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Appendix A State-of-the-art phased array beam tracking algorithms and systems
Appendix A.1 Algorithm overview

Beam management is critical for maintaining directional links, primarily comprising beam training during initial access and beam
tracking during mobility. Existing research spans exhaustive blind search, hierarchical search, model-driven algorithms (e.g., Kalman
Filtering), and data-driven approaches (e.g., Machine Learning). However, most studies are confined to simulations, lacking real-time
system experiments that address practical hardware processing latency and resource overheads.

1. Beam training: Beam training aims to solve the global optimization problem for beam alignment. Existing techniques are primarily
categorized into three types:

(1) Blind training: Relying solely on pilot sweeping. Exhaustive search, though adopted by IEEE 802.15.3c, incurs massive latency in
massive MIMO systems [1]. Hierarchical search utilizes multi-resolution codebooks to achieve logarithmic complexity [2], with improved
designs addressing error propagation [3]. Two-stage search offers an efficient trade-off by combining coarse and fine scanning [4, 5].
(2) Assisted training: Leveraging prior information to narrow the search space. Position-aided methods (GPS/Radar) convert global
search into local refinement, significantly reducing latency while maintaining robustness to position errors [6-8]. Compressed Sensing
(CS) exploits channel sparsity to reconstruct channels or train directly via sparse measurements, drastically reducing pilot overhead [9,
10]. (3) ML-based training: Supervised learning employs location fingerprinting or deep learning for super-resolution estimation to
directly predict optimal beams [11,12]. Reinforcement learning (e.g., Multi-Armed Bandit) adapts to dynamic environments via online
exploration-exploitation mechanisms [13].

2. Beam tracking: Beam tracking addresses mobility-induced channel evolution, mainly classified into model-based and data-based
schemes: (1) Model-based tracking: Relying on physical or state equations. Geometric methods use Auxiliary Beam Pairs (ABP) to
compare signal ratios for high-precision angle estimation [14,15]. Adaptive filtering (RLS/LMS), while simple, struggles to balance
convergence speed with robustness to abrupt changes [16-19]. The Kalman Filter family (KF/EKF/UKF/PF) leverages a ”predict-
correct” mechanism to effectively handle state estimation in non-linear systems, significantly enhancing robustness in complex mobile
scenarios [20—24]. (2) Data-driven tracking: Utilizing sequence models to predict channel evolution. Supervised learning employs
LSTM/GRU to mine temporal features [25,27] or integrates them with Bayesian filtering for improved accuracy [26]. Reinforcement
learning (DQN/DDPG/SARSA) optimizes beam policies online by maximizing received SINR, effectively solving tracking challenges in
continuous action spaces [28,29].
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Table A1 Comparison of state-of-the-art mmWave/THz beam tracking and communication systems

Freq. Array config. System Dist. Rate Mobilit; .
Ref (GHOL) (Txy/ Rx)g ?:,ype (m) (Gbps) Mod. (km/h)y Beam tracking method
[30] 27 4x4 /1 Tracking - - - - Naive algo. / deep Q-network
(31] 150-170 1x8 / 1x8 Tracking 8.7 - - - Exhaustive search
[32] 28 - Tracking Indoor - - - LSTM
[33] 28 4%32 ) 8x8 Static 300 1.6 16QAM - -
[34] 64 4%32 / 4%x32 Static 800 0.5 QPSK - -
[35] 200 8x1/4x1 Static 30 24 64QAM - -
[36] 135 8x8 / 8x8 Static 120 2.3 QPSK - -
(37] 60 4x1/4x1 Dynamic - 1.3 QPSK - ivgﬂ‘ffg 12;’:;31[?;“;55 ig’;ése delay)
[38] 28 16x4 / 4x1 Dynamic - 5.3  TDD-64QAM - -
[39] 28 1/8x8 Dynamic Indoor 2.8 64QAM Linear  Partial sweep (Rx only)
[40-43] 28 8x6 /4x1 Dynamic 500 3.77  TDD-64QAM 60200 Partial sweep: pos.-based max
power
[44] 39 4x16 / 4x16 Dynamic 1500 2 TDD 20 Exhaustive search
[45] 64 1x5/1x5 Dynamic 10 0.4 16QAM 0.8 Sparse-narrow grid
[46] 28 1x8/1x8 Dynamic 7.1 0.4 256 QAM - Exhaustive search
[47] 28 16x8 / 4x4 Dynamic Outdoor  0.375 TDD 32-48  Exhaustive search
(48] 28 16x4 / 16x4 Dynamic 4.2 0.03 16QAM 0.1 Location-aided alignment
[49] 22 - Dynamic 200 1.4 TDD - Exhaustive search
[50] 28 4x4 /8x8 Dynamic 21.6 - 16QAM - Quadrant neighbor search
[51] 150-175 1x8 / 1x8 Dynamic 50 50.1 16QAM - Exhaustive search
[52] 39 4x4 /8x8 Dynamic 2200 0.015 - - Mechanical tracking
[53] 220 8x1/4x1 Dynamic 38 64 64QAM 7.2 STARE/BRIGHT algorithm
Dynamic
Ours 93.2 8x8 / 8x8 (video service 900 1.5 8PSK 20 EACT (proposed)

with BLER requirement)

Appendix A.2 Systems overview

Current academic and industrial research on mmWave and THz phased-array mobile communications covers a spectrum of scenarios,
ranging from static communication to high-dynamic beam tracking. A comparison of state-of-the-art system performance is presented
in Table Al.

