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	 In complex indoor environments, ultra-wideband multiple-input multiple-output (UWB-
MIMO) systems often suffer from limited channel estimation accuracy, which decreases 
communication capacity and sensing fidelity. To address this challenge and enhance joint 
channel estimation and capacity, a deep generative model based on a variational autoencoder 
was developed in this study. The model processes complex-valued channel matrices by 
separating real and imaginary components, and employs an encoder–decoder structure to learn 
the latent probabilistic distribution of multipath signatures. Simulation results showed that the 
variational autoencoder (VAE)-based model outperforms conventional least squares, minimum 
mean square error, and compressive sensing-based models across the entire signal-to-noise 
(SNR) ratio range. The model showed substantial gains in low-SNR regions, where sensing 
fidelity became vulnerable to noise, enhancing channel capacity to 10% at a typical SNR of 10 
dB. By accurately recovering spatial structures while suppressing noise, the framework 
preserves critical multipath features essential for centimeter-level localization and precise 
ranging. The developed method utilizes UWB-MIMO to enable ultra-reliable communication 
and high-resolution sensing. These capabilities make VAE-based models applicable to Industrial 
IoT and smart manufacturing environments, where reliable connectivity and fine-grained 
environmental awareness are essential for asset tracking, worker safety monitoring, and material 
characterization.

1.	 Introduction

	 With the rapid proliferation of IoT, Industry 4.0, and smart city initiatives, high-throughput 
and ultra-reliable indoor wireless connectivity has become vital for intelligent manufacturing, 
autonomous warehousing, and high-precision remote control.(1) To meet the demands, ultra-
wideband multiple-input multiple-output (UWB-MIMO) systems have been developed as a 
solution for high-performance short-range communication. By exploiting vast bandwidth and 
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spatial diversity, these systems enable high data exchange rates, sub-nanosecond time resolution, 
and low power consumption, thereby satisfying the stringent requirements of modern industrial 
environments. 
	 Other than their role in communication, UWB-MIMO systems function as advanced sensor 
platforms whose expansive bandwidth allows centimeter-level ranging and localization. The rich 
multipath propagation inherent to indoor environments carries distinct spatial and temporal 
signatures that can be exploited for environmental sensing, gesture recognition, and material 
characterization.
	 For gesture recognition, minute hand movements lead to time-varying perturbations in the 
multipath delays and amplitudes. The antenna array captures these dynamics as micro-Doppler 
variations across specific range bins, allowing the system to track swift trajectory shifts and 
subtle velocity profiles of human fingers without relying on optical cameras.(2) For material 
characterization, different structural objects introduce specific attenuation and phase rotation 
patterns owing to their unique complex permittivity and conductivity values. The variational 
autoencoders (VAE)-reconstructed channel estimates decode these embedded features from the 
complex path gains, allowing the system to nondestructively distinguish between industrial 
materials such as metal, concrete, glass, and wood.(3) For environmental sensing, the resolved 
multipath clusters provide a geometric map of surrounding reflectors. By matching the time-of-
arrival and angle-of-arrival parameters of backscattered multipath echoes against a structural 
baseline, the framework builds a detailed spatial layout of the workspace to identify static 
obstacles and dynamic boundary changes.(4) Consequently, UWB-MIMO arrays operate as 
distributed sensors where antenna elements act as transducers capturing complex spatial and 
temporal signatures. The accuracy of channel estimation governs sensing resolution and 
communication reliability, making robust estimation methods indispensable for overall system 
performance.
	 Despite such advantages, UWB-MIMO systems show challenges in dense indoor 
deployments. Severe frequency-selective fading and intersymbol interference caused by 
multipath propagation, combined with physical constraints on antenna placement, degrade 
signal integrity. In addition to this, increasing cochannel interference from heterogeneous 
devices limits system capacity and sensing accuracy. Therefore, accurate channel estimation is 
critical for the UWB-MIMO system, as it plays a vital role in defining the upper bound of 
demodulation accuracy and determines the effectiveness of subsequent resource-optimization 
algorithms.
	 Conventional channel estimation methods, such as least-squares (LS) and minimum mean-
square error (MMSE), have well-known limitations. Although computationally efficient, the LS 
method suffers from poor performance at low signal-to-noise ratios (SNRs). The MMSE is used 
to improve noise resilience, but using it requires precise prior second-order channel statistics, 
which are rarely available in dynamic industrial environments.(5) Compressed sensing techniques 
are used to overcome the sparsity of UWB channels, but are too sensitive to choose sparse bases 
and conduct parameter tuning. Under nonideal conditions, characterized by low SNRs, rapid 
temporal variations, or model mismatches, those methods fail to deliver the robustness required 
for accurate sensing and rapid communication.(6–8)
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	 To address such limitations, AI has been increasingly integrated into physical-layer 
architectures of the UWB-MIMO system. Recent advances in deep learning, particularly 
convolutional neural networks and long short-term memory models, have demonstrated the 
ability of deep learning to perform end-to-end channel prediction.(9) However, most models 
learn deterministic mappings from noisy observations to channel parameters without explicitly 
modeling the underlying statistical structure of the channel. As a result, the models lack 
generalizability and robustness under harsh operating conditions with interference patterns, 
which are not included in the training set.
	 Deep generative architectures are used to model the intrinsic probability distribution of 
wireless channel data to improve estimation performance at low SNRs. VAEs offer advantages 
over other deep architectures by providing a continuous latent space that ensures stable training 
and prevents mode collapse, a common limitation in generative adversarial networks.(10) 
Transformer-based estimators capture long-range temporal or spectral dependencies effectively, 
but they require extensive training corpora and impose heavy computational overhead, 
restricting their deployment on resource-constrained industrial IoT (IIoT) edge hardware.(11) 
VAEs are used to overcome these limitations by operating as probabilistic reconstructors that 
suppress noise while preserving essential structural features.(12) However, to deploy VAEs in 
UWB-MIMO, structural adaptation is required for complex-valued data matrix inputs and an 
explicit verification of the relationship between estimation accuracy and sensing resolution.
	 In this study, we developed a VAE-based deep generative method for UWB-MIMO channel 
estimation and capacity enhancement, specifically for high-precision sensor applications. By 
introducing a generative VAE framework that learns the probabilistic distribution of UWB-
MIMO channels in a latent space and changing traditional optimization to a discriminative one, 
a bottom-up, data-driven estimator was developed. The complex-valued matrix design is 
proposed to optimize input–output representations and loss functions to capture the spatial and 
multipath characteristics of the UWB-MIMO system, which enables the system to be used as 
sensors. Through performance validation, substantial improvements in normalized mean square 
error (NMSE) are confirmed, which enhances channel estimation accuracy that improves 
sensing resolution. Aligning with the Institute of Electrical and Electronics Engineers (IEEE) 
802.15.4z standard for UWB physical layer to enhance secure, high-precision ranging and 
location tracking,(13) the developed VAE-based deep generative method provides a basis for the 
advancement of the IIoT to meet the specific demands of sensor technology used for smart 
manufacturing.

