial attention at every convolutional block of deep networks is to refine the intermediate feature map, and 

PointRend module is added after Protonet to generate more refined masks. 

 

followed by manual adjustment of the antenna down-tilt angle. 

Takashi et al [7] proposed a two-way direction detection unit to 

test the antenna in a state where the electromagnetic wave 

radiation plane points to a reference direction directly opposite 

to the measurement plane; then scanned and detected the 

two-way direction so as to test the relevant parameters of 

antenna. Nonetheless, in order to ensure the measurement 

accuracy, the measurement range must be controlled at the 

minimum, which greatly increases the difficulty of 

measurement and demands extremely high requirements on 

antennas. Undoubtedly the contributions of the methods 

mentioned above cannot be easily overlooked, but their 

problems such as large measurement errors, expensive labor 

costs, and harsh measurement environments similarly should 

also be clearly acknowledged. And our previous work [8] can 

solved these challenges just right by introducing a fully 

automatic and intelligent antenna measurement unmanned 

aerial vehicle (UAV) system for mobile communication base 

station. This system commences with the utilization of UAV to 

obtain antenna data to construct a self-made dataset and then 

completes antenna parameters measurement by combining 

instance segmentation and mathematical analysis, which can 

effectively strengthen the safety factor during measurement, 

efficiency, and productivity. Experiments certify its conformity 

to industry standards and its practicality in real world. In the 

past year, many successful cases of our system can be 

witnessed in lots of cities. With our system, the possibility of 

repetitive climbing tower by workers to measure antenna 

parameters has been completely ruled out. Instead, all they need 

is to utilize our system to measure the parameters of each 

antenna, mark the ones in need of adjustment, and then climb 

the tower to adjust. With the above comparison, our system 

greatly improves work efficiency and reduce risk factor. And 

we continued to work on the field of antenna parameters 

measurement for mobile communication base stations, and 

realized a revolutionary improvement based on the original 

method. AntennaNet, consisting of a one-stage instance 

segmentation network based on transfer learning [9] and dual 

attention mechanism is incorporated for much faster instance 

segmentation to automatically generate instance mask for each 

input according to their own characteristics and a PointRend 

module is added to for effectively improving the measurement 

accuracy. 

The structure of AntennaNet is shown in Figure1. Among 

them, the RetinaNet [10] based on Feature Pyramid Network 

(FPN) [11] and resnet101 are used to build a basic network 

framework. And the dual attention mechanism: channel and 

spatial at every convolutional block of deep networks is to 

refine the intermediate feature map, and PointRend is utilized 

to generate a more meticulous mask for each instance. 

Several empirical studies are implemented to certify the 

effectiveness of the proposed method. Meanwhile, we 

conducted numerous comparative experiments between the 

proposed method and the current antenna parameters 

measurement methods. The results prove that our method not 

only gets rid of the shackles of hardware, but also becomes the 

state-of-the-art method. Thus, the contributions of this work 

can be summarized as below.  

1) A novel instance segmentation network named Antenna- 

Net is presented to measure the parameters of mobile communi- 
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cation base station antenna, which combines the dual attention 

mechanism that poses channel attention in front of spatial 

attention based on backbone, the prediction module that 

generates category of region proposals and the segmentation 

module that produces high-quality mask of each antenna.  

2) PointRend module with down-tilt fitting is deployed to 

make further predictions for fuzzy segmentation edge points of 

the mask for polishing a more meticulous mask of instance. The 

addition of PointRend with down-tilt fitting can effectively 

improve the accuracy of measured antenna parameters. 

3) Transfer learning strategy confirmed to be effective for 

small samples tasks has also been incorporated to mobile 

communication base station antenna parameter measurement 

with limited labeled data to mitigate the influence of training 

difficulty and overfitting. 

4) A generalized antenna measuring system is introduced to 

inspect communication base station, which includes rich 

appearance and posture information of base station with a novel 

instance segmentation network. It can automatically ascertain 

the quantity of antennas in base station and the industrial 

parameters of each antenna. 

5) Extensive comparative experiments have been conducted 

with other advanced method focusing on speed as well as 

precision. Notably, our proposed network and system can 

outperform all the other existing methods on these two aspects. 

This paragraph introduces the layout of this paper as follows. 

Section 2 provides a summary of related works tackling the 

relative problems of antenna parameters measurement while 

Section 3 introduces AntennaNet which operates with much 

faster and high-precision base station antenna parameters 

measurement method. The elaboration of the design and 

workflow of this system is presented in Section 4 while 

experimental results are explained in Section 5. At length, an 

overview of the existing work and our expectations in this field 

are to be delivered in Section 6. 

II. RELATED WORKS 

With the continuous outstanding performance of deep 

learning [12] methods in various fields [13-16], and the 

astonishing progress of the computing power in artificial 

intelligence (AI), more and more companies have undoubtedly 

adopted deep learning methods as the research and application 

tool for key technologies. For instance, Mathews et al [17] 

initiated a method based on deep learning methods for 

classifying single-lead electrocardiogram (ECG) signals, 

achieving an excellent performance. Moreover, Li et al [18] 

applied deep learning to autonomous driving, where multi-task 

learning was first adopted to take internal visual images as 

input and predict trajectory features and then control decisions 

were made based on the reinforcement learning control module. 

