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Abstract

:

Three-dimensional SAR imaging of urban buildings is currently a hotspot in the research area of remote sensing. Synthetic Aperture Radar (SAR) offers all-time, all-weather, high-resolution capacity, and is an important tool for the monitoring of building health. Buildings have geometric distortion in conventional 2D SAR images, which brings great difficulties to the interpretation of SAR images. This paper proposes a novel Rotating SAR (RSAR) mode, which acquires 3D information of buildings from two different angles in a single rotation. This new RSAR mode takes the center of a straight track as its rotation center, and obtains images of the same facade of a building from two different angles. By utilizing the differences in geometric distortion of buildings in the image pair, the 3D structure of the building is reconstructed. Compared to the existing tomographic SAR or circular SAR, this method does not require multiple flights in different elevations or observations from varying aspect angles, and greatly simplifies data acquisition. Furthermore, both simulation analysis and actual data experiment have verified the effectiveness of the proposed method.






Keywords:


SAR; rotating SAR; 3D imaging; building health monitoring












1. Introduction


Health monitoring of buildings is of great significance for urban safety [1]. Timely detection and repair of structural deformation can extend building life and reduce maintenance costs and frequency. Methods to evaluate building health are broadly categorized into contact and non-contact approaches [2]. Contact methods involve attaching sensors directly to the building surface, but this technique needs dense nodes, and it is also complex and inaccurate. Non-contact methods, including LiDAR and radar technologies, offer remote sensing capabilities. These methods can be positioned at an appropriate distance, allowing their beams to accurately target the structures. Though LiDAR is highly accurate, it is affected by weather conditions such as rain and fog. In contrast, synthetic aperture radar (SAR) is safe, convenient, weather independent, can operate continuously, and monitor remote areas reliably. SAR 3D imaging offers comprehensive and accurate structural deformation information for buildings. Currently, traditional ground-based radar 2D imaging is used mainly for monitoring deformation or settlement in slopes and landslides. Thus, using ground-based radar for SAR 3D imaging of building structures is a promising technology for building health monitoring [3,4,5].



The traditional SAR (Synthetic Aperture Radar) image represents a 2D projection of 3D scenes onto the azimuth-slant range plane. Due to the complex structure of buildings, geometric distortions often exist in 2D SAR images. This issue makes it difficult to accurately reflect the real 3D information of buildings [6,7,8,9,10]. Currently, two main methods are used to acquire 3D information of buildings: multi-baseline and multi-angle. The multi-baseline approach, known as TomoSAR, captures spatial 3D information by collecting data at different elevations using multiple flights or antennas. Circular Synthetic Aperture Radar (CSAR) collects data from varying aspect angles. It uses the complementary information obtained from various angles to extract more detailed features of buildings. Detailed state-of-the-art research on the two methods will be discussed in the following.