2.	 UWB-MIMO System and Channel Estimation

2.1	 System architecture

	 A typical single-user UWB-MIMO system, operating as a communication link and a 
distributed sensor array, is equipped with Nt transmit antennas and Nr receive antennas.(14) In the 
system, an antenna functions as a transducer, capturing the spatial and temporal signatures 
necessary for environmental sensing. At the transmitter, data collected at a high rate are space–
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time coded and mapped onto orthogonal frequency-division multiplexing subcarriers for 
resolving dense multipath components.(15) We consider the system where the total bandwidth B 
is divided into K orthogonal subcarriers.  In the channel-estimation interval, known pilot 
symbols are transmitted over a predefined time–frequency resource grid. Let the pilot-signal 
vector on the k-th subcarrier be xp[k] ∈ ℂNt×1. Then, the corresponding observation vector at the 
receiver on the k-th subcarrier, yp[k] ∈ ℂNr×1, is expressed as

	 [ ] [ ] [ ] [ ]p pk k k k= +y H x n .	 (1)

Here, H[k] ∈ ℂNr×Nt is the MIMO channel matrix on this subcarrier, and n[k] ∈ ℂNr×1 denotes the 
additive complex Gaussian white-noise vector. Each element of n[k] follows ( )20, nσCN , where 

2
nσ  is the noise power. SNR is defined as 2/t nP σ , where tP  is the transmit power and 2

nσ  is the 
noise power. ( )20, nσCN  is a circularly symmetric complex Gaussian random variable with zero 
mean and variance σn². The noise term is modeled as a complex Gaussian random variable with 
independent real and imaginary parts, each normally distributed with mean 0 and variance σn²/2. 
The circularly symmetric property ensures that the distribution is rotation-invariant in the 
complex plane, which is a standard assumption for modeling additive white Gaussian noise in 
communication systems.(16,17)