1. Static phased-array communication systems: Research on phased-array communication systems originated in static scenarios,
alming to verify transmission capabilities in the mmWave and Sub-THz bands. Studies based on analog beamforming architectures
have verified coverage in the 28 GHz and 64 GHz bands, achieving medium-to-long-range transmission from 300 meters (1.6 Gbps) to
800 meters (0.5 Gbps) [33,34]. As frequency increases, path loss limits transmission distance, but the bandwidth advantage becomes
significant. Research in the 200 GHz band has achieved ultra-high speeds of up to 24 Gbps, although coverage was limited to 30
meters [35]. Another study utilizing a fully digital architecture at 135 GHz extended 2.3 Gbps transmission to 120 meters [36]. Static
studies indicate that long-range coverage or ultra-high communication rates can be achieved by increasing array size or frequency,
respectively; however, these represent performance benchmarks under ”ideal conditions.”

2. Beam tracking systems (without data link): To address challenges introduced by mobility, some studies focus solely on the
implementation of beam alignment and tracking algorithms without integrating a complete communication data link, primarily to
verify tracking feasibility. Research paths have evolved from traditional exhaustive search (e.g., trials at 150 GHz [31]) toward intelligent
approaches. Deep Q-Learning has been introduced for AoA estimation [30], while other works attempted to use LSTM algorithms for
predictive tracking in short-range indoor scenarios [32]. These studies largely focus on validating tracking feasibility and lack support
from actual communication service data; thus, their actual efficacy and Bit Error Rate (BER) performance remain to be verified at the
system level.

3. Dynamic tracking and communication systems: Dynamic communication systems aim to resolve mobility challenges. Although
existing research has progressed in supporting real-time services and mobility (e.g., achieving coverage from 60 km/h to 200 km/h [37-44],
significant ”dimensionality reduction” trade-offs exist in system architecture and field testing. Consequently, it is difficult to meet
future demands for high-frequency, high-precision tracking in high-dynamic 3D spaces. Main solutions typically adopt an asymmetric
?wide-narrow” beam synergistic strategy or utilize asymmetric array configurations (e.g., rectangular arrays) to achieve fan-beam
coverage in a specific plane. This approach compresses the beam codebook size under wide beams and reduces system overhead.
Specifically, this includes:Reducing tracking difficulty via mismatched array scales: Most existing systems employ unequal transceiver
array configurations (e.g., TX 8 x 6 vs. RX 4 x 1, or using a small-scale array on one side) [40-47]. This configuration results in
a wider beam on one side, objectively lowering alignment difficulty and circumventing the technical challenge of ”narrow-beam to
narrow-beam” alignment. Limitations in tracking algorithms and scenarios: To adapt to mobility, deployed beam tracking schemes
often employ simplified strategies, such as Partial sweep [39,42], sparse grids y [45], or auxiliary positioning [48]. Although deep
learning-based methods garner theoretical attention, they face real-time bottlenecks in rapid deployment due to long training times and
hardware processing latency. Researchers have also explored 64 Gbps transmission using 220 GHz phased arrays, but the distance was
limited to 38 meters with complex algorithms, demonstrating communication and sensing capabilities separately rather than real-time
tracking communication [53]. Other research achieved 2200-meter transmission but reverted to mechanical tracking with a lower rate
(15 Mbps) [52]. Most of these studies lack long-term BER assessment for real-time service transmission (e.g., video streams).
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Figure B1 (a) 16-channel chip architecture; (b) 64-channel chip architecture

Existing dynamic communication cases benefit from relatively lower path attenuation, often requiring only wider beamwidths and
smaller codebook sizes. They predominantly use non-predictive methods, which, while manageable in overhead, lack responsiveness to
high-dynamic targets. As frequencies rise to the THz band, the requirement for narrow beams at both ends increases the number of
codebooks needed for spatial scanning. Continuing with traditional methods would result in scanning cycle times far exceeding the
target’s dwell time within the beam, leading to frequent target loss due to scanning lag. Furthermore, despite theoretical interest, deep
learning methods remain constrained by training and processing delays, hindering real-time deployment.