Researchers have been studying the 3D imaging of urban buildings using TomoSAR for over 20 years. In the 1990s, Reigber et al. of the German Aerospace Agency (DLR) first proposed 3D imaging of multi-baseline SAR, using data from 14 flight tracks to create tomographic images of buildings [11]. Zhuand others first used 25 high-resolution TerraSAR-X Spotlight images to perform 3D scattering imaging of the downtown area of Las Vegas, USA in 2010 [12]. Budillon introduced deep learning into TomoSAR urban 3D imaging in 2021 and used 4000 images for training, solving the problem of inaccurate signals [13]. Using 19 TerraSAR-X images, Omati et al. proposed LP technology to estimate the height of the Eskan Tower in Tehran, Iran in 2022 [14]. In addition, ordinary TomoSAR imaging is observed from one angle, and the SAR image shadow area cannot achieve tomographic imaging. Therefore, the German Aerospace Center conducted research on airborne circular tomography SAR imaging technology, which used 19 circular flight tracks and achieved 360-degree observation of 3D imaging [15]. In [16], 36 X-band images were used for ground-based multifrequency SAR tomography and 3D imaging to estimate snow and ice layer depths and refractive indices in 2017. Richard Welsh used a multiple-antenna geometry design with multiple receivers and one transmitter to create 3D renders from sparse 2D SAR images in 2022 [17]. The following year, the authors of [18] proposed a multi-channel ground-based bistatic synthetic aperture radar (SAR) receiver architecture, and used the Sentinel-1 satellite as an opportunistic emission source for one-way opportunistic tomography. In 2017, Zhao Kexiang and Bi Hui used 14 TerraSAR-X images to rebuild the building on the north side of the Pangu Seven Star Hotel in Beijing [19]. Afterwards, in 2021, Jin Shuang and Bi Hui introduced compressed sensing technology into TomoSAR and D-TomoSAR imaging, using 19 images to get high-resolution 3D and 4D SAR images of typical buildings in Shenzhen [20]. Chang et al., enhanced SAR 3D imaging by combining DBF and BSS, improving echo separation in uneven terrain and simplifying data processing for urban building structures in 2022 [21]. Based on 14 satellite SAR images, the author of [22] using Compressed Sensing (CS) to realize super-resolution 3D TomoSAR imaging in 2022, which was suitable for elevation extraction of urban buildings. The authors of [23] proposed a distributed SAR high-resolution wideband (HRWS) 3D imaging method in 2023, which overcame the limitation of traditional single-satellite antennas by using 14-channel number SAR data. Zhang and others proposed a new robust Gridless CS (RGLCS) algorithm in 2023, which used multiple antenna phase centers (APCs) to acquire data from different viewing angles and provided a demonstration of urban mapping [24].



The concept of CSAR appeared in the mid-1990s. In recent years, multi-angle observation represented by CSAR has also become a research hotspot in SAR 3D imaging of buildings. In 2011, both the German Aerospace Center and the domestic Institute of Electronics of the Chinese Academy of Sciences publicly released full-view high-resolution circular SAR images. In 2021, Li, Chen, and others used the correlation between 120 sub-apertures to extract DEM information, improving the accuracy of 3D imaging [25]. In the same year, Zhang used background constraints to divide C-band CSAR images into 13 sub-apertures and obtain 3D imaging effects for C-band CSAR images [26]. In 2023, Zhang et al. introduced a new holographic SAR volumetric imaging strategy based on single-pass circular InSAR data. Through the data obtained from the flight radius and flight altitude of 3000 m, an improved compressed sensing algorithm was used to effectively deal with the 3D imaging problem [27]. Then, based on 12 channels, total baseline length of 3 m, and average flight altitude of 4150 m X-band airborne CFASAR data, Li proposed a wave number domain layered phase compensation method, gaining clear 3D building reconstruction [28]. In the same year, Zhang, Lin, and others introduced the neural radiation field into CSAR image processing and used 55 images with a flight radius of 1000 m as a training set to reconstruct detailed 3D buildings [29].



Through the analysis of the above references, two primary technological approaches are utilized for 3D synthetic aperture radar (SAR) imaging of buildings: tomographic SAR (TomoSAR) and circular SAR (CSAR). TomoSAR can reconstruct urban architectural landscapes in detail, but it typically requires dozens of tomographic scanning flights or multi-channel data acquisition to achieve this. This method is mainly applied in airborne and satellite platforms, as it necessitates extensive data and complex processing to obtain high-quality 3D images.



On the other hand, the CSAR mode allows for acquiring full-view SAR images of buildings through one or multiple flights, making 3D reconstruction theoretically more direct and comprehensive. However, this often requires a larger flight radius and increased flight duration, adding to the complexity of mission execution. More importantly, since CSAR observes the same building from multiple angles, it introduces anisotropic interference, complicating the image registration process. This interference adversely affects the precision and clarity of 3D imaging results, especially when dealing with complex urban architectural structures.



In summary, while TomoSAR and CSAR each have their advantages, they also exhibit limitations. TomoSAR provides detailed 3D views, but it is limited in application scope due to its high demands on data volume and acquisition frequency. Furthermore, CSAR offers a potentially faster imaging method, but its complexity and sensitivity to environmental interference necessitate the use of additional advanced techniques to optimize the quality of 3D imaging.