	 Figure 1 shows the signal flow of the developed system, which integrates UWB-MIMO 
communication with intelligent sensing. The transmitting terminal generates the signal x[k], 
which propagates through the UWB-MIMO channel and is received as y[k] at the receiving 
device. Two parallel estimation paths are implemented: a conventional estimator [LS, MMSE, or 
compressed sensing (CS)] and the VAE-based estimator.(9) The conventional path provides 
baseline channel estimates HCE[k], while VAE enhances estimates HVAE[k] by learning the latent 
probabilistic distribution of multipath signatures. Both outputs are processed for communication 
decoding and sensing analysis. The system architecture demonstrates the dual functionality of 
the UWB-MIMO system as a unified platform for communication and sensing. The VAE-based 
estimator improves channel estimation accuracy while preserving multipath features vital for 
localization, gesture recognition, and material characterization.(14) By learning the underlying 
channel structure, the system achieves high-fidelity reconstruction even under noisy conditions, 

Fig. 1.	 (Color online) Architecture of UWB-MIMO system.
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enabling centimeter-level ranging and robust environmental awareness. This design exemplifies 
how deep generative models integrate communication reliability and sensing precision, enabling 
UWB-MIMO to be used for IIoT and smart manufacturing.(18)

2.2	 Frequency-selective MIMO channel estimation

	 The effectiveness of the UWB-MIMO system as a sensor platform depends on its ability to 
resolve multipath components. Following the IEEE 802.15.4z standard, the discrete-time 
baseband-equivalent impulse response of the MIMO channel is modeled as

	 ( ) ( )
11
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where L is the number of resolvable clusters, Ml is the number of rays within the lth cluster, Tl is 
the arrival time of the lth cluster, τl,m is the relative delay of the mth ray within that cluster, Al, m 
represents the complex path gain, following a Rayleigh or Nakagami distribution, and 
Al, m ∈ ℂNr×Ni is the spatial response matrix, which captures the antenna array geometry and the 
angle-dependent signatures essential for gesture recognition and localization.(13) This aligns 
with the IEEE 802.15.4z standard, which introduces enhanced physical layer options to 
guarantee secure, high-precision ranging and location tracking. The standard relies on first-path 
timestamping and leading-edge detection to mitigate distance-reduction attacks and multipath 
backscatter interference. By mapping complex-valued parameters into structured latent 
manifolds, the VAE-based estimator suppresses the noise floor surrounding the weak initial 
multipath arrivals. This high-fidelity recovery clarifies the leading-edge threshold, reducing 
false locks on delayed reflection peaks and preventing code-phase manipulation. 
	 Applying a K-point Fourier transform to H(τ) yields the frequency-domain channel matrix for 
the k-th subcarrier.
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	 Here, fk denotes the frequency of the k-th subcarrier. The exponential term represents the 
frequency selectivity of the channel, which, when accurately estimated, allows the system to 
resolve the physical characteristics of the surrounding environment.(19) 

2.3	 Relationship between channel capacity and estimation error

	 For a receiver with perfect channel state information, the ergodic capacity C over the 
bandwidth B is approximated as
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where 
rNI  is the identity matrix, (∙)H denotes the conjugate transpose, and H̃ [k] represents the 

estimated channel matrix at subcarrier k. This formulation highlights that estimation errors 
increase the effective noise level, thereby reducing system capacity.(20) This capacity loss 
corresponds to diminished resolution in ranging, localization, and environmental mapping. In 
other words, the same estimation fidelity that governs communication throughput also affects 
the precision of sensor measurements in the UWB-MIMO system.(9) To quantify estimation 
accuracy, the error matrix is defined as

	 [ ] [ ] [ ]ˆk k k= −E H H ,	 (5)

where Ĥ[k] is the estimated channel. NMSE is then defined as 
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where ||∙||F denotes the Frobenius norm. In sensor networks, NMSE is used as a direct indicator of 
sensing fidelity. In UWB-MIMO systems functioning as sensor arrays, NMSE is used as a 
measure of communication accuracy and an indicator of sensing fidelity.(21) It is essential to 
minimize NMSE for the precise reconstruction of multipath signatures and enhance ranging 
accuracy, localization resolution, and environmental sensing capability.(9) Consequently, 
reducing estimation error is essential for maximizing both the communication capacity and the 
sensing performance of the UWB-MIMO system.(15)

2.4	 Deep generative channel estimation

2.4.1	 Probabilistic channel modeling using VAE

	 In the VAE-based method, the channel matrix H is constructed from a complex implicit 
distribution p(H). By learning this distribution, VAE is used to reconstruct channels from noisy 
observations while suppressing interference that does not conform to the learned manifold.(21) 
This capability is vital in sensing-oriented UWB-MIMO systems, where accurate channel 
reconstruction directly translates into improved ranging precision, localization accuracy, and 
environmental feature detection.(14)

	 VAE assumes that the channel vector x is generated from a latent variable z through a 
conditional distribution pθ(x|z). The encoder network qϕ(z|x) approximates the intractable 
posterior distribution, and the encoder and decoder are trained by maximizing the evidence 
lower bound (ELBO).(12)

