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Highlights 

What are the main findings? 

• Real-time brightness temperature (BT) reconstruction for microwave interferometric 

radiometers (MIRs) is achieved through the development of fast estimation algorithms for the 

normalized three-level quantization threshold.  

• An onboard real-time data processing framework is established for three-level 

quantization MIRs, enabling real-time BT imaging and radio frequency interference (RFI) localization 

based on the real-time reconstructed BT images. 

What is the implication of the main finding? 

• Microwave interferometric radiometers with real-time imaging capability can 

significantly improve in-orbit intelligent observation performance, particularly for onboard RFI 

processing, information extraction and fusion. This also enables new application scenarios such as 

alternative vision under degraded visual environments (DVE). 

Abstract 

Real-time imaging processing of microwave interferometric radiometer (MIR) has great potential in 

various application field, such as onboard data processing, onboard information fusion and 

alternative visual application. The primary challenge lies in the computational complexity of the 

entire processing chain, including both visibility function pre-processing and brightness temperature 

(TB) reconstruction. In this study, the real-time estimation of the normalized threshold level is 

identified as the key step for enabling re-al-time imaging of three-level quantized MIR system. Three 

algorithms - Acklam's algorithm (AKA), polynomial fitting algorithm (PFA), and Taylor expansion 

algorithm (TEA) - are proposed and evaluated. The PFA shows balanced performance in terms of 

estimation accuracy and computation efficiency. Leveraging the proposed algorithms, this paper 

further establishes an onboard real-time processing framework for three-level quantization MIRs, 

enabling real-time TB imaging and RFI localization. A real-time imaging experiment has been carried 

out with a 15-element, 50GHz one-dimensional MIR system, which successfully realizes real-time 

imaging of fast-moving vehicles on the expressway with greatly reduced computational latency (an 

imaging time of 570.9μs for 159 baselines). A further flight experiment employing an L-band system 

verifies the feasibility of onboard RFI localization and achieves a localization accuracy within 2.1% of 

the spatial resolution. 

Keywords: real-time imaging; correlation coefficients estimation; three-level quantization; RFI 

localization 
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1. Introduction 

Microwave interferometric radiometry, also known as synthetic aperture radiometry, was 

originally developed in the field of radio astronomy in early 1960’s, and then introduced in the field 

of earth observation in 1980’s in the context of spaceborne L-band mission concept for soil moisture 

and ocean salinity measurement [1]. 

Microwave interferometric radiometer (MIR) obtains the cross-correlations of all pairs of 

antennas in the thinned array. Considering the huge amount of real-time calculation, the cross-

correlations are usually realized by low-level quantized digital correlator [2], which is a core 

functional unit of an interferometric radiometer [3]. For example, the Soil Moisture and Ocean 

Salinity (SMOS) mission employs the simplified 1-bit/2-level quantization scheme, in which the 

quantization operation of a receiving channel can be readily implemented using a single comparator 

[4]. In contrast, three-level quantization is realized with a pair of symmetric positive and negative 

threshold comparators. Compared with 1-bit quantization, it preserves amplitude information and 

has been increasingly adopted in practical MIR systems [5,6]. The brightness temperature (TB) 

distribution within the field of view (FOV) can be reconstructed with all these correlation outputs 

based on Fourier Transform. This TB reconstruction process is usually done offline and not belong to 

the function of the radiometer system itself. An important reason is that mapping raw low-level 

quantized correlation counts to true correlation values is needed before TB reconstruction. This 

mapping procedure is nonlinear, and its real-time implementation is usually incompatible with the 

constraints of space-borne hardware resources [7]. 

In recent years, onboard data processing has emerged as a promising solution to ad-dress the 

challenge of enhancing in-orbit intelligent observation capability, reducing downlink data rate and 

data latency [8]. More specifically for spaceborne passive micro-wave remote sensing, onboard radio 

frequency interference (RFI) detection and mitigation is gradually becoming a necessary and 

standard capability for current and future micro-wave radiometers [9–13]. The NASA Soil Moisture 

Active Passive (SMAP) mission firstly designed and implemented onboard calculations of receiving 

signal’s spectrograms and statistical parameters (e.g., kurtosis), thereby preserving sufficient 

information for RFI detection, mitigation, and localization in ground segment [14]. The CubeSat 

Radiometer Radio Frequency Interference Technology (CubeRRT) mission conducted tests for 

onboard RFI detection and filtering, aiming to explore the feasibility of reducing the raw downlink 

data volume [15]. Both aforementioned efforts were based on traditional real-aperture radiometer 

systems. In the Chinese Ocean Salinity Mission (COSM), Microwave Imager Combined Active and 

Passive (MICAP) achieved the first onboard RFI detection and mitigation for its L-band 1D synthetic 

aperture radiometer [11]. However, the onboard RFI filtering also resulted in the loss of RFI positional 

information, preventing subsequent on-ground localization of the interferences. Onboard real-time 

imaging processing will not only offer an alternative approach for RFI detection and mitigation, but 

also enable the possibility of simultaneous, onboard real-time RFI localization, which is the key 

information need to be preserved and reported to national administrations and the ITU for further 

regulatory activities [16].  