In addition, Etxeberria et al [19] suggested a method based on 

monocular vision and deep learning architecture, making use of 

visual odometer, attitude estimation and other technologies to 

provide a new technical solution for train parking in railway 

positioning. Inspired by these methods above and the previous 

works, we intend to use deep learning methods to measure 

antenna parameters, so as to increase the suitability of our 

method for the actual industrial requirement. 

The flying capabilities of Unmanned Aerial Vehicle (UAV) 

can well address the difficulty of data acquisition arisen from 

the height of antenna, facilitating the acquirement of 

high-resolution data. In recent years, examples [20-21] of using 

UAV for deep learning have been common occurrences. 

Safadinho et al [20], based on Convolutional Neural Networks 

(CNN), designed a computer vision algorithm to supplement 

GPS, which could improve the safety of drones used for 

mission delivery while Wang et al [21] suggested an online 

distributed algorithm that used drones for tracking and 

searching, which took the problem of power into account and 

well settled the challenge of the best path. It can be predicted 

that UAV will continue to exert its unique advantages such as 

maneuverability, extendibility and stability in many fields. 

Varied from the mentioned studies, our method only makes use 

of the flying capabilities of UAV to obtain high-resolution 

image data, and simultaneously combines transfer learning, the 

attention mechanism [22,23] and the PointRend [24,25] module 

to complete the measurement of antenna parameters. 
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Fig. 3.  The process of the proposed AntennaNet with transfer learning. Among them, FC is the abbreviation of fully connected layer. 

 

As the name suggested, transfer learning serves to learn a 

general law (generalized knowledge) on the source domain and 

task, and then transfers this law to the target domain and task. 

Compared with traditional machine learning methods, transfer 

learning is dedicated to transferring data from the previous task 

to the target task which lacks high-quality training data, while 

traditional machine learning techniques devotes itself to 

capturing information from each task. The differences between 

them can be observed in figure 2. With the advent of transfer 

learning [26-27], more and more researchers utilize it to 

overcome various historical challenges, including detection, 

classification, and segmentation. For example, Talo et al [28] 

projected a method with deep transfer learning in the field of 

classification which could automatically distinguish normal 

and abnormal brain MR images, and obtained d 5-fold 

classification accuracy of 100% on 613 MR images.  

In the field of computer vision, the attention mechanism 

operates through selectively allocating visual processing 

resources to visually significant areas to understand and imitate 

the behavior of the human visual system. Simultaneously, with 

the substantial enhancement of computing power and the 

establishment of saliency detection data sets, deep learning 

technology has gradually become a means of attention 

mechanism calculation and modeling. Therefore, the attention 

mechanism has received copious attention from the academic 

community as soon as it came out, and has revealed great 

potential for wide-range application. Li et al [29] introduced a 

convolutional neural network (CNN) with the attention 

mechanism, which could perceive the occlusion area of the face 

and focus on the unique distinguishing non-occlusion area. 

Experiments confirm the truth that this method augments 

non-occlusion recognition accuracy of areas and occlusion 

areas. Liu et al [30] proposed an attention-based bidirectional 

long short-term memory (LSTM) storage framework with 

convolutional layer, which can overcome uneven classification 

due to the high dimension and sparseness of text data. Woo et al 

[31] raised a convolutional block attention module that could be 

conducted with the attention map in turn along channel and 

spatial for feedforward convolutional neural network. It can be 

concluded from the above methods that no matter in 

classification tasks, segmentation tasks or detection tasks, the 

attention mechanism can effectively improve the accuracy. 

Therefore, based on this conclusion, we adopt transfer learning 

method and combine it with UAV, the attention mechanism, the 

PointRend module (detailed in Section3) and numerical 

analysis to complete the measurement task of mobile 

communication base station antenna parameters, and realized 

the original intention of a much faster and more accurate model. 

III. OUR METHODOLOGY 

Developing a deep learning approach for base station 

antenna segmentation requires copious labeled training data, 

but the labeling and collection process happens to be the 

bottleneck. To overcome this difficulty, we aim to leverage 

transfer learning and to obtain parameters from a model of large 

databases trained by a deep convolutional neural network for 

instance segmentation of base station antennas. Afterwards, the 

dual attention mechanism is adopted to improve segmentation 

accuracy, while the PointRend module demonstrates its 

effectiveness in smoothing the edge of segmented mask support, 

followed by recuperating antenna parameters measurement 

accuracy. Ultimately, we utilize numerical analysis to measure 

antenna parameters. Figure 3 can be referred to the elaboration 

of the framework of our proposed method. 

A. YOLACT 

YOLACT [32] proposed by Bolya et al is one of the 

constructions for the proposed algorithm and measuring system 

in this paper. Therefore, we would like to fully introduce and 

explain the YOLACT method before introducing other parts of 

the algorithm. Three losses functions of YOLACT include 

category confidence loss Lcls , box regression loss Lbox , and 

mask loss Lmask , which are actually Softmax Loss, smooth-L1 

Loss and the loss used to calculate the binary cross-entropy loss
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Fig. 4.  Flow diagrams during proposed method. 

 
between the integrated masks and ground truth masks 

respectively. The mask loss Lmask  can be drawn as:  

( , )gtLmask BCE M M=                           (1) 

The weight coefficients of these three losses are 1, 1.5, 6.125. 