	 ( ) ( ) ( ) ( ) ( )( )|, ; log | |ELBO KLq z x p D q p
φ θ φθ φ  = − x x z z x z�L E 	 (7)
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	 Here, θ and ϕ denote the learnable parameters of the decoder and encoder networks, 
respectively. The first term, ( ) ( )| log |q z x p x z

φ θ  E , represents the reconstruction likelihood. In 
the UWB-MIMO sensing system, this ensures that the reconstructed multipath signatures 
remain faithful to the physical environment, preserving the fine-grained spatial and temporal 
features required for centimeter-level ranging, localization, and material characterization. The 
second term, ( )( | )KLD q z x p zφ  � , is the Kullback–Leibler divergence, which acts as a 
regularizer by penalizing deviations between the approximate posterior and the prior distribution 
p(z). This regularization enforces a continuous and structured latent space, enabling robust 
feature representation across diverse sensing scenarios. By balancing these two components, 
ELBO is used to ensure that VAE reconstructs communication channels accurately and 
preserves the sensor-relevant information embedded in multipath propagation. This dual role 
highlights the importance of generative modeling in UWB-MIMO systems: improved channel 
estimation directly enhances communication reliability while simultaneously elevating sensing 
fidelity, making the framework highly suitable for smart manufacturing and industrial IoT 
environments.(12,21)

2.4.2	 Complex-to-real domain preprocessing

	 Since standard deep learning algorithms cannot directly process complex-valued inputs, the 
UWB-MIMO channel matrix must be transformed into a real-valued representation suitable for 
neural network processing.(22) This transformation is important in sensing applications, as both 
the amplitude and phase components of the channel carry critical information about multipath 
propagation, material properties, and spatial signatures. To achieve this, the complex channel 
matrix H ∈ ℂNr×Nt is vectorized into h, and then decomposed into its real and imaginary parts. 
The resulting input vector is expressed as

	 [Re( ) , Im( ) ] .T T T=x h h 	 (8)

Here, x denotes the combined real-valued input vector fed into VAE, Re(h)T represents the 
transpose of the real component of the vectorized channel, Im(h)T corresponds to the transpose 
of the imaginary component, and the concatenation [∙]T produces a single column vector of 
dimension 2NrNt × 1, ensuring that both real and imaginary features are preserved for 
learning.(7) In sensing, the real part captures magnitude variations linked to path attenuation and 
material absorption, while the imaginary part encodes phase shifts that reflect propagation 
delays and spatial geometry. By preserving both components, VAE reconstructs multipath 
signatures with high fidelity, enabling centimeter-level ranging, precise localization, and robust 
environmental sensing. This preprocessing step relates complex-valued wireless measurements 
to the real-valued domain of deep learning, ensuring that sensor-relevant information is fully 
exploited in the generative estimation process. 
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2.4.3	 Multi-objective loss optimization and interpretability

	 This weighted objective is tailored to prioritize the reconstruction accuracy required for 
centimeter-level sensing in UWB-MIMO systems. The total scalar loss minimized during 
training is defined as

	 ReTotal con KLL L Lβ= + ⋅ ,	 (9)

where LRecon represents MSE between the ground-truth channel vector xtrue and the 
reconstructed output xrec. This term ensures that the reconstructed multipath signatures remain 
faithful to the physical environment, preserving the fine-grained spatial and temporal features 
essential for high-resolution sensing tasks such as ranging, localization, and material 
characterization. The hyperparameter β, set to 0.001 in this study, balances reconstruction 
accuracy against latent regularization. The second component, LKL, is the Kullback–Leibler 
divergence term inherited from the ELBO objective. It maintains the generative properties of the 
model by enforcing a structured latent space, thereby ensuring robustness across diverse sensing 
environments. By combining these two terms, the loss function ensures that VAE reconstructs 
communication channels accurately and preserves sensor-relevant information embedded in 
multipath propagation. This dual optimization enhances the sensing resolution of the UWB-
MIMO system, enabling reliable centimeter-level measurements and robust environmental 
awareness in smart manufacturing and industrial IoT scenarios.(7)

2.4.4	 Operational inference 

	 In the system operation, the receiver computes HLS (an initial LS estimate), which is fed into 
the trained VAE. The decoder acts as an intelligent reconstructor, projecting the noisy input onto 
the learned manifold of valid UWB channel estimations. By this process, the spatial signatures 
are effectively denoised, yielding high-fidelity channel state information.(9) In sensing systems, 
the reconstructed channel retains the multipath features for precise ranging, localization, and 
environmental sensing. In smart manufacturing, such fidelity enables reliable asset tracking, 
worker safety monitoring, and material characterization, enabling UWB-MIMO systems to 
serve as a communication system as well as a versatile sensor platform.(18)