Few systems can simultaneously satisfy multiple conditions: high frequency band, long range, high communication rate, strong
dual-side narrow-beam tracking capability, real-time service, and low BER requirements. In contrast to existing solutions, this paper
reports a phased-array tracking and communication system operating at 93.2 GHz. Employing relatively narrow beams at both the
transmitter and receiver, the system utilizes the proposed ATL method (maximum tracking angular velocity of 10°/s) to achieve stable
tracking in a 900-meter long-range dynamic scenario (target speed 20 km/h). The system maintains a transmission rate of 1.5 Gbps
under 8PSK high-order modulation and has been experimentally verified to meet the low BER transmission requirements for real-
time video services. In terms of tracking-communication architecture, we adopt a low-complexity Frequency Division Multiplexing
(FDM) architecture for decoupled tracking and communication transmission. This replaces traditional time-division schemes, reducing
communication resource overhead while facilitating deployment. Algorithmically, we employ the deployable ATL mechanism, utilizing an
Extended Kalman Filter (EKF) to enhance tracking prediction performance and achieve adaptive regional guidance. We also leverage
EKF-assisted motion awareness to implement adaptive beam tracking, replacing existing exhaustive or raster scanning schemes to
improve robustness in high-dynamic scenarios. To address interruption issues, we design an ELR strategy based on a history buffering
window, which intelligently distinguishes between different interruption scenarios, performs interruption beam prediction, and guides
hierarchical scanning to restore the link.

Appendix B Phased array chip details

The system utilizes four commercial W-band 16-channel silicon-based multi-function transceiver chips (Model: CCAR91601F), which
are integrated into a 64-channel phased array module via Antenna-in-Package (AiP) technology. This module integrates functions
including phase shifting, attenuation, power amplification, frequency conversion, power management, and digital control within a single
package. The detailed architectures of the 16-channel chip and the 64-channel array are illustrated in Figure B1. The key specifications
are as follows:

e Operating bands: RF coverage: 92-96 GHz; Local Oscillator (LO) frequency: 10.8-11.4 GHz; Intermediate Frequency (IF): 5-7
GHz.

e TX/RX phase shifting: 6-bit resolution, phase range 0-360°, with a step size of 5.625°.

e RX attenuation: 5-bit resolution, configurable attenuation range (15.5/23.25/31 dB), with a minimum step of 0.5 dB.

e RF performance: Saturated transmission power (Psqt) > 12.5 dBm; G/T approximately -13.1 dB/K.

e Physical dimensions: Utilizes BGA packaging with dimensions of 16 mm x 16 mm, featuring an effective physical aperture of 14.4
mm X 14.4 mm.

e Antenna performance: The design gain of each radiating element is 4.5 dBi. The array features a 3-dB beamwidth of 10°, a
scanning range (defined by the 3-dB gain drop) of +30°, and a sidelobe suppression level of 10 dB, as shown in Figure B2. In subsequent

experiments, to mitigate the impact of sidelobes on the tracking algorithm, Taylor weighting was applied, achieving a sidelobe suppression
of 30 dB.
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Figure B2 Array patterns with different pointing angles
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Figure C1 Beam-tracking process

Appendix C ATL phased-array tracking scheme

The ATL phased-array beam tracking scheme consists of three stages: Adaptive Cross Scan (ACS) for blind scanning and initial
handshaking, EKF-guided Adaptive Conical Tracking (EACT) for dynamic tracking, and EKF-guided re-locking and Recovery (ELR)
for link recovery. The overall architecture is shown in Figure C1.

Appendix C.1 ACS

During the beam acquisition stage, the system employs the Adaptive Cross Scan (ACS) method instead of traditional exhaustive scanning
to improve acquisition efficiency. When the transmit and receive phased arrays (Tx/Rx) have not yet achieved beam alignment, the
received power remains insufficient to support reliable communication quality.

Given a predefined maximum iteration count Npmax, minimum step size threshold Ai,, initial step size Ag, and initial az-
imuth/elevation scanning ranges (6o, ¢o), along with a power improvement threshold A, and a minimum power threshold Py, the Tx
and Rx alternately perform cross-scanning operations. In the initial scan, the Rx remains fixed while the Tx executes azimuth—elevation
cross sweeps sequentially within the preset range, using the received signal strength indicator (RSSI) as the detection criterion to locate
the optimal beam direction; the Rx then performs the same process in turn.During each scanning iteration, the system records the
maximum received power and updates the estimated beam center accordingly. When the current step size A; is larger than A, and
the power difference between the current and previous iterations exceeds A, while remaining above Ppin, the system determines that
the beam has not yet converged to the optimal direction. It then initiates the next iteration, adjusting the step size and range by a
scaling factor « centered around the current estimate, thereby iteratively refining the search region toward the optimum. After multiple
iterations, the ACS method converges to a stable optimal beam direction within limited step size and range, successfully completing
beam alignment and handshake.
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However, when the sidelobe power is relatively high, the algorithm may mistakenly align the beam to a sidelobe, causing local-
optimum trapping. To avoid this, two methods are adopted. First, according to the phased-array radiation pattern, there exists an
initial suppression ratio between the main lobe and sidelobes; thus, Taylor weighting is applied to further suppress sidelobe levels and
minimize the likelihood of false alignment. Second, by setting the minimum power threshold Py,;, higher than the sidelobe power level,
the algorithm avoids locking onto sidelobes, thereby eliminating local optima and ensuring convergence to the true main-lobe direction.