And during the training process, the online hard example 

mining algorithm ensures the ratio of positive and negative 

samples as 3:1. It is worth noting that since the size of the mask 

is 138 138 , the mask data of the original image needs to be 

reduced accordingly by bilinear interpolation to the same size 

when calculating the mask loss. There is a Head architecture in 

[32] to process the feature map of the FPN network to generate 

three types of output: confidence of all categories with a 

dimension as 3 81W H    because 81 categories in COCO; 

all position offset in a dimension of 3 4W H   ; and all mask 

coefficient with a dimension as 3 32W H   , in all of which, 

3 represents the number of anchors generated by each pixel. 

In addition, a Protonet structure is designed which consists of 

multiple 3 3  convolutional layers, up-sampling layers and a 

1 1  convolutional layer to output masks with a dimension of 

138 138 32  . The difference between this structure and Fully 

Convolutional Networks (FCN) lies in its no specific loss for 

prototypes. On the contrary, all the supervision information of 

these prototypes comes from the mask loss after integration. 

B. Basic Framework 

Two-stage models [33-34] which are driving serial logic 

through re-pooling operations such as ROI (Region of Interest) 

aligned in [33] to map features to the bounding box. This 

explains the hardness to speed up the process for two-stage 

model. Albeit FCIS [35] has made some efforts, such as parall- 

elizing the re-pooling operation, it still lacks a favorable speed 

due to too many post-processing steps. It was not until Bolya et 

al [32] provide a simple full convolution model for real-time 

instance segmentation that both speed and accuracy in instance 

segmentation could be considered at the same time. It is the first 

real-time one-stage instance segmentation model and its main 

idea is to directly add the mask branch to the one-stage object 

detection algorithm without adding any ROI pooling operation, 

Inspired by YOLACT [32] and Mask RCNN [33], the proposed 

AntennaNet combines one-stage object detection structures 

with their details listed in [36-38] and a mask branch to segment 

the targets that can increase segmentation speed. The training 

and inference process of proposed method are shown in Figure 

4. Unlike traditional instance segmentation tasks, we construct 

masks for antennas through two simple parallel tasks seen in 

Figure 4. Since fully connected layers in FCN specializes in 

generating semantic vectors which can also be utilized to 

engender a set of prototype masks of the same size as original 

image, this becomes one of the parallel tasks. The other parallel 

task is to add an additional prediction head to one-stage object 
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detection branch to forecast the vector of mask coefficients. 

Each anchor represented by instance in prototype space can be 

encoded with it, fully utilizing the ability of convolutional 

layers’ edge in generating spatial coherent masks. Finally, it is 

assembled by matrix multiplication, which not only retains the 

spatial correlation, but also maintains the one-stage model 

structure, engaged with extremely fast operational speed. 

C. Dual Attention Mechanism 

This paper adopts a simple but effective dual attention 

mechanism module, with which, the attention weight can be 

inferred along channel and spatial in turn by an intermediate 

feature map, and then be multiplied by the original feature map 

to adjust feature adaptively. Because of its extremely lightwei- 

ght assembly process, the dual attention mechanism module 

can be seamlessly incorporated into any CNN architecture with 

trifling additional overhead, and can be trained end-to-end with 

any basic CNN, whose details are displayed in Figure 5. Dual 

attention module has two sequential sub-modules: channel and 

spatial, in which both max-pooling and average-pooling 

outputs are fully employed with a shared network. Spatial 

attention module merges two similar outputs along the channel 

axis and maps them to convolutional layer while the channel 

attention module focuses on meaning feature, each channel of 

which represents a detector. In order to gather spatial features, 

global average pooling and max pooling are deployed to obtain 

different feature information which can be described below: 

1 0 1 0 max

( ) ( ( ( )) ( ( )))

           (( ( ( )) ( ( ( )))





= +

= +C C

avg

Mc F MLP AvgPool F MLP MaxPool F

W W F W W F
 (2) 

The input is feature F of H×W×C. First, a spatial global 

average pooling and a maximum pooling are performed 

respectively to obtain two 1×1×C channel descriptions. Then, 

they are respectively sent to a two-layer neural network, where 

/C r denotes the number of neurons on the first layer, C 

represents the number of neurons on the second layer and 

ReLU refers to the activation function. This two-layer neural 

network is assigned to common use. Then, the two obtained 

features are added and passed through a sigmoid activation 

function to obtain the weight coefficient Mc. Finally, 

multiplication is executed on the weight coefficient and the 

original feature F to get the new feature after scaling.  As for the 

spatial attention module, it aims to focus on meaningful 

features whose detailed information can be referred to the 

following formula.  
7 7

7 7

max

( ) ( ([ ( ), ( )]))

           ( ([ ; ]))

s

S S

avg

M F f AvgPool F MaxPool F

f F F









=

=
       (3) 

Similar to channel attention, spatial attention module also 

possesses feature F of H×W×C as the input. To begin with, an 

average pooling and a max pooling of a channel dimension are 

introduced to obtain two H×W×1 channel description, and to 

splice these two descriptions together according to channels. 

Then, after the handle of a 7×7 convolutional layer and 

sigmoid activation function, the weight coefficient Ms can be 

obtained. Lastly, the weight coefficient and the feature F are of 

channel attention and spatial attention can be combined in a 

multiplied to get the new feature after scaling. The two modules 
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parallel or sequential manner with any basic CNN. Through 

experiments, it is validated that sequential combination with the 

channel attention mechanism in the front provides better results. 