To solve these problems, in this paper, we introduce a new mode for Rotating SAR imaging. We obtain images from different angles through the method of Rotating SAR, and use geometric equations to solve for 3D information. By calculating the geometric relationship of the projection point offsets between image pairs of a building, we can accurately retrieve the building’s height. The technical advantages of our method lie in the following aspects:




	
To address the issue of inefficient data acquisition requiring multiple revisits, we propose a technique that needs only a single rotation to gather information on a building from two distinct angles. This technique significantly reduces the need for repeated observations.



	
To solve the problem of anisotropic interference, we observe from the same side of the building, enhancing data reliability and accuracy.








Furthermore, the following are the main contributions of this paper:




	
The RSAR signal model is derived and the basic principles of 3D imaging are proposed.



	
A matching method based on height assumptions is proposed, which improves the search path for matching, thereby avoiding extensive matrix calculations and enhancing computational efficiency.








The chapters of this paper are arranged as follows: In Section 2, we create the geometric observation and signal models for Rotating SAR. Section 3 introduces the RD projection model and the analysis of 3D imaging ability. Section 4 proposes a matching method based on height hypothesis, and gives the main flow chart of the algorithm. Section 5 verifies the efficacy and accuracy of the proposed method through both simulation analysis and actual data experiment. Finally, Section 6 gives conclusions.




2. Geometry and Signal Models of Rotating SAR


2.1. Geometric Model


The experimental observation platform of the Rotating SAR system is shown in Figure 1. In this research, we employ a single-channel millimeter-wave radar, and the radar experimental platform is placed horizontally in front of the building. The experiment only needs to collect data twice. Initially, the radar platform rotates to an angle of    θ 1    with the horizontal direction, allowing it to move in a uniform straight line from left to right on the track to form a synthetic aperture and collect data once. Subsequently, the radar platform rotates to    θ 2    angles to the horizontal direction and repeats. During the movement of the radar, the antenna beam is consistently directed towards the building area. The radar periodically emits signals and receives the echoes returning from the illuminated radar area.




2.2. Signal Model


Let us consider P as any specific point target within the building.   (  x p  ,  y p  ,  z p  )   is the 3D coordinate of point target  P .



In this paper, we use Frequency Modulated Continuous Wave (FMCW) radar, and Equation (1) is the transmitted signal:


      s ( t ) = exp  {  j 2 π  f c  t + j π K  t 2   }      t ∈ [ 0 ,  T p  ]      



(1)




where  t  represents the fast time, the center frequency is    f c   , the signal frequency modulation rate is  K , and    T p    is the pulse width.



For radar beam irradiation of point target  P , mixing the transmitted and received signals, a baseband echo signal is modeled as:


     s r  ( t , τ ) =  σ p  ⋅ s ( t −  t 0  ) ⋅  s ∗  ( t )     =  σ p  ⋅ exp  {  − j 2 π (  f c  + K t )  t 0  + j π K    t 0   2   }     



(2)




where    σ p    is the scattering coefficient of the target, and    t 0    is a delay from transmitted to received signal for radar systems, which can be expressed as follows:


   t 0  =   2  R p  ( τ )  C   



(3)




where  C  is the speed of light,  τ  represents the slow time, and    R p  ( τ )   is the distance from the target point  P  to the antenna phase center; thus,    R p  ( τ )   is as follows:


     R p  ( τ ) =     ( τ v ⋅ cos θ −  x p  )  2  +   ( τ v ⋅ sin θ −  y p  )  2  +   ( 0 −  z p  )  2                   =            (  X a  ⋅ cos θ −  x p  )  2  +   (  X a  ⋅ sin θ −  y p  )  2  +   ( 0 −  z p  )  2           



(4)




where    X a    is the coordinate axis of the radar track,  v  is the constant speed at which the radar platform moves,   θ   is the rotational angle for radar systems,   (  X a  ⋅ cos θ ,  X a  ⋅ sin θ , 0 )   is the 3D coordinate of the antenna phase center,   (  x p  ,  y p  ,  z p  )   is the 3D coordinate of the point target  P .