Appendix C.2 EACT

Compared to traditional neighbor search methods, EACT enhances tracking robustness and predictive capability across varying dynamic
scenarios. This method fuses RSSI-based peak power observations with Extended Kalman Filter (EKF) predictions. The transceiver
sequentially executes a conical scan to acquire a priori measurement of the optimal power angle. Simultaneously, the EKF utilizes
historical state vectors to predict the beam position. The beam center is then updated in real-time by combining the predicted value
with the measured angle, achieving adaptive regional guidance enhancement and improving the algorithm’s predictive performance.
Furthermore, EACT introduces motion-aware resource scheduling. By utilizing the angular velocity estimated by the EKF, the algorithm
dynamically switches the radius and sampling number of the adaptive conical scan. Specifically, it automatically expands the scanning
range and increases sampling points during high target maneuvers to prevent lock loss, while contracting the range during steady
states to boost gain. This mechanism achieves beam adaptivity, thereby enhancing both tracking precision and robustness. Theoretical
Derivation of EKF:In three-dimensional space, we adopt the azimuth angle (f) and elevation angle (¢), along with their corresponding
angular velocities, as state variables to construct a 4-dimensional state vector:

. . T
XTx,k = (9Tx,k7 OTx, k) PTx k> ¢Tx,k> (C1)

. ) T
XRx,k = (eRx,k: ORx, ks PRx,k> ¢>Rx,k> (C2)

We model and observe angles directly in the polar coordinate system. The non-linearities associated with beam profiling are
handled by the adaptive conical scan, which compares the power of multiple sampling points to identify the optimal value. The angle
corresponding to the maximum power is directly extracted as the observation value, establishing a linear mapping relationship with the
EKF. Consequently, the observation model of the EKF allows for simplification into a linear mapping. However, in the state prediction
phase, we implement an Adaptive Process Noise Covariance Q that adapts based on the state vector (specifically, the angular velocity).

Appendix C.2.1 State evolution equation

In this specific case, the non-linear functions f and h degenerate into linear matrix forms. The equation is based on the constant velocity
(CV) kinematic model:

Xph—1 = f(Xp—1) + W1 (03)

Op—1 + At 01
Sr—1+ Aty

f(xk—1) = =Fx,_1 (C4)
Or—1
Pk—1
1 At0 O
0100
F— (C5)
0 1 At
0 01

where wy_1 ~ N(0, Qi_1) denotes the process noise, and its covariance matrix is Qg_1.

Appendix C.2.2  Observation equation

Since the beam scanning algorithm (i.e., conical scan) directly outputs angular estimates, the observation matrix H represents a linear
mapping. The beam angle corresponding to the optimal power obtained via conical scanning serves as the observation vector zg:

zp = Hxy, + vy, (C6)

where vi denotes the measurement noise, which is assumed to follow a zero-mean Gaussian distribution

Vi ~ N(0,R). (c7)
The measurement matrix is defined as
1000
H= ; (C8)
0010

which extracts the azimuth and elevation angles from the state vector.
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Appendix C.2.3 Prediction stage

The predicted state and its covariance are expressed as

Xpjp—1 = FXp_1)x—1, (C9)

Pijoo1 =FPy_q1FT + Qroy, (C10)

where Qp_1 denotes the process noise covariance matrix.

Appendix C.2.4 Update stage

The innovation (residual) between the measurement and the prediction is given by
Yi =2zk — HXpp 1. (C11)

To characterize the uncertainty contributed by both the prediction and the measurement noise, the innovation covariance is computed
as
Sk = HPy;,_H" + R. (C12)

The Kalman gain is then obtained by
K =Py HT'S . (C13)

Appendix C.2.5 Beam center update

The beam center update strategy combines historical state estimation with real-time measurements to predict the next beam center in
advance, thereby avoiding blind conical scanning and significantly improving tracking efficiency. Based on the predicted and observed
results, the updated beam state and covariance are expressed as

Xy = Xpp—1 + Ky, (C14)
Pr=(1—-KiHy) Py (C15)

Appendix C.2.6 Adaptive tracking logic

Based on the current estimated beam state X, the instantaneous angular velocity magnitude is computed as

ok = /82 + 62, (C16)

The estimated angular velocity provided by the EKF is then used to characterize the target motion state and guide adaptive beam
tracking. Specifically, the radius and the number of sampling points of the adaptive conical tracking are adjusted according to the
motion dynamics as

Tk =Tk—1" Sk, (C17)
N = Ni—1 - ek, (C18)

where the scaling factors s and ey are determined by predefined angular velocity thresholds. Based on the adaptive rules and the EKF
prediction results, the radius and the number of sampling points for the next tracking iteration are jointly determined.

Appendix C.2.7 Adaptive process noise (Q) strategy

To enable seamless switching of the EKF between static and dynamic environments, a noise modeling strategy with fixed measurement
noise and adaptive process noise is adopted. The measurement noise covariance R characterizes the intrinsic measurement accuracy of
the beam scanning sensor, which is mainly determined by the hardware resolution of the measurement instrument and the signal-to-noise
ratio (SNR). Over short time intervals, its statistical characteristics are assumed to be relatively stable and insensitive to rapid target
motion variations. Therefore, R is modeled as a constant matrix throughout the tracking process.