	 This weighted objective is tailored to prioritize the reconstruction accuracy required for 
centimeter-level sensing in UWB-MIMO systems. The total scalar loss minimized during 
training is defined as 

	 ReTotal con KLL L Lβ= + ⋅ ,	 (10)

where LRecon represents the MSE between the ground-truth channel vector xtrue and the 
reconstructed output xrec. This term ensures that the reconstructed multipath signatures remain 
faithful to the physical environment, preserving the fine-grained spatial and temporal features 
essential for high-resolution sensing tasks such as ranging, localization, and material 
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characterization. The hyperparameter β balances reconstruction accuracy against latent 
regularization. To provide quantitative justification for setting β = 0.001, an ablation study 
evaluated the model across multiple scaling factors β ∈ {0.0001, 0.001, 0.01, 0.1}. At a typical low 
SNR of 5 dB, the corresponding channel estimated NMSE values were 0.0592, 0.0562, 0.0615, 
and 0.0698. This confirms that β = 0.001 yields the optimal trade-off; smaller values induce 
slight overfitting to noise, while larger values over-constrain the latent distribution and degrade 
physical reconstruction fidelity.  
	 To evaluate the interpretability of the learned representations, projecting the 16-dimensional 
latent vectors onto a two-dimensional t-distributed stochastic neighbor embedding (t-SNE) map 
reveals distinct, organized topological clusters. These clusters correlate directly with physical 
channel propagation attributes, separating clean line-of-sight (LOS) trajectories, obstructed LOS 
(OLOS) signal dampening, and heavily scattered non-LOS (NLOS) topologies based on 
dominant path gains and angles of arrival. This explicit mapping from latent space to 
environmental conditions allows the receiver to infer physical context directly from the 
generative features, enhancing overall situational awareness. 

3.	 Experiment 

	 To validate the UWB-MINO system, a simulation platform was constructed to evaluate 
VAE-based channel estimation accuracy and compare the results with conventional benchmark 
methods. The simulation was conducted, focusing on communication performance and how 
high-fidelity channel recovery translates into enhanced sensing capabilities for the UWB-
MIMO system, including ranging precision, localization accuracy, and environmental 
awareness. We created Algorithm 1 that outlines the operational pipeline of the VAE-based 
channel estimator, specifying data processing, network layers, and forward inference.
	 The simulations used a Python/PyTorch-based UWB-MIMO system model under Rayleigh 
fading with multipath effects, replicating realistic indoor factory conditions dominated by 
scattering and reflections. The training dataset contained 1,000 channel environment frames, 

Algorithm 1
VAE-based UWB-MIMO Channel Estimation.
Input: Noisy channel matrix H_noisy ∈ C^(Nr×Nt)
1.	 h ← vec(H_noisy)
2.	 x ← [Re(h)^T, Im(h)^T]^T	 // Real-valued input vector, size 2NrNt
3.	 μ, log σ^2 ← Encoder(x)	 // 128 → 64 → 2×16 (mean and log-var)
4.	 z ← μ + σ ⨀ ε,  ε ~ N(0, I)	 // Reparameterization
5.	 x_rec ← Decoder(z)	 // 16 → 64 → 128 → 2NrNt
6.	 L_Recon = ||x_rec - x_true||^2
7.	 L_KL = -0.5 * sum(1 + log σ^2 - μ^2 - σ^2)
8.	 L_Total = L_Recon + β * L_KL
9.	 Backpropagate and update θ, ϕ
Inference:
1.	 Obtain initial LS estimate, form x_LS as in step 2
2.	 x_VAE ← Decoder( Encoder_mean(x_LS) )
3.	 H_VAE ← reshape to complex matrix using inverse of step 2
Output: H_VAE
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each with 64 orthogonal subcarriers across multiple coherence intervals, yielding 64000 
complex-valued instances for statistical diversity in generative optimization. The VAE 
architecture followed a hierarchical 128–64–16 design: a 128-neuron layer for initial feature 
extraction, a 64-neuron layer to condense spatial and multipath features, and a 16-dimensional 
latent space to encode essential probabilistic signatures. This compact latent captures spatial 
correlations necessary for high-fidelity reconstruction. Training was performed for 50 epochs 
using the Adam optimizer with a learning rate of 0.001, and performance was benchmarked 
against LS, MMSE, and CS estimators using orthogonal matching pursuit. To ensure industrial 
relevance, multipath clusters and SNRs from –5 to 20 dB were included, reflecting cluttered 
smart factory environments. Performance evaluation relied on NMSE to measure reconstruction 
accuracy and its impact on sensing resolution, complemented by channel capacity metrics to 
assess communication efficiency.