In Equation (2) above, the secondary part due to mixing is called residual video phase (RVP). It is a very small value, and it can be safely ignored during near-field FMCW radar detection imaging without significant impact on 3D imaging results. Substituting Equations (3) and (4) into Equation (2), define a new frequency according to the linear time-frequency relationship of the FMCW as follows:


   f r  = K t  



(5)







Substituting Equation (2), then the frequency domain representation of the signal is:


  S (  f r  , τ ) =  σ p  ⋅ exp  {  − j   4 π (  f c  +  f r  )  C  ⋅  R p  ( τ )  }   



(6)







Let the wave number    K r  = 4 π (  f c  +  f r  ) / C  , then Equation (6) is:


  S (  K r  , τ ) =  σ p  ⋅ exp  {  − j  K r  ⋅  R p  ( τ )  }   



(7)







This paper independently designs the Rotating SAR experimental platform, proposes a new 3D imaging method, and carries out experimental verification. The method will be detailed in the following text.





3. The 3D Imaging Capabilities of Rotating SAR


3.1. SAR Imaging by BP (Back Projection) Algorithm


From the above theoretical knowledge, the SAR images of buildings are obtained by applying the BP (Back Projection) algorithm to data from two angles, with the expression for the SAR images being:


   g m  ( x , y , z = 0 ) =    ∫  ( m − 1 )  m      ∫   K r  =  K  min      K  max      S (  K r  , τ ) ⋅ exp  {  j  K r   R p  ( τ , x , y , z = 0 )  }  d  K r  d τ        



(8)







In SAR images obtained through the BP (Back Projection) algorithm, the projected positions of the building observed from two different angles have changed. We derive the relationship between the geometric offset of the building in SAR images and their heights, laying the foundation for subsequent height estimation. Given the significant spatial variation in the radar’s incident angle, we employ actual RD calculations in image processing. Moreover, within the same coordinate system, information from buildings at different angles is projected to form the 2D SAR images, as shown in Figure 2; this simplifies further SAR image processing.




3.2. RD Projection Model


By implementing the RD projection model, we utilize the geometric information gathered from diverse angles to accurately estimate the true height of the building. Figure 3 illustrates the building’s RD projection.



To simplify the explanation, Figure 4 illustrates the RD projection model of the Rotating SAR at a specific angle. We set up an   o x y   coordinates with ground  Σ  serving as the imaging plane. In this, the  x -axis is the horizontal direction, the  y -axis is vertical to the horizontal direction, and the  z -axis direction follows the right-hand coordinate rule. Angles    θ 1    and    θ 2    represent two distinct rotational angles of the radar. We assume that target  P  of the building is located at a height  h  above the imaging plane  Σ . The angle  α  notes the radar antenna’s incidence angle.



   M 1    is the zero-Doppler point. The red arc in Figure 4 represents the equidistant isobaric Doppler line from zero-Doppler point to the target  P , and


   |   M 1  P =  M 1   P 1   |   



(9)







In the SAR distance-zero Doppler imaging approach,  Q  is the vertical projection point of target  P .    P 1    represents the focused projection point of target  P  in a SAR image, located on the zero-Doppler plane.




3.3. The Relationship between Height and Projection Geometry


As pictured in Figure 5,    P 1  ,  P 1 ′    represent the projection points on SAR images corresponding to the specific rotation angles    θ 1    and    θ 2   . The red box is a primary image, while the blue outline is a secondary image.



For convenience of description, we demonstrate the geometric relationship of the side-looking zero-Doppler plane as an example. The RD projection’s geometry is approximated to a right-angled triangle, as depicted in the geometric model in Figure 6.