Real-time passive microwave imaging also has great potential in other various ap-plication fields 

[17]. It can serve as an alternative vision option under degraded visual environments (DVE), 

especially under the condition with fog, smoke, haze, sandstorm, etc. [18] It has also been utilized for 

personnel security check purpose, especially at milli-meter-wave frequency range, with its unique 

capability which can penetrate clothing and reveal concealed threats or contrabands [19]. Most of 

these real-time imaging systems are based on focal plane imaging [20], only a few experimental 

systems are based on interferometric imaging [21]. 

In brief, real-time passive microwave interferometric imaging can play important roles in 

onboard data processing, information fusion and alternative vision applications. Developing 

resource-efficient real-time imaging technology suitable for high-integration hardware platforms, 

based on low-level quantized cross-correlation, can facilitate the above applications. 
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The paper is organized as follows. Section 2 identifies the calculation of the normalized threshold 

level as the key step for achieving real-time TB reconstruction within a three-level quantized digital 

correlation architecture. Based on the existing onboard digital processing system architecture of the 

MICAP L-band one-dimensional synthetic aperture radiometer, a comprehensive digital processing 

system architecture is proposed, which integrates digital correlation, RFI detection and mitigation, 

real-time TB reconstruction, and RFI localization. Section 3 presents fast threshold estimation 

algorithms and an RFI localization algorithm suitable for the aforementioned processing system 

architecture and field programmable gate array (FPGA) computational resources. Section 4 validates 

the real-time TB imaging and RFI localization using two 1D synthetic aperture radiometer prototypes. 

Finally, Section 5 concludes the paper. 

2. Integrated Architecture for Real-time Processing: Bottleneck Analysis and 

System Design 

This section established the theoretical foundation and the proposed system architecture for real-

time imaging and RFI localization. First, Part A introduces the three-level quantized MIR and 

identifies the normalized threshold level estimation as the critical computational bottleneck. Part B 

then explains the fundamental necessity of performing onboard RFI localization prior to data 

mitigation. Based on these theoretical constraints and functional requirements, Part C presents a 

highly integrated digital processing architecture that inherently enables both real-time TB 

reconstruction and RFI localization simultaneously within a unified FPGA platform. 

2.1. Real-Time Brightness Temperature Reconstruction 

According to the Corbella equation [22], the relationship between TB and visibility function (VF) 

can be written as below 

𝑉𝑖𝑗(𝑢, 𝑣) =
√𝐷𝑖𝐷𝑗

4𝜋
∬

𝑇𝐵(𝜉, 𝜂) − 𝑇𝑟

√1 − 𝜉2 − 𝜂2
𝐹𝑛𝑖(𝜉, 𝜂)

 

𝜉2+𝜂2≤1

𝐹𝑛𝑗
∗ (𝜉, 𝜂) ∙ 𝑟̃𝑖𝑗 (−

𝑢𝜉 + 𝑣𝜂

𝑓
0

) 𝑒−𝑗2𝜋(𝑢𝜉+𝑣𝜂) 𝑑𝜉𝑑𝜂 (1) 

where 𝐷𝑖  and 𝐷𝑗  are antenna directivities, 𝑇𝐵  is brightness temperature, 𝑇𝑟  is physical 

temperature of the receiver, 𝐹𝑛𝑖(𝜉, 𝜂)  and 𝐹𝑛𝑗(𝜉, 𝜂)  are the normalized antenna voltage patterns, 

𝑟̃𝑖𝑗 (−
𝑢𝜉+𝑣𝜂

𝑓0
) is the so-called fringe washing function. 

In the real MIR system, the calibrated visibility function is normally converted from the raw 

output counts of the digital correlator. Figure 1 illustrates the data processing architecture of a three-

level quantized MIR, using the MICAP L-band 1-D MIR as an example [11]. In this framework, signal 

quantizer, correlator, and RFI detection and mitigation are implemented onboard. The correlation 

data after RFI mitigating are downlinked to ground station for correlation coefficients calculation and 

TB reconstruction. 
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Figure 1. Architecture of three-level quantized MIR with onboard RFI detection and mitigation. 