In contrast, the process noise covariance Q reflects the confidence level of the motion model prediction. In this work, a constant
angular velocity (CV) motion model is adopted. When the target remains static or moves slowly, the CV model closely matches
the actual motion, and a relatively small process noise is sufficient to ensure smooth filtering performance. However, during rapid
maneuvering or rotational motion, unmodeled angular accelerations lead to increased prediction errors, necessitating a larger process
noise to prevent filter divergence and excessive estimation lag.

Accordingly, an adaptive process noise tuning law is introduced based on the estimated angular velocity, establishing a nonlinear
mapping between the process noise covariance and the real-time motion state:

Qk(&)) = Qbase +a- ‘:}2 ) Iveh (Clg)

where Qpase denotes the baseline process noise ensuring smooth filtering under static conditions, & represents the magnitude of the
estimated angular velocity, and I, is a diagonal selection matrix that activates the velocity-related state components.
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Figure C2 Time-domain tracking angular error and received power fluctuations

Appendix C.3 ELR

The system monitors the received power and angular velocity state vectors in real-time. When the power remains continuously below
a preset threshold and power fluctuation falls below a specified limit, a link interruption alarm is triggered, and the system enters the
recovery phase. Subsequently, based on the EKF historical buffer, the system utilizes the velocity component as a criterion to distinguish
the interruption type:

Scenario 1: sudden blockage (low velocity interruption). If the interruption occurs at a low speed—characterized by a sharp power
drop but a small EKF velocity component—it is classified as a sudden blockage. The system triggers the EKF Historical Backward
Buffer mechanism. This maintains a sliding window (e.g., the state history of the last 5-10 iterations). During the interruption, the
system performs beam prediction based on historical state vectors to continuously calibrate and update the ”anchor point,” avoiding a
zero-start search. This enables rapid re-locking once the blockage disappears.

Scenario 2: rapid maneuver (high velocity interruption). Conversely, if the EKF velocity component is large, indicating that the
target has undergone an instantaneous rapid maneuver and deviated from the prediction range, the system triggers EKF Predictive
Forward Estimation. Utilizing the target motion model, the system selects historical states with significant velocity components from
the pre-interruption buffer to predict forward and establish a new anchor point. It expands the search scope based on the trajectory
and velocity to calculate a new beam center, which is then combined with hierarchical scanning to complete the re-lock.

Appendix C.4 Algorithm performance testing and comparison

Monte Carlo simulations are employed to rigorously quantify the ACS, the EACT and the ELR process. To strictly evaluate the
statistical performance boundaries of the proposed algorithm, the simulated angular velocities intentionally exceed typical operational
scenarios.

Appendix C.4.1  Simulation Setup and Motion Configuration

The simulation timeline and motion states are configured as follows. A link blockage event is introduced from ¢t = 5s to t = 6's, during
which the communication link is completely interrupted. Subsequently, the target initiates rapid maneuvering at ¢ = 10s.

The target’s initial angular velocity is randomly drawn from a uniform distribution in the range of 5.7°/s to 7.2°/s, representing
normal tracking conditions. During the rapid maneuvering phase, the angular velocity increases significantly to a high-dynamic range of
17° /s to 26° /s, emulating aggressive motion scenarios such as short-range indoor movement or abrupt target rotation, thereby testing
the algorithm’s performance limits.

To reflect practical hardware constraints related to CPU processing capability and receiver sampling rates, the single-beam dwell
time is set to 5ms. This dwell time accounts for the complete latency cycle, including beam switching, signal acquisition, and data
processing.

Appendix C.4.2  Tracking process visualization

Figure C2 illustrates the temporal evolution of the tracking angle error and the received power intensity for a representative Monte
Carlo trial, providing a visual demonstration of the tracking dynamics. Figure C3 depicts the relationship between the EKF-estimated
angular position and angular velocity states and their corresponding ground truth values.
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Figure C4 CDF curves of time consumption for ACS, ELR (blockage), and ELR (maneuvering)

It can be observed that sudden link blockages and rapid maneuvering events lead to accumulated angular errors, power fluctuations,
or even temporary tracking interruptions. Nevertheless, with the assistance of the ELR mechanism, the system is able to successfully
restore and maintain a stable communication link.

Appendix C.4.3  Statistical performance analysis

Figure C4 presents the cumulative distribution functions (CDF's) of the time consumption for the Initial Acquisition (ACS) phase and
the recovery latency under both blockage and rapid maneuver interruption scenarios using the proposed ELR mechanism.