Assuming a height interval marked as   Δ h  ,   Δ ρ   is the distance between the RD projection and the vertical projection point. The incidence angle from the target to the radar is marked as  α , we derive the relationship between the   Δ ρ  ,   Δ h   and  α  trigonometric functions as follows:


  Δ ρ =   Δ h   tan α    



(10)







By examining the   Δ r   distance offset between the projection points    P 1    and    P 1 ′    on SAR images taken from different angles, we obtain the geometric triangle depicted in Figure 7.


   |   P 1  Q =  P 1 ′  Q  |   



(11)






   |   P 1  T =  P 1 ′  T  |   



(12)







Thus, we can find out the trigonometric between the   Δ r   and the   Δ ρ   as follows:


  sin (    θ 1  +  θ 2   2  ) =    |   P 1  T  |    Δ ρ   =    |   P 1 ′  T  |    Δ ρ   =   Δ r   2 ⋅ Δ ρ    



(13)







By inserting Expression (10) into Expression (13) and rearranging, we obtain the formula between the height interval   Δ h   and the angles as follows:


  Δ h =   Δ r ⋅ tan α   2 ⋅ sin  (     θ 1  +  θ 2   2   )     



(14)







Based on Formula (14), we can derive the correlation between a building’s height and the offset of its projection points. This relationship provides the basis for subsequent altitude estimation and 3D imaging capability analysis.





4. Image Matching Based on Height Assumption


4.1. Basic Principle


Given the significant spatial variance of the radar’s incident angle, real RD (Radar Detection) calculations are utilized during the image processing phase. When gaining data, the same target appears in SAR images at various angles, creating identical projection regions across multiple images. These overlapping areas contain correlated information critical for achieving 3D imaging of the building. The following sections detail the specific procedures involved in Rotating SAR imaging:




	
Step 1: The data received from two angles are processed using the BP (Back Projection) algorithm.



	
Step 2: Select the coordinates of strong points from the primary image.



	
Step 3: Assuming the target building has N different elevations, we calculate the projected position of each strong point pixel from the primary image onto the secondary image at different assumed heights.



	
Step 4: The projection points of SAR images at different elevations are matched in the neighborhood. According to the strength of the correlation, we estimate the best height of the building.








Figure 8 illustrates the principal algorithmic workflow for achieving 3D imaging of the building.




4.2. Image Matching


Using the offset characteristics of SAR Images, we assume  n  different heights along equidistant Doppler lines, and each height corresponds to projected points on the secondary image. The RD projections at different assumed heights are shown in Figure 9.



The coordinates of strong point pixels in the primary image are designated as    P i  ( x , y )  , where  i  represents the index of strong point pixels. On the equidistant iso-Doppler line associated with this strong point pixel, we suppose a series of potential elevations, each separated by a height interval   Δ h  , and numbered as    h n    (where  n  marks the elevation index).



Among these supposed heights, we need to select the elevation estimate    h n    that is closest to the true value. The elevation    h n    can be expressed as follows:


   h n  = ( n − 1 ) ⋅ Δ h  



(15)







To obtain the required precision, the choice of   Δ h   must conform to the expression taken from Equation (14). In Figure 9, the black dot P marks the true 3D location, the red arc draws the iso-Doppler line at angle    θ 1   , and the blue dots, representing the  n  elevation estimates, are situated along this red arc. The gray dots represent the projection positions of  n  kinds of hypothesis heights in the secondary image. At angle    θ 2   , the blue arc line represents the iso-Distant iso-Doppler line of the  n  hypothesized heights. Only the green dots and dashed lines represent the projection positions of a true height and the true iso-Doppler lines in the secondary image.



For  n  hypothesized elevations, the 3D coordinates of the pixel are given as    P i  (  x n  ,  y n  ,  h n  )  . By applying the equidistant iso-Doppler projection principle with the RD (Range Doppler) equation [26], we calculate the projection coordinates of strong pixel points in the primary image onto different elevations within the secondary image, earmarked as    P i ′  (  x n ′  ,  y n ′  )  . The RD equation is articulated as follows:


   {       |   M j   P i  (  x n  ,  y n  ,  h n  )  |  =  |   M j   P i ′  (  x n ′  ,  y n ′  , 0 )  |         V →  ⋅    M j   P i  (  x n  ,  y n  ,  h n  )  ¯  =  V →  ⋅    M j   P i ′  (  x n ′  ,  y n ′  , 0 )  ¯         



(16)







Within this expression, the first equation corresponds to the equation of constant distance, and the second one to the constant Doppler equation. Here,    M j   (  j = 1 , 2  ) notes the location of the zero Doppler point.