The transfer function of three-level quantizer in Figure 1 is as follows: 

s(n) = {
1, if v > vth

−1, if v < −vth

0, otherwise
 (2) 

The quantized signals 𝑠(𝑛)  from all receiver channels undergo correlation and integration 

within the correlator to derive the digital variance < 𝑠𝑖,𝑗
2 > of individual channels and the digital 

covariance 𝑅𝑖𝑗 between channel pairs. The RFI-mitigated correlation data are accumulated over an 

extended integration period to generate the output < 𝑠̂𝑖,𝑗
2 >, 𝑅̂𝑖𝑗, which are subsequently downlinked 

to the ground station. 

Due to limited onboard computational resource, processing steps shown in Figure 1 such as 

estimating correlation coefficients 𝜌𝑖𝑗  from the three-level samples and reconstructing TB are 

performed on the ground. According to Price’s theory [7], correlation coefficient can be calculated 

using the following equation: 

𝜌𝑖𝑗 =
1

𝑐1
𝑅𝑖𝑗 −

𝑐3

𝑐1
4 𝑅𝑖𝑗

3 + (3
𝑐3

2

𝑐1
7 −

𝑐5

𝑐1
6) 𝑅𝑖𝑗

5

𝑐1 =
2

𝜋
𝑒𝑥𝑝[ −

1

2
(𝜃𝑖

2 + 𝜃𝑗
2)]

𝑐3 =
1

3𝜋
𝑒𝑥𝑝[ −

1

2
(𝜃𝑖

2 + 𝜃𝑗
2)](𝜃𝑖

2 − 1)(𝜃𝑗
2 − 1)

𝑐5 =
1

60𝜋
𝑒𝑥𝑝[ −

1

2
(𝜃𝑖

2 + 𝜃𝑗
2)](3 − 6𝜃𝑖

2 + 𝜃𝑖
4)(3 − 6𝜃𝑗

2 + 𝜃𝑗
4)

 (3) 

where θ𝑖 ≜
v𝑡ℎ𝑖

𝜎𝑖
  is the normalized threshold level of channel i: 

θi=Φ-1 (1-
⟨si

2⟩

2
) (4) 

Φ-1  represents the inverse normal distribution cumulative density function (INCDF), which 

lacks a closed-form solution, and existing numerical approximation methods typically exhibit high 

computational complexity. This renders them challenging to implement in real-time on resource-

constrained FPGA platforms. 

The visibility functions are measured by the complex correlation among the pairs of antenna 

outputs [23]. As shown in Figure 1, the system noise temperature 𝑇𝑠𝑦𝑠𝑖,𝑗 is derived via the two-point 

noise-injection calibration method in amplitude calibration. Subsequently, the visibility functions are 

obtained by calibrating the correlation coefficients 𝜌𝑎𝑏 in accordance with (5)  
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𝑉𝑖𝑗 = √𝑇𝑠𝑦𝑠
𝑖
𝑇𝑠𝑦𝑠

𝑗


𝑖𝑗
 (5) 

As illustrated in Figure 1, the G-matrix inversion method is conventionally implemented in the 

ground processing to achieve high-accuracy TB reconstruction. However, this approach involves 

intensive computational overhead, particularly in handing non-ideal system responses, which 

precludes its feasibility for real-time onboard imaging. 

For fast-view imaging scenarios, it is reasonable to assume that all antenna elements exhibit 

identical radiation patterns, and the influence of the fringe-washing function can be neglected. Under 

these conditions, the  𝑉𝑖𝑗 and 𝑇𝐵 in (1) form a standard Fourier relationship. Once the VF is derived 

from (5), real-time TB reconstruction can be readily implemented in hardware (e.g., FPGA) using the 

IFFT. The major computational bottleneck for real-time imaging lies in the estimation of the 

normalized threshold level θ𝑖 , which is required to convert the raw digital covariance 𝑅𝑖𝑗  into 

correlation coefficients 𝜌𝑖𝑗. As indicated in (4), this procedure is equivalent to calculating INCDF, 

which presents substantial challenges for efficient FPGA implementation.  

Furthermore, the accuracy of these calculations directly determines the final imaging accuracy. 

To enable real-time imaging, an INCDF estimation method must be developed that achieves an 

optimal balance between accuracy and computational efficiency, while maintaining hardware-

friendly characteristics for practical FPGA deployment. 

2.2. Real-Time Onboard RFI Localization 

The onboard RFI detection shown in Figure 1 utilizes the interquartile range (IQR) method for 

outlier detection across total-power, cross-power, and visibility functions, followed by a voting-based 

decision rule to integrate distributed results and minimize the false alarm rate [11]. After onboard 

RFI detection is completed, the identified contaminated data are mitigated. The downlinked data lack 

RFI information, preventing RFI localization on the ground. Consequently, to reconstruct RFI 

distribution maps or facilitate advanced coordinate-based RFI excision, it is imperative to perform 

onboard RFI localization prior to the mitigation state. 