These two independent attention modules not only can save 

parameters and computing power but also can be integrated into 

the existing network architecture as a plug-and-play module. 

D. PointRend with Down-tilt Fitting 

Because of the extreme sampling problems in the pixel 

labeling task, the mask branch cannot add a very meticulous 

and accurate mask for each instance, which will greatly 

undermine the accuracy of antenna parameters measurement in 

our work. Consequently, this paper resorts to an efficient and 

high-quality pointrend module to smooth the mask edges of 

segmented instances and to minimize measuring error of 

antenna parameters. Pointrend is mainly composed of three 

parts: point selection strategy, point-wise feature representation, 

and point head. The point selection strategy mainly relies on 

flexible and adaptive selection of suitable sampling points. It 

means that more points are sampled in border areas, and fewer 

points are sampled in non-border areas. After the point 

selection strategy, the most uncertain points are selected to 

re-predict the segmentation results of these points. Fine-grained 

features and coarse prediction features expounded in Figure 6 

are used to calculate the feature of each point as the input of the 

point head to conduct re-prediction. After point-wise feature 

representation calculates the feature of each special point (the 

most uncertain point), the feature of each point is processed 

through point head to obtain a new prediction result. The steps 

above can be summarized as the special processing of points at 

the boundary position, aiming to further refine the result. Hence, 

the mask edge of antennas in mobile communication base 

station can be delicately smoothed by pointrend to enhance 
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Fig. 7.  Fitting pixel coordinates of the mask edge to calculate the antennas down-tilt angle. 

 

fitting accuracy and parameters measurement accuracy. Then, 

Down-tilt fitting in pointrend module is presented here. Least 

squares method [39], the most basic and important data fitting 

method, is used to learn the relationship between the masked 

pixels to quantify the antenna parameters. With its wide range 

of applications in modeling, least squares method plays a 

critical role in the research of a large amount of data analysis. 

So as to abate the measurement error and calculation cost, the 

3/5 pixel value coordinates (the top and bottom 1/5 of the mask 

are removed) of the edges on both sides of the mask are selected 

to fit the down-tilt angle of antennas in mobile communication 

base station. The process is demonstrated in figure 7. 

Above all, assume the parameter estimation equation as (4), 

in which x and y represent the abscissa point and the ordinate 

point of the pixel value coordinate point selected in the mask 

respectively,  denotes the correlation coefficient, and  refers 

to the bias. 

0 1 2 ky x x x    = + + + + +                 (4) 

If m sets of pixel value coordinates are taken into (4), results 

can be written as (5). 

1 0 1 11 2 12 1 1

2 0 1 21 2 22 2 2

0 1 1 2 2

k k

k k

m m m k mk m

y x x x

y x x x

y x x x

    

    

    

= + + + + +


= + + + + +


 = + + + + +

     (5) 

The matrix expression form of (5) is: 

y BX = +                              (6) 

Thereby, the sum of squares of the difference between the 

observed value and the estimated value of the explained 

variable is: 
2

2

1 1

( ) ( ) ( )
n n

i i i

i i

Q e y y e e Y X B Y X B
  

= =

 = = − = = − −    (7) 

According to the principle of least squares, parameter 

estimate is the solution of following equations. 

ˆ ˆ( ) ( ) 0
ˆ

Y XB Y XB
B


− − =


                  (8) 

So the least squares estimate of parameter is: 

  1ˆ ( )B X X X Y− =                         (9) 
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Flying inspection UAV Real-time parameters measurement algorithm Mobile APP operating platform

Monitor

Feedback graphic 

interface

Return measurement 

results Display

Setting parameters Select model

Fig. 8.  The basic framework of UAV automatic measurement system. 

 

(a)

(b)  
Fig. 9.  Antennas number separation. (a) and (b) are the down-tilt angle measurement results of different antennas respectively. The unit of Down-tilt angle is degree 

expressed as (
。
), while the unit of Image Sequence is frame abbreviated as (f). 

 

E. Transfer Learning 

Despite of the extensive applications [40] of deep convolute- 

ion neural networks thanks to its ability to learn rich image 

representations, there still requires a large amount of data to 

help learn these features. And unfortunately, the dataset used in 

this paper precisely falls short of data which will cause 

overfitting and training difficulty, but transfer learning can 

dispose of the problem appropriately. Transfer learning refers 

to an approach that transfers knowledge, both low-level and 

mid-level features, from a related domain to a new problem and 

thus greatly decreases the amount of data from the new domain. 

Therefore, if transfer learning is applied to transfer an image 

recognition model trained on massive images to mobile 

communication base station antennas segmentation task, the 

obsession caused by small samples can be effectively alleviated 

and the same favorable performance can be obtained as massive 

data tasks do. In this work, the adoption of transfer learning can 

successfully offset the impact of small communication base 

station antenna samples on the performance of AntennaNet 

detailed in Figure 2 and Figure 3. The experimental results 

strongly prove the effectiveness of transfer learning. 

The theory of transfer learning can be comprehended as 

follows. Transfer learning, given a source domain sD  and a 

target domain TD , which correspond to learning tasks sT  and 

TT , intends to improve the learning ability of target prediction 

function ( ( ))f T   in TD  utilizing the knowledge of sD and sT , 

in which s TD D  or s TT T . In this study, small mobile 

communication base station antenna samples can be regarded 

as TD , and massive images of multiple categories on MS 

COCO [41] or ImageNet [42] are considered as sD . Transfer 
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(c) Aspect ratio  

(a) Down-tilt Angle

(b) Area

 
Fig. 10.  Process of measuring the number of antennas by different parameters. The unit of Area is pixel2 donated to (PX2). 