Finally, we perform a correlation matching between the strong point neighborhood in the primary image and the neighborhood of each projection point in the secondary image, obtaining the correlation coefficients. To capture more similar features in multi-angle images during neighborhood matching, we avoid a brute-force, row-by-row searching approach across the two SAR images. Instead, we search for matching paths along the offset direction of the projection points and calculate the correlation coefficient. The coefficient value is retained only if the maximum value at the current position exceeds a predefined threshold. Figure 10 illustrates the neighborhood matching for images at  n  assumed heights.



The neighborhood of the strong point pixel    P i  ( x , y )   in the primary image and its projection point    P i ′  (  x n ′  ,  y n ′  )   in the secondary image should have similar characteristics. For this, we employ the correlation matching method [30] to take the correlation coefficient    I n   . The formula for the correlation matching method is as follows:


   I n  =   C o v (  G i  ,  G  i , n  ′  )     V a r (  G i  ) ⋅ V a r (  G  i , n  ′  )      



(17)




   G i    represents the amplitude map of the neighborhood in the primary image    S 1   , while    G  i , n  ′    corresponds to the amplitude map of the neighborhood in the secondary image    S 2   . The term   C o v   denotes the computation of cross-correlation, and   V a r   refers to the calculation of variance. In the practical estimation of the correlation coefficient, the mathematical expectation is computed as a spatial average.



By selecting the height index  n  corresponding to the maximum correlation coefficient, we determine the best elevation of the estimated strong point pixel, as delineated in Equation (18):


   n ^  = arg max (  I n  )  



(18)







Thus, the 3D coordinates of this strong point pixel are identified as    P i  (  x  n ^   ,  y  n ^   ,  h  n ^   )  .



In data processing, the main operations of RSAR are image matching and height inversion. The calculation amount is proportional to the number of pixels to be matched in the image, the size of the matching window, and the number of height assumptions. Thus, the calculation complexity is   O ( β ⋅ P ⋅ Q ⋅ W ⋅ N )  , where  β  is the ratio of strong scattering points, ranging from 0 to 1; P∙Q is the number of pixels in the image; W is the matching window size; and  n  is the number of assumed heights.





5. Numerical Simulation and Actual Data Experiment


In this section, the effectiveness and accuracy of the proposed approach are analyzed through both simulation and actual data experiment. The FMCW millimeter-wave radar used in the experimental scenario is manufactured by Texas Instruments (Dallas, TX, USA), named TI IWR1642 Booster Pack. It has a minimum frequency of 77 GHz. The simulation and actual data parameters are the same, as shown in Table 1.



5.1. Numerical Simulation


In the simulation experiment, we use point targets to verify the proposed approach, and their 3D positions are listed in Table 2. In the 3D space, we set point targets at different heights, labeled A–G, with point targets E–G at a height of 0 m.



In the simulation experiment, the BP algorithm is adopted to image the 0 m plane, and grid size is 0.01 m. We select the 3 dB value of the primary and secondary images as the strong points and set the height interval at 0.2 m in the height range of 0–40 m. Figure 11a–e show the simulation results. Figure 11a is the SAR image of the point targets (A1–G1) at angle    θ 1   , obtained by BP algorithm. Figure 11b is the SAR image of the point targets (A2–G2) at angle    θ 2   , obtained by BP algorithm. The red boxes show the projection of the point targets. Figure 11c analyzes the relationship between height and the offset of the image pair. The curve shows that as the height increases, the offset becomes larger. Figure 11d represents the maximum correlation coefficient curve. After image matching of different heights, only pixels with a correlation greater than the 0.707 threshold are retained, and other pixels are excluded. Figure 11e,f show the real 3D point targets compared with the final estimated 3D point clouds. Figure 11e is the side view of 3D point clouds. Figure 11f is the top view of 3D point clouds. As shown in Figure 11e,f, the positions of the estimated point clouds broadly match the real locations.