Currently, existing ground-based RFI localization can be broadly categorized into two types. 

The first type operates in the spatial frequency domain, such as employing the multiple signal 

classification (MUSIC) algorithm for direction-of-arrival (DOA) estimation to locate RFIs [24,25]. The 

second type works in the spatial domain, which iteratively excises RFIs with preset intensities and 

positions from the original TB. The RFI location is then estimated by evaluating the characteristics of 

the excised TB [26,27]. Both categories of methods typically involve high computational complexity, 

making them unsuitable for real-time onboard implementation.  

To address these challenges, this paper proposes a real-time onboard RFI localization scheme 

facilitated by a high-efficiency onboard TB reconstruction method. 

2.3. Architecture of Real-Time Imaging and RFI Localization MIR 

The architecture of the proposed three-level quantized MIR system, which features integrated 

onboard real-time imaging and RFI localization capabilities, is illustrated in Figure 2. 
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Figure 2. Architecture of three-level quantized MIR with real-time onboard imaging, RFI detection and 

mitigation, and RFI localization. 

In contrast to the architecture shown in Figure 1, the system depicted in Figure 2 leverages real-

time quantization threshold estimation and correlation coefficient calculation to enable onboard real-

time TB quick-view imaging via IFFT. By accepting a manageable trade-off in imaging accuracy, this 

capability migrates the imaging, which was previously restricted to ground-based segments due to 

computational and downlink constrains, directly onto the satellite platform. 

Based on the RFI detection results and the onboard real-time TB reconstruction, the RFI locator 

performs RFI localization. The localization information together with the RFI-mitigated data are 

downlinked to the ground station. 

All the above procedures, including data preprocessing, TB reconstruction, RFI detection and 

mitigation, and RFI localization can be integrated within a single FPGA. 

For real-time imaging, the error of the TB is primarily introduced by the following two 

components: 1) the error of the fast estimation algorithm for the normalized threshold level and 2) 

the quantization error introduced by data truncation when implemented in an FPGA. The two 

components will be discussed in Section Ⅲ. 

3. Hardware-Efficient Algorithms for Real-time Processing: Threshold 

Estimation and RFI Localization 

Building upon the system architecture and theoretical constraints established in Section II, this 

section details the specific algorithm implementation and optimization strategies required for real-

time onboard processing. As previously identified, the primary computational bottleneck for 

achieving real-time three-level quantized MIR imaging lies in the efficient estimation of the 

normalized threshold level, and high-accuracy localization of RFI within limited hardware resources. 

To address these challenges, Part A investigates and evaluates three rapid computation 

methodologies: Acklam’s algorithm (AKA), polynomial fitting algorithm (PFA), and Taylor 
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expansion algorithm (TEA). The impact of data bit-width and truncation errors are also analyzed to 

provide a hardware-efficient configuration. Part B introduces the real-time RFI localization method 

(RRLM), which leverages the point spread function (PSF) symmetry of the reconstructed TB to 

achieve sub-pixel cross-track localization accuracy. 

3.1. Normalized Threshold Level Estimation Method 

Real-time computation of normalized quantization threshold level (i.e., calculation of the 

INCDF) constitutes an essential procedure in three-level quantized MIR. The INCDF lacks a closed-

form analytical solution. In non-real-time MIR imaging applications, its computation conventionally 

relies on ground-based numerical processing. Established techniques including rational fraction 

approximation, iterative optimization, and special function transformation encounter FPGA 

implementation challenges due to computational complexity. We therefore investigate rapid 

computation methodologies suitable for FPGA implementation to enable real-time TB reconstruction. 

AKA uses the fact that Φ-1(𝑥) is the INCDF, then 𝐺−1(x)=Φ
-1

(𝑥 + 1/2) is an odd function. The 

algorithm uses rational minimax approximation to compute θ, and is a fast and accurate algorithm 

proposed by Acklam for computing INCDF [28] using the following equation. The coefficients an, bn 

is shown in the Appendix A. 

𝜃 = 𝛷AKA
−1 (x) =

(a1mn + a2mn−1 ⋯ + an+1m0)(x − 0.5)

(b1mn + b2mn−1 ⋯ + bnm1 + 1)

𝑚 = (𝑥 − 0.5)2

 (6) 

Given that the normalized threshold level θ is predominantly distributed within the interval 

[0.3,0.9], the performance evaluation is specifically concentrated on this region. As shown in Figure 

3(a), AKA achieves errors below -170dB, demonstrating high computational accuracy. While 

implemented in an FPGA, AKA requires significant resources and time for division operations. 