 

 

Fig. 11.  Mobile terminals android APP interface. 

 

learning strategy is implemented to share some parameters to 

make full use of the similarities between the models for better 

performance. 

IV. AUTOMATIC PARAMETERS MEASUREMENT SYSTEM 

With the proposal of AntennaNet, antenna can be effortlessly 

segmented in pixel-level to enable antenna parameters measur- 

ement. Fully playing to the strength of UAV in obtaining video 

data of mobile communication base station, we develop an 

Android app to adapt to AntennaNet and UAV so that we can 

output and display the communication base station video from 

UAV’s perspective and the quantity of antennas and measure- 

ment results for each antenna on the mobile terminal. 

A. Framework and Flowchart of Measurement System 

Figure 8 explains the framework of the new faster 

measurement system that we designed and developed. The 

whole process starts with turning on the UAV, setting the 

UAV's orbiting height and radius on APP interface and 

selecting the parameters measurement model to be called 

during UAV's orbiting process. After UAV flies around the 

mobile communication base station, the algorithm proposed 

above processes the video taken by UAV, determines the
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number of antennas through threshold and pixel coordinates, 

and measures the parameters (aspect ratio, down-tilt angle, area, 

etc.) of each antenna in a much faster speed. Finally, results of 

algorithm measurement and the antenna attitude calculated 

based on the UAV video are fed back to mobile APP interface. 

Flowchart of automatic measurement of antenna parameters 

can be reviewed in algorithm 1 for mobile communication base 

station. It includes a flying inspection UAV, a much faster 

parameters measurement algorithm, and a mobile terminal 

Android APP operating platform. 

B. Visualization of APP and Parameters Measuring results 

Through the video captured by UAV during its flights 

around mobile communication base station, the number of 

antennas in the video and the relevant parameters of each 

antenna can be obtained with higher speed with the help of the 

algorithm proposed in this paper. Diagrams in Figure 9 list 

different parameters of the same antenna obtained by 

processing the video, which apparently certifies that wrong 

segmentation or missing segmentation barely affects the 

determination of the same antenna. And the horizontal axis of 

each sub-figure represents the number of frames, and the 

vertical axis represents the down-tilt angle. However, a 

different story is told in a multi-antenna video because we 

found that different antenna parameters can be used to ascertain 

the number of antennas, which is determined by threshold value 

and the discrepancy between pixels coordinate. Figure 10 

reveals the process of determining the quantity of antennas with 

various parameters (down-tilt angle, area and aspect ratio). 

Among them, the horizontal axis of each sub-figure represents 

the number of frames, and the vertical axis represents the 

down-tilt angle, area, and aspect ratio. Finally, the video taken 

by UAV and the results measured via the algorithm are 

displayed in mobile terminal Android APP Interface which can 

be referred to Figure11. 

V. EXPERIMENTAL RESULTS AND ANALYSIS 

The computer employed in the experiments is configured as 

Core i9cpu with 64G running memory, and 1080Ti graphics 

cards with 11G memory. The experiments are conducted with 

ubuntu18.04 operating system, and pytorch1.1.0. We 

constructed a database named Antennascapes, which is a 

low-altitude natural scene database with 2categories of 1500 

train images and 219 test images, some of which can be 

observed in Figure 12. All images are higher resolution 

(1024×2048 pixels) compared to ImageNet and MS COCO and 

have better pixel accuracy for ground truth instance 

segmentation, as they are captured by the flight of UAV around 

the mobile communication base station. 1500 train images are 

artificially accurately labeled by VGG Image Annotator (VIA), 

while 219 testing images are adjusted to a specific angle 

(1
。
,4
。
,5
。
,6
。
,7
。
,8
。
,9
。
,12

。
,15

。
) by professional workers to verify 

the accuracy of measurement results. Specific angle 

distribution of 219 testing images can be examined in Table 1. 
TABLE 1 

SPECIFIC ANGLE DISTRIBUTION OF TEST IMAGES 

Testing set with angel information 

Angel 1
。
 4

。
 5

。
 6

。
 7

。
 8

。
 9

。
 12

。
 15

。
 

Number 13 25 22 30 25 23 22 39 20 

A. Experiment description 

All models are trained with the batch size 16 on GPU using 

MS COCO [41] pre-trained weighs. We neither freeze the 

pre-trained batch specification, nor add an additional BN layer 

because the setting batch size can sufficiently satisfy the use of 

batch norm. We train with (Stochastic Gradient Descent) SGD 

for 100000 iterations at an initial learning rate of 10−4 and 

divide by 10 at iterations 20000, 70000, 80000, and 85000, with 

a weight decay of 5×10−5, a momentum of 0.9, score threshold 

set to 0.247 and all data augmentations in SSD [38]. It takes 10 

to12 days to handle our 1500 training images. 