To quantitatively assess the proposed algorithm, we compare the true and estimated values of point targets under the simulation conditions, and calculate their error, with results detailed in Table 3. As shown in Table 3, by calculating the error between the estimated average value and the true value of 3D coordinates, the average errors of 3D coordinates are obtained as 0.0006 m, 0.0018 m, and 0.0090 m, respectively, which are very stable, with all < 0.1 m. It can be inferred that the estimated value of 3D coordinates obtained by the method in this paper is basically the same as the true value. This allows for creating 3D point clouds of the targets. The feasibility and effectiveness of the proposed method are further verified by actual data.




5.2. Actual Data Experiment


In the actual scenario data, we use the same radar parameters listed in Table 1. The millimeter wave radar model is the TI IWR1642 Booster Pack, which is a single-chip radar consisting of two transmitting antennas and four receiving antennas. However, here only one transmitting antenna and one receiving antenna are used, capturing the raw data samples by the TI DCA1000EVM data acquisition board. We place the radar directly in front of the building, approximately 20 m away, and the radar always moves at a constant speed from the left end of the track to the right end over 0.5 m, ensuring that it is facing the building for data collection.



The experimental equipment and scene are shown in Figure 12; the orange box is the observation area. Figure 13 is the observation area, features with typical dihedral corner structures in Figure 13 are labeled A–E, among which the dihedral corner structures between the stone columns and the ceiling in area D are labeled 1–5.



Based on the radar’s parameters and the selected projection plane, the pixel spacing of the image is set to 0.05 m in azimuth and range. Adjusting the image brightness to 0–255, Figure 14 shows the practical scene experiment results. Figure 14a,b exhibit the 2-D SAR image using the BP algorithm at angles    θ 1    and    θ 2   , where the dihedral corner structures A–E on the building surface can be clearly distinguished. Figure 14c shows the mask image with a threshold of 200. Figure 14d shows the maximum correlation coefficient curve. The red dashed line indicates that the threshold is set to 0.75. Only pixels with a correlation greater than the 0.75 threshold are selected, and these are called strong points.



After selecting the strong points and image registration, the 3D imaging point clouds of the typical observation areas are illustrated in Figure 15, in which different targets of the building appear at different heights. Figure 15a is a side view of the 3D point clouds, which clearly shows five typical dihedral corner structures. Figure 15b shows a top view of 3D point clouds. Figure 15c is the representation of different target heights in 2D image. In Figure 15d, the colors of point clouds are the mapping of building height.



In addition, we use a laser rangefinder to measure the heights of the five stone columns as the reference values. The accuracy of the laser rangefinder is ± 1.5 mm, and the strong points are shown in Figure 13 labeled 1–5. To evaluate the accuracy of the algorithm, the root-mean-square error between the height estimations and the reference values in Figure 15a is calculated. The statistical results show that the root-mean-square error of our proposed method is   R M S E ( δ h )   = 0.085 m, as shown in Table 4. According to Table 4, the overall effect of the height reconstruction has been preliminarily verified.





6. Conclusions


In this paper, we introduce a novel 3D imaging mode that acquires images from two different angles using the RSAR technique, and utilizes the geometric distortion difference of buildings in the two SAR images. Firstly, this work illustrates the principles of 3D imaging and derives the geometric relationship between elevation and image offset. Subsequently, we propose a matching method based on height assumptions to reconstruct the 3D point clouds of the building efficiently. Finally, the effectiveness of our method has been validated through both practical experiment and simulation. The advantages of our approach are that it avoids the necessity for multiple revisits to collect data, and it is not affected by anisotropic interference. The method proposed by us only initially forms 3D point clouds of dihedral corner structures of the building at different heights. This method of Rotating SAR can also be used to monitor the deformation and health of critical infrastructure such as bridges, tunnels, embankments, helping to prevent structural failures and catastrophic accidents. In the field of cultural heritage conservation, the technology can be used to monitor the structural health of historical and cultural heritage structures and help develop conservation and restoration strategies. Our future work will mainly focus on algorithm improvement and typical applications of rotating 3D SAR. There are some outliers in the current algorithm, and subsequent work will focus on improving the matching algorithm to eliminate outliers and achieve higher precision point cloud generation. In the future, multiple rotation angles will be added for data acquisition to enhance 3D robustness and precision. Deformation monitoring of infrastructure such as bridges will also be carried out in the future.
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Figure 1. The geometric model of Rotating SAR. 
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Figure 2. Schematic diagram of BP imaging at different angles in the same coordinate. 
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Figure 3. RD projection model of the building. 
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Figure 4. Schematic of the RD projection model. 
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Figure 5. Geometric projection model at various rotation angles. 
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Figure 6. RD geometric projection relationship. 
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Figure 7. Diagram of distance offset among projection points. 
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Figure 8. Flowchart of the main algorithm for 3D imaging. 
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Figure 9. Different hypothetical elevation schematics. 
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Figure 10. Flowchart of image neighborhood matching with  n  hypothetical heights. 
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Figure 11. Simulation results for point targets: (a) SAR image of the point targets (A1–G1) at angle    θ 1   ; (b) SAR image of the point targets (A2–G2) at angle    θ 2   ; (c) the curve depicts the relationship between height and the offset of the image pair; (d) maximum correlation coefficient curve; (e) side view of 3D point clouds; (f) top view of 3D point clouds. 
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Figure 12. The experimental equipment and scene. 