The performance metrics are defined as follows:

e ACS Time: Defined as the time required to identify a beam whose received power deviation is no greater than 0.5dB from the
theoretical peak within a scanning range of [—40°,40°].

e ELR recovery time: Defined as the time required for the received power to return within a 3dB fluctuation range of the normal
tracking power, corresponding to re-entry into the half-power beamwidth.

e Success criteria: Distinct success criteria are established for different interruption scenarios. For blockage events, due to the
relatively slow angular dynamics, recovery is considered successful if the received power fluctuation returns within 3dB in less than
1s; otherwise, the attempt is classified as a failure. For rapid maneuvering scenarios, considering the higher dynamic challenge, the
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allowable recovery time threshold is relaxed to 2s.

Statistical results summary:

e Initial beam acquisition (ACS): Owing to the random initialization of the target’s angular position and velocity, ACS exhibits
a stochastic distribution, with an average acquisition time of approximately 960 ms.

e ELR under blockage: Upon blockage removal, the re-locking latency demonstrates highly deterministic behavior. The proposed
algorithm achieves successful re-locking within 1000 ms in nearly all trials, yielding a success rate of 99%.

e ELR under rapid maneuvering: Under sudden maneuvering conditions, the algorithm maintains a re-locking success rate of
97% within 2s after link instability is detected.

Appendix C.4.4  Comparative performance analysis

Furthermore, a Monte Carlo performance comparison is conducted between the proposed method and several baseline approaches in
Figure C5, including traditional conical scanning (four-point neighbor), raster search (3 X 3), and conventional Kalman filtering, under
varying angular velocity conditions.

The comparison results demonstrate that the proposed algorithm consistently outperforms traditional single-strategy methods in
terms of dynamic adaptability and tracking precision. As the angular velocity increases, the proposed method exhibits significantly
reduced angular estimation error and received power fluctuation compared to conventional approaches. However, when the angular
velocity increases to the extent that the angular error fluctuation exceeds the half-power beamwidth, the system inevitably reaches its
physical performance limit.

Appendix D System performance evaluation

Appendix D.1 Static communication capability testing

We conducted experimental tests to evaluate the static communication capabilities of the phased array in indoor environments at
distances of 1.2 m and 52 m. The system architecture and hardware photograph are presented in Figure D1. We analyzed the
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Figure D2 RF and communication test results. (a) AM/AM characteristics at 1.2
mance; (d) Link budget for maximum distance; (e) Constellation diagram

m; (b) AM/AM characteristics at 52 m; (c) SNR perfor-

Table D1 Experimental parameters of the test
Core parameter Value
Operating frequency 93.8 GHz
Number of T/R channels 64
Modulation type QPSK /8PSK /16QAM
Signal bandwidth 0.8 GHz
Service data rate 1/1.5/2Gbps
Transmission distance 1.2/52m
Path loss 73.5/106.2dB
Maximum EIRP 52.1dBm
Input power at 1dB compression at Tx, P, ,14B —10dBm
Saturated output power of Tx channel, Psa¢ 12.5dBm
Gain-to-noise temperature ratio, G/T —13.1dB/K

Receiver sensitivity (QPSK/8PSK/16QAM)
Estimated maximum link distance (20°C, 50%RH) (QPSK/8PSK/16QAM)

—65/ —60.1 / —58.4dBm
1750 / 900 / 500 m

RF input/output characteristics of the phased-array module and its communication performance under different modulation schemes,
including QPSK, 8PSK, and 16QAM. Based on the principle of reciprocity, the theoretically calculated curves for 1T16R and 16T1R
coincide, as do the theoretical curves for 1T64R and 64T1R.

As shown in Figure D2, measurement results of the input-output curves reveal significant non-linear compression characteristics and
channel inconsistencies within the phased array. During communication measurements, we observed that as the input power increases,
the Signal-to-Noise Ratio (SNR) of the demodulated constellation exhibits a ”peak-like” trend—initially rising and then falling. This
phenomenon is closely correlated with the compression characteristics of the system’s transmitter and receiver.

e In the low-power regime, the received signal strength is the dominant factor; thus, the SNR improves significantly as the input
power increases.

e Conversely, in the high-power regime, the front-end components of the transmitter enter compression or even saturation states.
This enhances non-linear distortion, resulting in a degradation of SNR.

The experimental parameters are summarized in Table D1. The experimental evaluation confirms the feasibility of using the phased
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Figure D3 Indoor tracking and communication setup: (a) Transmitter moving configuration; (b) Gimbal pointing trajectory; (c) Laboratory
environment; (d) Experimental scene

array for long-range THz communication; however, Power Back-Off (PBO) must be considered to mitigate the impact of compression
characteristics on high-order modulation schemes.

Appendix D.2 Power control and modulation format co-optimization strategy

The ”SNR peak” phenomenon arising from the phased array’s non-linear characteristics elucidates the intrinsic relationship between
transmission power and communication quality. Maintaining high demodulation quality to support high-order modulation requires
input Power Back-Off (PBO), which reduces the Effective Isotropic Radiated Power (EIRP) and consequently limits the link range.
Conversely, pursuing long-range transmission necessitates increased transmission power or reduced modulation order; however, excessive
power drives the system into the non-linear region, inducing severe distortion and deteriorating signal quality.