PFA calculates the normalized threshold level using the following polynomial. After obtaining 

the fitting coefficients 𝑎𝑛  through polynomial fitting, nth-order polynomial fitting requires (n-1) 

addition and (n-1) multiplication operations to quickly calculate θ. This facilitates the 

implementation of the algorithm in an FPGA. 

𝜃 = 𝛷PFA
−1 (x) = anxn + ⋯ a2x2 + a1x1 + a0 (7) 

The accuracy of the PFA is influenced by factors such as the fitting interval and the order of the 

polynomial. Based on Figure 3(a), it can be observed that when the order of the polynomial is 2, the 

error is below -50dB, and within the fitting interval, the error oscillates around the maximum error. 

As the center point of the fitting interval and the size of the fitting region increases, the RMSE within 

the entire interval also increases. 

TEA expands the NCDF around a point using the Taylor series, then calculates θ according to 

(8). The coefficients an is obtained according to [29].  

𝜃 = 𝛷𝑇𝐸𝐴
−1 (𝑥) = 𝑎1𝑥0 + 𝑎2𝑥0

2 + ⋯ + 𝑎𝑛𝑥0
𝑛

𝑥0 = (𝑥 − 𝑎0)
 (8) 

As shown in Figure 3(a), TEA achieves low errors near the expansion point. However, as the 

distance from the expansion point increases, the errors rise rapidly. 
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(a) (b) 

Figure 3. (a) Error analysis of AKA, 2-order PFA and 2-order TEA. (b) Error analysis of three algorithms under 

different data-width. 

While the three algorithms provide a theoretical basis for threshold estimation, their practical 

performance is intrinsically linked to the constraints of the hardware architecture. In FPGA 

implementation of real-time TB reconstruction, data truncation introduces errors during both 

normalized threshold level computation and TB reconstruction processes. 

To quantitatively evaluate the impact of data truncation effects on the estimation accuracy across 

different algorithms, numerical simulations were conducted under various data bit-width. As shown 

in Figure 3(b), the x-axis represents the data bit-width set in the FPGA, the y-axis represents the 

RMSE, and the width of the bands indicates the standard deviation (STD) of the error. The error 

introduced by these algorithms decreases as the data bit-width increases and reaches a certain point 

where it no longer varies with the data bit-width. For PFA, with the same fitting interval, a larger 

data bit-width leads to a decrease in the RMSE with increasing order of the polynomial. When the 

data bit-width is smaller, higher-order polynomial fits may exhibit larger errors. This occurs because 

the integer part of the fitting coefficients increases with the order, while the decimal part has a smaller 

data bit-width, resulting in increased errors. Therefore, a larger data bit-width is required to 

demonstrate the high precision characteristics of higher-order polynomial fits. 

The required data bit-width, logic resources, execution time, and algorithm precision for 

calculating one correlation coefficient for the three real-time estimation algorithms have been tested 

in a dedicated FPGA hardware and shown in Table 1. 

Table 1. Resource Consumption of Three Algorithms in Calculating Normalized Threshold level. 

Resource AKA PFA TEA 

Data-width(bit) 23 16 16 

LUT 2785 253 253 

LUTRAM 6 0 0 

FF 7892 280 280 

DSP 4 3 3 

Time (clock cycle) 109 23 23 

Time(μs) 1.09 0.23 0.23 

RMSE -63 -60 -30 

The comparative data in Table 1 reveals a clear trade-off between computational overhead and 

estimation accuracy among the three algorithms: AKA offers superior accuracy for platform with 

abundant resources, while TEA provides a localized high-accuracy solution when θ is restricted to a 

narrow range. Notably, PFA achieves the most favorable compromise by balancing reconstruction 

fidelity with computational latency. Its flexible configuration and high time-efficiency make it the 

optimal choice for resource-constrained onboard systems requiring high-throughput real-time 

imaging. 
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Meanwhile, the real-time normalized threshold level computation methods reduce calculation 

time while introducing additional errors that ultimately propagate into TB reconstruction errors. 

Figure 4 illustrates the relationship between TB reconstruction errors and normalized threshold level 

errors under varying data truncation levels through simulation. The x-axis represents the RMSE of 

normalized threshold levels, while the y-axis denotes the RMSE of TB. At lower data bit width, 

reconstruction errors are primarily dominated by truncation effects. At higher bit-widths, TB errors 

increase with growing normalized threshold level error inaccuracies. 

 

Figure 4. RMSE of brightness temperature under different normalized threshold levels’ RMSE and data bit-

width. 