4.	 Results 

	 The simulation results showed that the VAE-based UWB-MIMO system significantly 
enhanced communication reliability and sensing fidelity. By evaluating NMSE, system capacity, 
and channel matrices, channel estimation ability was enhanced for better sensing performance. 

4.1	 Channel estimation accuracy and sensing capability

	 The developed system showed the lowest NMSE across all SNRs. In the low-SNR region (–5 
to 5 dB), where noise obscures environmental features, VAE reduces NMSE by 34–58% 
compared with LS, and 6–49% compared with MMSE (Table 1). This robustness is essential for 
sensing applications. By learning the intrinsic distribution of channel data, VAE suppressed 
random noise while preserving multipath signatures that encode spatial and material information.
	 In medium-to-high SNRs (10–20 dB), VAE outperformed conventional methods, providing a 
high resolution that helped correct systematic biases caused by multipath superposition [Fig. 2(a)]. 
This enabled the developed system to resolve subtle physical characteristics of the environment, 
which conventional methods do not achieve owing to noise sensitivity or model mismatch. For 
sensing tasks such as gesture recognition or material characterization, fine structural details of 
the channel were preserved, allowing the system to distinguish small variations in movement or 
material properties. While LS and MMSE degraded in noisy environments, VAE maintained 
fidelity by learning the intrinsic distribution of channel data. VAE consistently yielded higher 
channel capacity across all SNRs. An increase in capacity corresponds to improved spatial and 

Table 1
NMSEs of different estimation methods at various SNRs. 
SNR (dB) LS MMSE CS VAE (this study)
−5 0.8895 0.6276 0.7012 0.5890
0 0.2694 0.3154 0.2850 0.1805
5 0.0880 0.1097 0.0953 0.0562
10 0.0258 0.0297 0.0271 0.0150
15 0.0086 0.0091 0.0088 0.0048
20 0.0026 0.0026 0.0026 0.0014
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temporal resolutions, enabling centimeter-level localization and more detailed environmental 
mapping. In industrial IoT scenarios, such gains translate into more reliable asset tracking and 
enhanced safety monitoring, as the system can capture fine-grained multipath signatures that 
encode environmental features. 
	 The training curves show the stability of the proposed framework, with both training and 
validation losses converging smoothly [Fig. 2(c)]. This stability is essential for sensor 
applications, as it ensures that the learned latent space generalizes well to unseen environments, 
maintaining sensing fidelity even under dynamic industrial conditions. The capacity gain of 
VAE shows a consistent positive trend across the entire range, demonstrating the robustness of 
the approach. For sensing applications, this robustness means that the system can maintain 
reliable performance in cluttered or interference-rich environments, where conventional 
estimators often fail. 
	 The results show that the VAE-based UWB-MIMO system enhances communication 
reliability while simultaneously functioning as a high-resolution sensor array. By reducing 
NMSE, increasing capacity, and preserving multipath structures, the system achieves superior 
sensing fidelity, enabling applications such as gesture recognition, material characterization, and 
centimeter-level localization in smart manufacturing and industrial IoT environments.

4.2	 Channel capacity gain analysis

	 The estimated channel matrix Ĥ obtained by each method was substituted into Eq. (5) to 
compute the channel capacity of the system. The VAE-based channel estimation results 
improved the overall performance of the UWB-MIMO system. As a generative model, VAE 
learns the probabilistic distribution of the channel more effectively, leading to accurate channel 
state information. Consequently, the resulting channel capacity became higher than that of 
conventional algorithms across the entire SNR range. For mid-to-low SNRs (5–10 dB), which 

Fig. 2.	 (Color online) Performance analysis results of VAE-based channel estimation: (a) channel estimation 
NMSE performance comparison, (b) channel capacity, (c) VAE training results, and (d) capacity gain.
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affects industrial IoT stability, VAE increased its capacity by 12.7, 10.1, and 11.5% over LS, 
MMSE, and CS estimators at 5 dB, and by about 11.0, 9.0, and 10.2% at 10 dB, respectively 
(Table 2). These gains are significant, showing the system’s advantage under adverse channel 
conditions. 
	 Higher channel capacity corresponds to finer spatial and temporal resolutions (Fig. 3). This 
means that multipath signatures can be accurately recovered, enabling superior ranging 
accuracy, centimeter-level localization, and detailed environmental mapping in complex 
industrial scenarios. The different capacities (VAE > MMSE ≈ CS > LS) represent the 
performance ranking of VAE < MMSE < CS < LS based on NMSE, confirming that estimation 
accuracy largely affects sensing fidelity. 
	 LS estimates were degraded by noise, obscuring structural details, and MMSE estimates 
smoothed the channel but lost sharp spatial features for sensing. In contrast, the VAE 
reconstruction result was closest to the ground truth, preserving the spatial structure and relative 
intensity patterns while effectively suppressing noise. This demonstrates that VAE effectively 
learned a channel feature space, and the decoder yielded an optimal estimate that conformed to 
the learned channel prior distribution. For sensing ability, this fidelity is crucial. By restoring 
multipath signatures, VAE enables centimeter-level localization, gesture recognition, and 
material characterization. The ability to recover fine structural details ensures that the UWB-
MIMO system functions as dual-purpose platforms: delivering ultra-reliable communication 
while simultaneously acting as high-resolution sensor arrays for industrial monitoring and smart 
manufacturing.  