By comprehensively balancing the ” Range—Rate—Quality” trade-off, we investigated an optimal configuration strategy based on the
co-optimization of power control and modulation formats. Using demodulation thresholds as boundary conditions, we determined the
optimal input power and EIRP operating points for different modulation schemes. This approach accounts for the PBO required to
mitigate compression effects on high-order modulations, ensuring maximum transmission distance while guaranteeing communication
quality. Specifically, under environmental conditions of 20°C and 50% humidity with a signal bandwidth of 0.8 GHz:

e QPSK: The system operates at a maximum EIRP of 52.1 dBm, achieving a maximum static point-to-point communication distance
of 1750 m.

e 8PSK: To maintain link quality above the 14.8 dB threshold, the Intermediate Frequency (IF) input power is limited to within -7
dBm. This results in a maximum EIRP of 50 dBm, corresponding to a maximum distance of 900 m.

e 16QAM: Requiring a 16.5 dB threshold, the IF input power is controlled within —10 dBm. The maximum EIRP is restricted to
46.4 dBm, yielding a maximum distance of 500 m.

Through rational power management and modulation selection, the phased array achieves optimal performance matching across
diverse transmission scenarios, effectively balancing the stringent quality requirements of high-order modulation with the system’s
transmission range.

Appendix D.3 Indoor tracking algorithm performance testing

To validate the proposed ATL tracking mechanism and its effectiveness under communication traffic, we established an experimental
platform in an indoor environment (see in Figure D3). The transmitter and receiver were separated by approximately 6.5 m. The
transmitter phased array was mounted on a handheld gimbal, utilizing the gimbal’s preset azimuth rotational trajectory to simulate
target motion and induce dynamic changes in beam direction.

Four trajectory points (P1-P4) and the transit times between them were preset in the azimuth direction. The gimbal moved
sequentially through these points, covering a scanning range of [—40°,40°]. Notably, the motion interval from P2 to P3 was set to
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Figure D4 Beam scanning results. (a) Optimal beacon power and scan information; (b) T/R center position trajectory during beam scan
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Figure D5 Beam tracking results. (a) Optimal beacon power; (b) Distribution of optimal beacon power; (¢) CDF; (d) SNR during beam
tracking; (e) Constellation

8 s, corresponding to an angular velocity approaching 10°/s, to verify the system’s fast tracking capability. In the experiment, the
communication signal was digitally demodulated and monitored in real-time via FPGA, while the beacon signal was detected using an
RF power detector (visualized using a spectrum analyzer in Figure D3(d)).

Figure D4 illustrates the results of the single-ended beam scanning process. The initial scanning range was preset to +40° for both
azimuth and elevation, with an initial step size of 20°, corresponding to 10 sampling points per cross-scanning round. The power
improvement threshold was set to 0.1 dB, with an iteration scaling factor of 1/2. As the scanning iterations progress, the scanning
range and step size are progressively reduced, while the cumulative number of sampling points increases, thereby enhancing the scanning
resolution and precision. Experimental results indicate that the beam handshake was successfully completed after 6 iterations. The
total number of scanning points for the ACS was 90 per end, resulting in a total overhead of 180 points for the entire transceiver link.

Figure D5 illustrates the system’s beam tracking performance and communication results during the gimbal’s trajectory from P1
to P4. Figure D5(a) depicts the fluctuations of the optimal beacon power within the respective TX/RX cycles during the tracking
phase. The blue and orange shaded regions correspond to the static states of the gimbal at P1 and P4, respectively, while the green
region represents the dynamic process as the gimbal moves sequentially from P1 through P2 and P3 to P4. The figure also presents
the statistical characteristics of the power levels across these stages, indicating that power fluctuations remain minimal during static
states, and beam alignment is effectively maintained throughout the motion process. Figure D5(b) and (c) further provide the statistical
results of the optimal beacon power fluctuations over the entire tracking phase. During the green motion phase, power jitter is primarily
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Figure D6 EKF state information. (a) Elevation angle; (b) Azimuth angle; (c¢) Tx angular velocity

induced by the rapid maneuvering of the gimbal, manifesting as beam loss-of-lock and re-locking processes at various stages. These
instances constitute the ” power jitter” phenomena highlighted by the three red boxes in the figure. Additionally, the power degradation
observed during motion is primarily attributed to the influence of the antenna radiation pattern characteristics.

Furthermore, to evaluate and intuitively visualize the system’s tracking performance, the variation curves of the azimuth angle,
elevation angle, and transmitter azimuth angular velocity within the respective scanning cycles of the transmitter and receiver are
plotted in Figure D6.

Since the transmitter gimbal rotates primarily along the defined azimuth direction, the variation in absolute elevation is minimal;
the motion is predominantly reflected in the changes of the transmitter’s beam azimuth pointing. The angular velocity of the gimbal
is approximately 6°/s during the P1 — P2 and P3 — P4 phases, and reaches 10°/s during the P2 — P3 phase. This demonstrates
that the ATL mechanism effectively handles state transitions and maintains robust tracking performance for targets undergoing rapid
maneuvers at speeds up to 10°/s.