3.2. Real-Time RFI Localization Method 

The one-dimensional MIR performs interferometric imaging via aperture synthesis in the cross-

track direction, while employing real-aperture imaging in the along-track direction. For RFI 

localization, a real-time RFI localization method (RRLM) is applied to determine the RFI location in 

the cross-track direction. The frame-by-frame localization results are then downlinked to the ground 

station, where the along-track RFI locations are subsequently derived. 

For RFI localization in the cross-track direction, the RFI treated as a point target. The 

reconstructed TB of an RFI with intensity 𝐼𝑅𝐹𝐼 at location 𝜉𝑅𝐹𝐼 is given by the following equation: 

𝑇𝐵(𝜉) = ∫ 𝐼𝑅𝐹𝐼 ∙ 𝑒𝑗2𝜋(𝜉−𝜉𝑅𝐹𝐼)𝑑𝑢 (9) 

The RRLM utilizes the symmetry of the reconstructed TB for a point target, as shown in the 

following equation, to achieve RFI location: 

𝑇𝐵(𝜉
𝑅𝐹𝐼

− 𝛥𝜉) = 𝑇𝐵(𝜉
𝑅𝐹𝐼

+ 𝛥𝜉) (10) 

where 𝜉𝑅𝐹𝐼  represents the location of RFI. When 𝛥𝜉  is smaller than the system spatial 

resolution, the TB remains identical on both sides of the RFI. 

Based on the aforementioned characteristics, a high-precision RRLM is designed. The algorithm 

procedure is as follows: 

Algorithm 1: Real-time RFI Localization Method (RRLM) 

Input: 𝑇𝐵(𝜉), 𝜉𝑠ℎ𝑖𝑓𝑡, 𝑇𝐵𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
, 𝑉𝑖𝑗 

Output: 𝜉𝑅𝐹𝐼 

Coarse Estimation: 

    Estimate 𝜉𝑅𝐹𝐼0
 using the peak amplitude of 𝑇𝐵(𝜉) 

    𝜉𝑅𝐹𝐼0
← 𝑎𝑟𝑔 𝑚𝑎𝑥𝜉|𝑇𝐵(𝜉)| 
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Fine Localization 

    Initialize 𝜉𝑠ℎ𝑖𝑓𝑡 ← 0, 𝑛 ← 0 

    𝑇𝐵𝑙𝑒𝑓𝑡
← 𝑇𝐵(𝜉𝑅𝐹𝐼0

− 𝛥𝜉), 𝑇𝐵𝑟𝑖𝑔ℎ𝑡
← 𝑇𝐵(𝜉𝑅𝐹𝐼0

+ 𝛥𝜉) 

    While |𝑇𝐵𝑙𝑒𝑓𝑡
− 𝑇𝐵𝑟𝑖𝑔ℎ𝑡

| ≤ 𝑇𝐵𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
 do 

        Compute 𝑇𝐵 at symmetric points via IDFT of  𝑉𝑖𝑗: 

        𝑇𝐵𝑙𝑒𝑓𝑡
← 𝑇𝐵(𝜉𝑅𝐹𝐼0

− 𝛥𝜉 + 𝜉𝑠ℎ𝑖𝑓𝑡) 

        𝑇𝐵𝑟𝑖𝑔ℎ𝑡
← 𝑇𝐵(𝜉𝑅𝐹𝐼0

+ 𝛥𝜉 + 𝜉𝑠ℎ𝑖𝑓𝑡) 

        𝑛 ← 𝑛 + 1 

        If 𝑇𝐵𝑙𝑒𝑓𝑡
> 𝑇𝐵𝑟𝑖𝑔ℎ𝑡

 

            𝜉𝑠ℎ𝑖𝑓𝑡 ← −
2𝛥𝜉

2𝑛  

        Else  

            𝜉𝑠ℎ𝑖𝑓𝑡 ←
2𝛥𝜉

2𝑛  

        End If 

    End While 
    𝜉𝑅𝐹𝐼 ← 𝜉𝑅𝐹𝐼0

+ 𝜉𝑠ℎ𝑖𝑓𝑡 

Return 𝜉𝑅𝐹𝐼 

The localization accuracy and spatial resolution of the proposed RRLM are validated through a 

dedicated simulation framework. To maintain practical relevance for spaceborne remote sensing, a 

satellite Earth observation scenario from an orbital altitude of 800km is simulated to evaluate 

performance across varying spatial resolution. 

To quantify the RRLM localization capability, a series of RFIs with fixed intensity and random 

locations are set, and the localization error is obtained via Monte Carlo simulation. Figure 5(a) 

illustrates the localization error as a percentage of the spatial resolution against varying RFI 

intensities. It is observed that the error ratio initially scales with RFI intensity before exhibiting an 

asymptotic stabilization. Notably, systems with finer spatial resolution consistently yield smaller 

relative localization errors, signifying enhanced accuracy. 