1) Analysis of Dual Attention Mechanism 

As the distribution of section 3.2 and shown in Figure 1, the 

dual attention mechanism with the channel attention placed in 

front of spatial attention is inserted between the convolutional 

layers C1 and C2, C2 and C3, C3 and C4, C4 and C5. We 

combine different feature extraction networks (resnet101, 

resnet50, darknet53) with FPN network to verify the 

effectiveness of attention mechanism module in this paper 

under the pre-training model of MS COCO, with comparative 

results detailed in Table 2, in which segmentation accuracy 

indicates the ratio of segmented non-back antenna to all 

non-back antennas. Furthermore, since it is considered that less 

than 1-degree error exists between the measured value of the 

antenna down-tilt angle and the actual value, which can be 

ignored in the actual scene application, the fitting accuracy is 

defined as the ratio of the quantity of front-side antennas which 

are segmented and their down-tilt angles are measured within 1 

degree with comparison to the real down-tilt angles of the 

number of detected front-side antennas. The difference between

Algorithm 1:  

Flowchart of automatic measurement of antenna parameters 

Input:  

Video data X  of mobile communication base station with antenna 

captured by UAV. 

Output: 

 Number n  of antennas, down-tilt d , area a  and aspect ratio r of 

each antenna are all displayed on the APP interface. 

Step1: Given a video data X  of mobile communication base station 

with antenna captured by UAV; 

Step2: Frame video X and use them as the input to proposed algorithm; 

Step3: Proposed algorithm processes the framed images in turn, and 

generates prototype masks p  and mask coefficients m ; 

 

Step4: The most uncertain points in prototype masks are selected to 

re-predict the segmentation results to generate a new prototype masks 

p ; 

Step5: Multiply m and p , and get the mask M  of each antenna after 

threshold filtering; 

Step6: Perform linear fitting on the edge coordinates of obtained mask

M to acquire the antenna parameters such as down-tilt d , area a  and 

aspect ratio r ; 

Step7: Determine the number n  of antennas by pixel coordinates and 

threshold (the empirical value of multiple verification is 50); 

Step8: Combine all masked images into video in sequence and output 

the number of antennas n , down-tilt d , area a  and aspect ratio r . 
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Fig. 12.  Samples of Antennascapes, the first four images are selected from training set; the last four from testing set. They are the antenna images of mobile 

communication base stations at different times, weathers, and locations to increase the generalization of model trained by these training images. 

 

 

 

 
(a)                                           (b)                                              (c)                                            (d) 

Fig. 13.  Attention map output by each dual attention mechanism module on resnet50. The first, the second and the third row are attention maps with antenna 

down-tilt angles of 5, 12 and 15. (a) is the attention map between Convolutional layer C1 and C2; (b) is the attention map between Convolutional layer C2 and C3; 

(c) is the attention map between Convolutional layer C3 and C4; (d) is the attention map between Convolutional layer C4 and C5. 

 

TABLE 2 
COMPARISON TABLE OF RESULTS OF DIFFERENT FEATURE EXTRACTION 

NETWORKS WITH OR WITHOUT ATTENTION MECHANISM 

 Resnet101(%) Resnet50(%) Darknet53(%) 

W WO W WO W WO 

Segmentation 

accuracy 
93.54 93.22 98.75 87.73 98.71 97.07 

Fitting accuracy 71.63 58.83 94.50 70.83 67.54 55.36 

 
TABLE 3 

SEGMENTATION ACCURACY COMPARISON 

Method Resnet101(%) Resnet50(%) Darknet53(%) 

Basic 93.22 87.73 97.07 

Basic+pointrend 93.51 87.69 96.89 

Basic+attention 93.54 98.75 98.71 

Basic+attention+ 

pointrend 
93.62 98.70 98.74 

 

TABLE 4 
FITTING ACCURACY COMPARISON 

Method Resnet101(%) Resnet50(%) Darknet53(%) 

Basic 58.83 70.83 55.36 

Basic+pointrend 62.38 76.14 69.17 

Basic+attention 71.63 94.50 67.54 

Basic+attention+ 

pointrend 
78.85(+7.22) 96.86(+2.36) 71.42(+3.88) 

 
TABLE 5 

COMPARISON RESULTS OF TRANSFER DIFFERENT MODELS 

 MS COCO[41] ImageNet[42] 

W WO W WO 

Segmentation  

accuracy 
87.73% 72.90% 86.91% 72.90% 

Fitting accuracy 70.83% 59.68% 70.09% 59.68% 

“W” and “WO” lies in the presence and absence of a dual 

attention mechanism module in the network structure 

respectively. 

Data in Table 2 illustrates that the highest segmentation 

accuracy reaching 98.75% and fitting accuracy surging to 94.50% 

occur in the feature extraction network called Resnet50 with 

dual attention module. When compared with the figures in the 

same network but without attention mechanism in its next 

column, they witness a significant improvement in both 

segmentation accuracy and fitting accuracy. Figure 13 involves 

the attention maps output by each dual attention mechanism 

module in the feature extraction network resnet50 with FPN. 

They express the idea that the redder the images seem, the 

greater contribution of these areas can be made to the final 

prediction result. The opposite theory can be applied to the blue 

area in these images. 
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(a) 

 
 

(b) 

Fig. 14.  Measurement result of the same image whose antenna actual down-tilt angle is 12 degrees. (a) without pointrend module, the measurement result is 10.80; 

(b) with pointrend module, the measurement result is 12.03. 