Figure 12. The experimental equipment and scene.



[image: Remotesensing 16 02251 g012]







[image: Remotesensing 16 02251 g013] 





Figure 13. Observation area. 
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Figure 14. Practical scene experiment results: (a) 2D SAR image at angle    θ 1   ; (b) 2D SAR image at angle    θ 2   ; (c) mask image of the building; (d) maximum correlation coefficient curve. 
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Figure 15. Three-dimensional SAR images of the proposed algorithm: (a) side view; (b) top view; (c) different target heights in 2D image; (d) color mapping of point clouds height. 
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Table 1. Radar parameters.
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	Parameter
	Value





	Operating waveform
	FMCW



	Chirp rate (MHz/μs)
	5.0210



	Sampling frequency (MHz)
	5



	Samples in chirp
	512



	Pulse repetition frequency (Hz)
	500



	Frames
	60,000



	Track length (m)
	0.5










 





Table 2. Point target locations (unit/m).
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	Point Targets
	Position Coordinates (m)





	Point A
	(0,25,25)



	Point B
	(−5,22,9.4)



	Point C
	(6,15,15.2)



	Point D
	(10,30,4.5)



	Point E
	(−10,22,0)



	Point F
	(8,10,0)



	Point G
	(5,30,0)










 





Table 3. Three-dimensional coordinates estimation and error results for point targets (unit/m).






Table 3. Three-dimensional coordinates estimation and error results for point targets (unit/m).





	Point Targets
	True 3D Coordinates
	Estimated Average 3D Coordinates
	Error of x
	Error of y
	Error of z





	A
	(0,25,25)
	(0.0013,25.0033,25.0009)
	0.0013
	0.0033
	0.0009



	B
	(−5,22,9.4)
	(−4.9992,21.9967,9.3971)
	0.0008
	0.0033
	0.0029



	C
	(6,15,15.2)
	(5.9999,15.0013,15.1642)
	0.0001
	0.0013
	0.0358



	D
	(10,30,4.5)
	(9.9997,29.9988,4.5232)
	0.0003
	0.0012
	0.0232



	E
	(−10,22,0)
	(−10.0000,22.0000,0.0000)
	0.0000
	0.0000
	0.0000



	F
	(8,10,0)
	(8.0018, 10.0023,0.0000)
	0.0018
	0.0023
	0.0000



	G
	(5,30,0)
	(5.0001,30.0011,0.0000)
	0.0001
	0.0011
	0.0000










 





Table 4. Comparison of estimate heights with reference values (unit/m).
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	Stone

Column 1
	Stone

Column 2
	Stone

Column 3
	Stone

Column 4
	Stone

Column 5





	Estimate height

h′/m
	7.400
	7.300
	7.100
	7.200
	7.500



	Reference value

h/m
	7.334
	7.367
	7.250
	7.230
	7.439



	Height

error

  δ h  /m
	0.066
	−0.067
	−0.150
	−0.030
	0.061
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