 

 

(a) (b) 

Figure 5. (a)Localization capability and (b)spatial resolution of the RRLM. 

The high accuracy of RRLM is fundamentally rooted in the exploitation of the PSF symmetry. 

The localization process essentially performs a refined search near the PSF peak by varying the 

reconstructed TB positions. Analytically, the localization capability is governed by the inverse of the 

PSF slope, defined as the rate of the direction cosine relative to the reconstructed TB in the peak 

vicinity. This inverse slope-to-resolution ratio varies linearly with the spatial resolution. Specifically, 

a linear increase in spatial resolution leads to a proportional decrease in this ratio, resulting in the 

linear reduction of the localization error observed in Figure 5(a). 
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Finally, the spatial resolution of the RRLM was evaluated via Monte Carlo simulations involving 

two RFIs with random intensities at fixed inter-source spacings. The detection rate, plotted in Figure 

5(b) against the spacing-to-resolution ratio, serves as the metric for spatial resolution. As the 

separation increases, the detection rate rises monotonically from zero, stabilizing near 100%. These 

simulation results confirm that the RRLM can effectively distinguish and localize dual RFI sources 

once their spatial separation exceeds 1.23 times the system’s spatial resolution. 

4. Experiments 

This section presents two experiments conducted with two 1D-MIRs to validate real-time TB 

reconstructed and real-time RFI localization, respectively. The system parameters of these two MIRs 

are listed in the following table. 

Table 2. System parameters of two 1D-MIRs. 

Specification Real-time Imaging MIR Real-time RFI location MIR 

Frequency 50GHz 1.4GHz 

Bandwidth 320MHz 25MHz 

Number of receivers 15 5 

Spatial resolution 1.43° 15° 

Sensitivity 0.5K@25ms 0.1K@1s 

4.1. Real-Time Imaging Experiment 

Real-time imaging experiments have been carried out with a one-dimensional MIR prototype 

comprises 15 antenna elements configured in large minimum redundancy linear array [30], forming 

159 baselines. As shown in Figure 6, the prototype is mounted on a pedestrian bridge above an 

expressway to observe passing vehicles. The real aperture direction is aligned with the direction of 

vehicle travel, while the synthetic aperture direction is perpendicular to the direction of vehicle travel. 

The prototype remains stationary, and imaging is achieved through the movement of the vehicles. 

2nd order PFA with 16-bit data width has been selected and implemented in the TB Quick-view 

Imaging of the prototype, aligned with the architecture illustrated in Figure 2. The raw correlation 

counts have also been output for algorithm verification. 

 

Figure 6. Experimental scene. 

Figure 7 illustrates the experimental results. The real-time TB image in Figure 7(b) is in good 

agreement with the actual targeting scene in Figure 7(a). The total real-time imaging processing time 

is 570.9μs when system clock is 100MHz. Two offline reference imaging tests have been carried out 

with the raw correlation counts, one of which is standard image reconstruction with accurate 

numerical calculation of INCDF, the other is image reconstruction with 2nd order FPA without data 

truncation. The standard reconstructed TB is used as a benchmark, to evaluate the errors introduced 

by PFA and bit- truncation. Figure 7(c) illustrates the difference between the real-time reconstructed 
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TB (2nd order PFA with 16-bit data width) and the benchmark TB, while Figure 7(d) shows the 

difference between the tested reconstructed TB (2nd order PFA without data truncation) and 

benchmark TB. Figure 7(e) and (f) show their corresponding probability density distribution, in 

which purple bar charts represent statistical characteristics (mean and standard deviation) of the TB 

error, red curves represent the kernel density estimation (KDE) of TB error, and blue curves denote 

the theoretical probability density function (PDF) of a Gaussian distribution with same mean and 

standard deviation values as the values in purple charts. It can be seen that, in both cases the statistical 

properties of the TB errors are highly consistent with zero-mean Gaussian distribution. Data 

truncation contributes most of the real-time imaging TB error. The TB error purely introduced by 

PFA, as illustrated in Figure 7(d) and (f), are almost negligible (standard deviation is only 0.008K), 

but the error pattern shows some correlation with the target TB distribution. 

 

Figure 7. Real-time Imaging Experiment results; (a) Targeting Scene; (b) Real-time Reconstructed TB through 

PFA in FPGA; (c) TB error of PFA in FPGA; (d) TB error of PFA without data truncation; (e) Probability density 

distribution of (c); (f) Probability density distribution of (d). 