 
TABLE 6 

PRECISION COMPARISON WITH RELATED METHODS ON THE SAME DATASET 

Method Backbone 
Detection 

accuracy 

Segmentation 

accuracy 
Fitting accuracy 

Mask R-CNN[33] Resnet101 - 99.44% 58.2% 

Faster R-CNN[34] Resnet101 89.85% - - 

YOLOv3[36] Darknet53 92.72% - - 

Basic Darknet53 97.07% 97.07% 55.36% 

Basic+pointrend Darknet53 96.89% 96.89% 69.17% 

Basic+attention Darknet53 98.71% 98.71% 67.54% 

AntennaNet(ours) Darknet53 98.74% 98.74% 71.42% 

Basic Resnet101 93.22% 93.22% 58.83% 

Basic+pointrend Resnet101 93.51% 93.51% 62.38% 

Basic+attention Resnet101 93.54% 93.54% 71.63% 

AntennaNet(ours) Resnet101 93.62% 93.62% 78.85% 

Basic Resnet50 87.73% 87.73% 70.83% 

Basic+pointrend Resnet50 87.69% 87.69% 76.14% 

Basic+attention Resnet50 98.75% 98.75% 94.50% 

AntennaNet(ours) Resnet50 98.70% 98.70% 96.86% 

 

2) Analysis of Pointrend with Down-Tilt Fitting 

As the distribution of section 3.3 and shown in Figure 1, the 

PointRend module is added after protonet to form more refined 

masks. For verifying the effectiveness of pointrend module, 

this work respectively adds pointrend to basic structure and the 

basic structure with attention mechanism under different 

feature extraction networks to test their segmentation and 

fitting accuracy. In Table 3 and Table 4 we find segmentation 

accuracy comparison and fitting accuracy comparison, through 

which it can be concluded that the pointrend module 

contributes more to fitting accuracy than segmentation 

accuracy. It is obvious that fitting accuracy has been greatly 

improved after adding pointrend module to the proposed 

method regardless of the feature extraction network. On the 

contrary, the addition of the pointrend module does not come in 

significantly for the segmentation accuracy.  

In the same feature extraction network resnet50 with 

attention mechanism, using the pointrend module as the control 

variable, we separately trained the network with and without 

the pointernd module for the same parameters. Then we tested 

the same image whose down-tile angle is 12 degree in testing 

set, and the results are shown in Figure 14. Without pointrend 

added to AntennaNet, we measure the down-tilt angle of front 

side antenna at 10.80 degree with a discrepancy of 1.2 degrees,
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 (a)                                                               (b)                                                              (c) 

 
   (d)                                                               (e)                                                              (f) 

 
   (g)                                                               (h)                                                              (i) 

Fig. 15.  Error analyses of measured value and the actual value of each antenna down-tilt angle in testing set. (a)-(i) represents the fluctuation of the measured value 

when the actual value from 1 degree to 15 degree respectively. Among them, the horizontal axis represents the number of testing samples, and the vertical axis 

donates to the absolute error between the measured value of the antenna parameters and the true value. 

 

which deviates from the industry standards, while with 

pointrend added to AntennaNet, the down-tilt angle of front 

side antenna at 12.03 degree barely shares any difference from 

the actual value. The results prove the astonishing effectiveness 

of the PointRend module in improving fitting accuracy in 

antenna parameters measurement tasks. 

3) Analysis of Transfer Learning 

Since the amount of training samples positively correlates to 

the accuracy of the trained model, transfer learning method is 

drawn into to solve the problem of insufficient samples in this 

paper. We employ the weights in the model trained by MS 

COCO [41] and ImageNet [42] as our initialization weights, to 

avoid the need of random initialization for the weights. Table 5 

delivers the data of the segmentation and fitting accuracy 

obtained by using only resnet50 and FPN modules to perform 

weight transfer on these two models. The “W” column 

indicates the introduction of transfer learning to AntennaNet 

while “WO” column does the opposite. 

This comparison conveys the message that by initializing the 

weight of MS COCO dataset model, a higher segmentation and 

fitting accuracy can be acquired in MS COCO dataset model 

than those in ImageNet dataset model for the antenna 

segmentation of our mobile communication base station and 

TABLE 7 
SPEED COMPARISON WITH RELATED METHODS ON THE SAME DATASET 

Method Backbone 
Time (s) 

Inference Time Testing Time 

Mask R-CNN[33] Resnet101 4.74 1.21 

Faster R-CNN[34] Resnet101 2.21 0.81 

YOLOv3[36] Darknet53 1.46 0.01 

Basic Darknet53 0.68 0.12 

Basic+pointrend Darknet53 0.94 0.26 

Basic+attention Darknet53 0.71 0.13 

AntennaNet(ours) Darknet53 0.99 0.28 

Basic Resnet101 0.71 0.10 

Basic+pointrend Resnet101 1.02 0.31 

Basic+attention Resnet101 0.77 0.15 

AntennaNet(ours) Resnet101 1.03 0.33 

Basic Resnet50 0.61 0.10 

Basic+pointrend Resnet50 0.96 0.29 

Basic+attention Resnet50 0.65 0.14 

AntennaNet(ours) Resnet50 0.98 0.31 

 

antenna down-tilt measurement tasks. It is worth noting that 

assisted with transfer learning, both of the accuracies have 

witnessed a favorable growth. Apparently, transfer learning 

succeeds in tremendously raising the segmentation accuracy of 

small samples tasks.  
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TABLE 8 
COMPARISON OF ACTUAL AND MEASURED ANTENNA DOWN-TILT ANGLES BETWEEN PROPOSED METHOD AND PREVIOUS METHODS 