Appendix E  System architecture and outdoor demonstration

Appendix E.1 Tracking and communication system architecture

In terms of communication and tracking schemes, we adopt a Frequency Division Multiplexing (FDM) architecture where communication
and tracking beacon signals are transmitted independently and processed via decoupled paths. Compared to monitoring the RSSI of
wideband communication signals, the narrowband Continuous Wave (CW) beacon significantly enhances receiver sensitivity. This
approach mitigates the risk of deep fading in communication power. In scenarios with limited long-range link budgets or severe
fluctuations caused by narrow-beam scanning, communication signal power may drop to the lower limit of the ADC’s dynamic range,
rendering feedback data invalid. In such cases, the single-tone beacon ensures a sufficiently high Signal-to-Noise Ratio (SNR) to maintain
closed-loop feedback.

Regarding resource efficiency, this decoupled approach distinguishes itself from Time Division Multiplexing (TDM) methods used
in standards like IEEE 802.11ad, which occupy time slots for beam training. Our beam scanning does not consume communication
frames, thereby eliminating time-domain tracking overhead and preventing the throughput degradation associated with scanning in
traditional schemes. Furthermore, this decoupled architecture, based on independent receiver processing, exhibits excellent portability
for bidirectional tracking. The scheme can be directly reused for bidirectional links. Moreover, the power-monitoring-based solution is
readily portable to future high-speed FPGA platforms without requiring complex inter-frame handshake protocols, significantly reducing
the system complexity of bidirectional beam alignment.

In this architecture, tracking performance is primarily constrained by the single-beam refresh rate and beam update sampling points,
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which are limited by hardware factors such as the receiver sampling rate and CPU computational load. The aggregate impact results
in a reduced total refresh rate for the beam tracking cycle, potentially leading to tracking failure when the target’s angular velocity
exceeds a certain threshold. Additionally, the impact of the adaptive scanning radius on net throughput is indirect: periodic beam
scanning during tracking induces minor beam deviations, causing slight power fluctuations. These result in SNR variations that may
dip below the demodulation threshold, leading to increased bit errors and consequent throughput degradation.

Appendix E.2 Hardware implementation and experimental setup

For the vehicular phased-array mobile communication demonstration, the receiver was deployed at the lakeside, while the transmitter
was mounted on a vehicle traveling on a road 900 m across the lake. The vehicle moved at a speed of 20 km/h along a trajectory
approximately perpendicular to the transceiver Line-of-Sight (LoS).

A camera captured real-time uncompressed video data (1920 x 1080, 30 FPS), resulting in an approximately 1.5 Gbps video stream.
This stream was fed via an SDI converter into the baseband for conversion to Intermediate Frequency (IF). The baseband FPGA (Xilinx
ZYNQ UltraScale+ RFSoC ZU27DR) generated a Single Carrier (SC) communication signal (Center Frequency: 1.1 GHz, Bandwidth:
0.8 GHz, Coding: LDPC, Modulation: 8PSK). This signal was combined with a 1.9 GHz Continuous Wave (CW) tracking beacon
generated by a signal source (USBG6000). Both signals were up-converted via an IF IQ mixer (AT-IQM-0218A) driven by a 4.1 GHz
Local Oscillator (LO) before being input into the phased array. Inside the array, an 11 GHz LO drove an internal frequency octupler
(x8) to achieve up-conversion to the THz band, with the lower sideband filtered out. This resulted in transmission frequencies of 94
GHz for the beacon and 93.2 GHz for the communication signal, respectively.

The receiver employed a Zero-IF architecture. After IF down-conversion, the communication signal was input to the FPGA for
real-time demodulation and data recovery, then output via an SDI converter to a monitor for real-time video display. The beacon signal
was input to an RF detector within the power detection module for RSSI observation. This feedback was sent to the control CPU to
complete beam updates and switch pointing to the optimal position. The tracking algorithm was deployed on a Wildfire LubanCat
5 high-performance embedded development board based on the Rockchip RK3588 SoC, running the Python-developed adaptive beam
tracking algorithm. Constrained by the power detection module and CPU processing latencies, the measured average single-beam
switching refresh rate was approximately 5 ms. This duration encompasses the entire latency cycle, including command issuance,
hardware response, signal acquisition, and data processing.

Appendix E.3 Experimental results

As illustrated in Figure E1, we present the results from the outdoor field trial, including the optimal beacon power at the transceiver,
the corresponding variations in azimuth and elevation angles, the demodulation constellation diagram, as well as the key experimental
parameters and the link budget.

In the 900 m field demonstration, by driving the RF front-end output power to 10 dBm, the total EIRP of the system reached 50
dBm. Specifically, the transmission power for the communication Intermediate Frequency (IF) signal was set to -7 dBm, resulting in a
received power of —28 dBm. For the tracking beacon, the transmission power was set to —30 dBm, with a corresponding received power
of 48 dBm.
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