For the practical real-time PFA implementation in FPGA with 16-bit data width, the TB error of 

0.133K standard deviation is dominated by data truncation effects. This result very well aligns with 

Figure 4: when the RMSE of normalized threshold level is -60dB and data bit-width is 16, the RMSE 

of reconstructed TB is approximately -16.9dB (10−16.9/20≈0.142). 

Given that the error in the visibility function satisfies the Central Limit Theorem, the brightness 

temperature reconstruction error after IFFT follows a Gaussian distribution. 1) Independence: When 

the data bit-width is sufficiently large (exceeding 8 bits), truncation-induced errors in the visibility 

function can be approximated as independently distributed. 2) Identical Distribution: Under 

stationary statistical characteristics and uniform quantization, the error distribution remains identical 

across all sample points. 
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4.2. Real-Time RFI Localization Experiment 

To validate the practical localization performance of the proposed RRLM algorithm, an airborne 

flight experiment was conducted using a 1-D L-band MIR [31]. The architecture of this MIR system 

is depicted in Figure 2, with its primary instrument parameters summarized in Table 2, featuring a 

nominal spatial resolution of 15°. 

The experiment was carried out over Yantai, Shandong Province, China. Figure 8(c) presents the 

reconstructed TB with a 1-s integration time after RFI mitigation, corresponding to the correlation 

data downlinked to the ground station as illustrated in the system diagram of Figure 2. In contrast, 

Figure 8(a) displays the 1-s integrated TB without mitigation. It is evident that the RFI has been 

effectively suppressed, and the TB has restored its normal geographic observation characteristics. RFI 

detection and localization are performed on the 10-ms integrated data frames shown in Figure 8(b). 

In the unmitigated 10-ms TB, the RFI exhibit prominent PSF features, which provides the physical 

basis for the RRLM algorithm to achieve accurate localization by exploring PFS symmetry. Upon 

detection of RFI within the 10-ms data, the RFI locator determines the source coordinates through 

real-time imaging following the RRLM algorithm. Only the RFI localization data and the mitigated 

1-s integrated data are downlinked, while the raw unmitigated data frames shown in Figure 8(a) and 

(b) are not transmitted to the ground station. 

To evaluate the localization accuracy of RRLM, its results were compared with the MUSIC 

algorithm. Figure 8(d) displays the comparison between RRLM and MUSIC localization results across 

100 consecutive 10-ms data frames. The findings indicate that the RRLM results are in high agreement 

with those of the MUSIC algorithm. Statistical analysis shows that the average localization error of 

RRLM is 0.32°, representing only 2.1% of the system spatial resolution. This performance concurs 

with theoretical analysis and validates the localization capability of RRLM. 

This experiment demonstrates that the RRLM, running on a resource-constrained FPGA 

platform, successfully retrieves RFI spatial information via real-time imaging before data excision 

occurs. This addresses the critical limitation of current spaceborne systems, where RFI positional 

information is lost after onboard mitigation, thereby providing technical support for the subsequent 

generation of global RFI statistical distribution maps. 
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Figure 8. Cross-track RFI real-time localization experiment. (a) TB before RFI mitigation; (b) TB in the RFI-

affected region under a 10ms integration time (note: the 10ms integration data are for testing purposes only). (c) 

TB after RFI mitigation; (d) RFI localization results of RRLM and MUSIC. 

5. Conclusions 

This article presents three methods for real-time calculation of three-level quantization 

normalized threshold level to achieve real-time passive microwave interferometric imaging. We can 

choose the appropriate algorithm and data bit-width based on the error requirements to save logical 

resources and time. For one-dimensional MIR with 159 baselines, the brightness temperature 

reconstruction takes only 570.9μs, with a reconstruction error distributed as N(-2.508e-5,0.1332). This 

performance significantly facilitates onboard RFI localization: for a 1-D MIR with a spatial resolution 

of 15°, the RFI localization error remains below 2.1% of the spatial resolution. In the future, we will 

conduct research on real-time calibration methods to further improve the inversion accuracy and 

explore real-time imaging methods for two-dimensional MIR. 

Appendix A Coefficients of AKA 

The coefficients an, bn employed in the AKA are provided in the following table. 

Table A1. Coefficients of AKA. 

Coefficient Value Coefficient Value 

a_1 -3.969683028665376e+01 b_1 -5.447609879822406e+01 

a_2 2.209460984245205e+02 b_2 1.615858368580409e+02 

a_3 -2.759285104469687e+02 b_3 -1.556989798598866e+02 

a_4 1.383577518672690e+02 b_4 6.680131188771972e+01 

a_5 -3.066479806614716e+01 b_5 -1.328068155288572e+01 

a_6 2.506628277459239e+00  -5.447609879822406e+01 
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