5.	 Discussion

	 The results highlight the advantages of the VAE-based generative model for UWB-MIMO 
systems, especially when used as unified sensing and communication platforms.(12)  This aligns 
with the 6G vision of Integrated Sensing and Communication, where wireless networks function 
as distributed sensor arrays alongside data transmission.(23) By exploiting a learned generative 
prior, the system achieves dual optimization that meets key 6G performance metrics.(12,21) A 
major outcome is the reduction in NMSE, showing a 34–58% improvement over LS estimation in 
noise-dominated regions. This supports the 6G network-as-a-sensor concept by enabling the 
super-resolution reconstruction of multipath impulse responses.(14) Instead of treating multipaths 
as impairments, the model denoises spatial responses to preserve angle-dependent and time-
delay signatures essential for sub-centimeter localization and real-time mapping in cluttered 
industrial environments.(13,18)

Table 2
Channel capacity based on different channel estimation methods.
SNR (dB) LS MMSE CS VAE (this study)
−5 2.26 2.19 2.22 2.58
0 3.87 3.92 3.90 4.42
5 6.79 6.95 6.86 7.65
10 11.11 11.31 11.19 12.33
15 16.14 16.30 16.21 17.52
20 22.18 22.27 22.22 23.65
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	 High-fidelity recovery of complex path gains also enables advanced human–computer 
interaction, such as cameraless gesture recognition, a core application for 6G smart factories.(24) 
Optical systems face privacy concerns and degrade in dusty or poorly lit zones, and VAE-
enhanced UWB isolates micro-Doppler perturbations to track worker movements reliably.(25) At 
the same time, the framework delivers a 10–12% capacity gain in a range of 5–10 dB SNR, 
pushing the physical layer toward its information-theoretic limits.(20,21) This shows that the same 
generative structure can support massive throughput, providing high-resolution spatial 
awareness for safety monitoring and asset tracking.(9,26)

	 In practice, UWB sensing offers advantages over vision-based methods in industrial 
environments. Optical systems fail under poor lighting, heavy dust, or smoke, whereas UWB 
signals penetrate particulates and operate in darkness. RF sensing overcomes privacy issues by 
using raw channel metrics instead of continuous video feeds.(27) Integration with existing UWB 
infrastructure further reduces deployment costs.(4) Gesture recognition in smart factories 
addresses scenarios where physical contact is restricted or hazardous. Operators can use 
touchless gestures, such as swiping, pushing, and rotating, to control machinery in cleanrooms 
or toxic zones without contamination risks. Technicians wearing heavy gloves can navigate 
menus or acknowledge alerts without touchscreens.(28) By extracting subtle micro-Doppler 
variations from recovered path gains, the VAE framework ensures robust, camera-free 
interaction across demanding industrial settings.(25) 
	 Presently, camera-based gesture recognition is prevalent. UWB-based recognition offers 
unique advantages for factories: it does not capture visual images, preserving worker privacy. It 
is robust to poor lighting, dust, and smoke, and reuses the existing UWB communication 
infrastructure, avoiding additional sensor deployment. In practice, simple hand gestures can be 
used to remotely control machinery or acknowledge alerts without touching screens or buttons, 
which is beneficial when wearing heavy gloves or in sterile cleanrooms. Therefore, the VAE-
enhanced UWB-MIMO system serves as a privacy-preserving, all-weather gesture interface 
complementary to optical systems.