Actual angle 1
。
 4

。
 5

。
 6

。
 7

。
 8

。
 9

。
 12

。
 15

。
 

Mean error [8] 1.34 0.50 0.16 0.54 0.99 0.61 0.23 1.40 1.09 

Mean error of proposed method 0.42 0.34 0.75 0.26 0.09 0.19 0.09 0.17 0.35 

Variance[8] 0.25 1.60 0.96 1,40 9.19 1.14 2.61 4.85 0.54 

Variance of proposed method 0.09 0.46 0.17 0.15 0.43 0.30 0.06 0.14 0.12 

 

B. Precision Comparisons with Other SOTA Methods 

Comparisons are conducted among detection, segmentation 

and fitting accuracy of our method with current one-stage, 

two-stage detection and instance segmentation algorithms 

based on deep learning methods as well as on different modules 

of our proposed method. Table 6 unravels that when the feature 

extraction network remains to be Resnet50, the method 

proposed in this paper performs best on all aspects, greatly 

surpassing the previous work [8] and some current one-stage 

and two-stage detection and instance segmentation algorithms 

based on deep learning methods in terms of fitting accuracy. 

Even though the detection accuracy of AntennaNet as a 

one-stage instance segmentation framework, is slightly lower 

than that of Mask R-CNN as a two-stage instance segmentation 

algorithm, it still surpasses that of Faster R-CNN YOLOv3 and 

hardly affects the proposed method in this paper to determine 

the number of antennas and output the parameters of each 

antenna. 

C. Speed Comparisons with Other SOTA Methods 

Afterwards, we defined that Time in Table 7 is expressed as 

the sum of the inference time and testing time, where the 

inference time includes the time to load the model and infer the 

testing data obtained based on the trained content, while the 

testing time includes the time for instance segmentation or 

detection and parameters measurement. Various time costs of 

our method with current one-stage, two-stage detection and 

instance segmentation algorithms based on deep learning 

methods are studied. Likewise, the same comparison is 

conducted on our proposed method with different modules. 

Table 7 suggests that the proposed method is less 

time-consuming than two-stage detection and instance 

segmentation algorithms, and can realize fast measurement, the 

measurement time is 0.31s in the feature extraction network 

named Resnet50. Also, it exceeds the detection speed of Faster 

R-CNN without the mask step. When taking not only the 

accuracy but also the speed into consideration, our proposed 

method bears the comprehensively best outcome among all the 

methods discussed in the experiments. 

D. Antenna Measuring Error 

It is inspiring that our method serves well to enhance the 

performance of the current state-of-the-art methods on mobile  

communication base station antenna parameter measurement 

task, which attests to and underlines the effectiveness and 

importance of dual attention mechanism and Pointrend by 

transfer learning. We intend to work out which model performs 

best through comparing the measured angle and the real angle 

with experimental data filled in Table 8. It is indicated that the 

error value of each group of the same angle image measurement 

result falls within 1 degree, which fully meets the industry 

standard. Meanwhile, the mean errors of the proposed method 

and the previous method [8] have been compared with each 

other and a variance analysis of the proposed method has been 

conducted. From table 8, it can be reached that the fitting 

accuracy summarized from mean error comparison and system 

stability generalized from variance comparison of the proposed 

method AntennaNet are much better than those of the previous 

methods. The error analysis using proposed network and 

system of measured value and actual value of each antenna 

down-tilt angle in testing set is shown in figure 15. Among 

them, horizontal axis represents the quantity of measured 

images at the same angle, and vertical axis denotes the error 

between measured value and actual value. To our surprise, no 

obvious fluctuation can be spotted for the data at the same angle, 

which bears out the extremely favorable reliability and stability 

of the system proposed in this paper. 

VI. CONCLUSION 

A fully automatic high-speed and high-precision measure- 

ment system for antenna parameters is unprecedentedly propo- 

sed to replace traditional mobile communication base station 

antenna parameters measurement methods which mainly 

involve manual measurement. We design a one-stage instance 

segmentation framework with dual attention mechanism 

module as well as the pointrend module. Combining transfer 

learning and linear fitting module can realize a much faster 

measurement of parameters for mobile communication base 

stations antenna. With comprehensive experiments, it has been 

confirmed that appropriate training strategies employed can 

engender prominent performance in automatic antenna 

parameters high-speed measurement. Compared with current 

one-stage, two-stage detection and instance segmentation 

algorithms based on deep learning methods including Mask 

R-CNN, Faster R-CNN and YOLOv3, our method significantly 

excels in shorter recognition time and higher fitting accuracy 

while compared with the traditional methods, our method 

outperforms in less artificial participation, greater work 

efficiency and higher security. In addition, it is estimated that 

our high-speed and high-precision antenna parameters 

measurement method will act an essential role in the 5G era 

characterized with high bandwidth, low latency and high 

concurrency. 

Our proposed method, apart from its standalone utility, is 

trusted with providing an effective and practical solution for 

mobile communication base station antenna parameters 

measurement. It stands an extremely promising future as it is an 

unparalleled system that can simultaneously realize high-speed 

measurement and ensure high segmentation accuracy. Its 
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strengths facilitate its usage in the field of low-altitude 

measurement in more complex scenarios and effectively reduce 

the dangers arisen from manual measurement. 
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