Fig. 3.	 (Color online) Heatmaps of channel estimation results for different channel estimation methods: (a) ground 
truth value, (b) estimates of LSA, (c) estimates of NMSE, and (d) capacity gain of VAE compared with LS.
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	 A strong correlation between achievable channel capacity and sensing fidelity is observed in 
determining the overall performance of the UWB-MIMO system. The 10–12% capacity gain 
observed in the −5–10 dB SNR range implies that the VAE-based estimator maximizes the 
information-theoretic potential of the UWB channel. In a dual-functional system, the same 
estimation fidelity supports higher data rates and dictates the precision of sensor 
measurements.(21,22) The super-resolution capability observed in the VAE channel reconstruction 
indicates that the model corrects for systematic biases such as multipath superposition and 
model mismatch.(20) This system’s capability resolves the physical characteristics of the 
surrounding environment with a level of detail that conventional LS or CS methods cannot 
achieve, particularly when the ideal sparsity assumptions of the latter are violated.(29) 
	 This structural robustness enables real-time physical tracking and environmental mapping 
within active industrial environments. For instance, by integrating the VAE estimator into an 
automated warehouse tracking loop, the precise channel state information required for sub-
decimeter localization of autonomous forklifts is provided. Accurate path gain and phase 
recovery suppress the intense multipath reflections from metallic storage racks, enabling the 
tracking system to maintain centimeter-level accuracy under NLOS conditions. Consequently, 
this high-fidelity recovery of path attenuation and phase shifts protects the network against 
proximity detection failures and collision hazards(30) for detailed material identification along 
the propagation path.(14) By ensuring that sensing fidelity remains intact under adverse 
conditions, the VAE framework strengthens the reliability of UWB-MIMO configurations as 
dual-purpose platforms for joint communication and sensing.(9)

	 The dependence of the VAE framework on training dataset diversity demands careful 
analysis before large-scale edge deployment. Although the data augmentation provided by multi-
subcarrier expansion ensures stable convergence within the current environment profile, the 
model’s structural generalizability must be evaluated in dynamically altering industrial settings. 
To mitigate the different outcomes between simulation and industrial physical deployments, a 
hardware-in-the-loop validation framework is under development.(31) This setup pairs software-
defined radio nodes with a dedicated radio frequency channel emulator to subject the VAE 
reconstructor to real-world hardware impairments, such as phase noise, amplifier nonlinearities, 
and spatial nonstationarity. Additionally, real-time IIoT deployment requires strict latency and 
computational constraints. The compact feedforward structure of the trained VAE decoder 
requires only 2.45 × 104 f loating-point operations per channel matrix inference pass. 
Benchmarked on an embedded edge computing module, the system achieves an average 
inference latency of 0.42 ms. This sub-millisecond processing speed falls well within the 
coherence time of typical industrial channels, confirming that the developed VAE estimator can 
support real-time localization and high-rate communication loops without bottlenecks in 
processing.)

6.	 Conclusions

	 In complex indoor environments, the channel estimation accuracy of the UWB-MIMO 
system is limited, which undermines system capacity and sensing fidelity. To solve this issue, we 
developed a deep-learning-model-based channel estimation and capacity enhancement method 
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based on VAE. By analyzing the characteristics of UWB-MIMO channels and clarifying the 
mechanism by which estimation errors affect capacity, a VAE architecture was designed for 
complex-valued channel matrices. The real and imaginary parts of the signal were separated as 
inputs, and an encoder–decoder framework was employed to learn the latent probabilistic 
distribution of channel data. 
	 Simulation results of the developed system verified the effectiveness of VAE. In terms of 
NMSE, VAE consistently outperformed conventional LS, MMSE, and CS methods across the 
entire SNR range, with notable gains in the low-SNR region where sensing fidelity is most 
vulnerable to noise. Second, the channel state information estimated by VAE yielded substantial 
capacity gains. At a typical SNR (10 dB), the improvement exceeded 10%. The VAE accurately 
recovered the spatial structure of the channel matrix, achieving excellent denoising while 
preserving key multipath features essential for sensing. 
	 Such improvements of the developed system offer tangible benefits for IIoT and smart 
manufacturing. Lower NMSE ensures that multipath signatures are reconstructed, enabling 
centimeter-level localization and precise ranging. Higher capacity corresponds to finer spatial 
and temporal resolutions, which enhance environmental mapping and material characterization. 
The VAE preserves structural details critical for gesture recognition and industrial monitoring, 
positioning UWB-MIMO systems as dual-purpose platforms that deliver both ultra-reliable 
communication and high-resolution sensing. 
	 It is essential to simplify the VAE-based model and accelerate inference to meet real-time 
requirements through lightweight designs. To enhance the model’s generalizability, meta-
learning should be introduced to enable rapid adaptability to unknown environments while 
maintaining estimation accuracy. The developed system must embed the VAE estimator within 
reinforcement learning or other intelligent optimization frameworks to establish a closed loop of 
sensing–decision–optimization. To further improve performance, hardware-in-the-loop and 
digital twin integration experiments must be conducted using real channel measurements. These 
advancements connect simulation results to practice, enabling the transition to industrial 
deployment. Such developments are necessary to support highly reliable communications and 
sensing in intelligent manufacturing, autonomous warehousing, and industrial safety monitoring, 
positioning UWB-MIMO systems as dual-purpose platforms for both connectivity and high-
resolution sensing.
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