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Abstract—Millimeter-wave (mmWave) radar at 24 and 77GHz
is widely used in autonomous driving, indoor sensing, and
security screening. Compared with hardware-friendly 24GHz
systems, 77GHz systems provide much higher spatial resolution
and richer high-frequency detail sensitive to surface roughness
and subtle material differences. Recovering such 77GHz-style
structural and material-sensitive detail from 24GHz measure-
ments would enable high-resolution sensing at low cost, but this
24-to-77 cross-frequency generation is fundamentally difficult
because much of the high-frequency, material-related information
is intrinsically absent at 24GHz and the two bands suffer
from geometric misalignment. To address this, cross-frequency
generation is reformulated as a generative modeling problem for
downstream sensing, and a Joint Spatial-Frequency Generation
(JSFG) framework is introduced. JSFG explicitly decouples
cross-frequency generation into two complementary objectives
in the spatial and frequency domains. In the spatial domain,
JSFG regularizes 24GHz observations by suppressing clutter
and stabilizing object contours, thereby recovering a clean and
reliable low-frequency geometric layout from noisy 24GHz mea-
surements. In the frequency domain, JSFG operates in a multi-
scale transform space to refine high-frequency components and to
complete the missing frequency-dependent scattering details that
characterize 77GHz signals. The experiments show that JSFG
substantially outperforms representative mapping and super-
resolution baselines in SSIM, PSNR, and amplitude/phase error.
Furthermore, in a downstream object-level anomaly detection
task using PatchCore, JSFG-generated 77GHz signals yield
higher F1 and AUC than using 24GHz inputs or other synthesized
77GHz variants, demonstrating that JSFG improves not only
signal fidelity but also downstream sensing performance.

Index Terms—Spatial-Frequency Generation, Mmwave Radar,
High Resolution Imaging

I. INTRODUCTION

In recent years, millimeter-wave (mmWave) radar has been
widely deployed in applications such as autonomous driv-
ing, smart homes, human—computer interaction, and security
screening, owing to its robustness to illumination changes,
privacy friendliness, and capability for all-weather sensing [[1]],
[2]]. Within this spectrum, Low-frequency 24GHz systems are
favored in indoor and consumer scenarios for their low power
consumption and strong penetration [3], whereas 77GHz
radars offer superior spatial resolution and richer scattering
details at the cost of higher attenuation, severe indoor multi-
path, increased expense, and stricter radiation constraints [4]].
This trade-off naturally motivates cross-frequency generation,
aiming to exploit readily available 24GHz measurements to
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Fig. 1: 24GHz vs 77GHz mmWave Imaging Comparison

recover 77GHz-level resolution and scattering detail without
the cost and deployment burden of full 77GHz hardware.

In typical millimeter-wave radar imaging systems, received
echo signals are usually processed to form range-angle point
clouds or radar images [5]. Limited by wavelength differences,
the angular and range resolution of 24GHz radar is signifi-
cantly lower than that of 77GHz, resulting in smoother echoes
and limited ability to capture fine contours and micro-motions
[6]. However, as shown in Fig[l] we find in the frequency
domain that 24GHz and 77GHz radar images have similar
low-frequency phase distributions. Since the low-frequency
phase primarily encodes the overall geometry and coarse-
scale spatial layout of the target, this phenomenon indicates
that millimeter-wave imaging at different operating frequency
bands exhibits cross-frequency consistency in coarse-scale
geometry. In contrast, their high-frequency components dif-
fer significantly, the 24GHz response is attenuated and dif-
fused, while the 77GHz response retains the structured high-
frequency spectrum associated with sharp edges and fine
scattering details.

To bridge the resolution gap between low and high fre-
quency millimeter-wave imaging, recent work has explored
learning-based enhancement methods, including frequency-
domain interpolation and traditional super-resolution [7]]—-[9].
However, these approaches mainly operate at the signal level
and fail to associate high-frequency components with under-
lying geometry, leaving the cross-frequency resolution bot-
tleneck unresolved. Millimeter-wave echoes are strongly fre-
quency dependent: at 77GHz, increased sensitivity to surface
roughness and geometric details induces complex scattering,
whereas such reflections are smoothed or suppressed at 24GHz
[10]. Purely data-driven methods neglect these physical priors
and tend to generate physically unreliable high-frequency
details [11]]. Moreover, in complex indoor environments, al-
though 77GHz returns contain rich target information, they



also suffer from strong attenuation, severe noise, and clutter.
Consequently, generating 77GHz signals from 24GHz consti-
tutes an ill-posed inference problem that entails information
creation and risks amplifying input noise.Consistent with prior
super-resolution studies, unconstrained end-to-end models of-
ten misinterpret noise as valid features, reducing SNR and
introducing structural artifacts.

To cope with the limitations of noisy and low-resolution
24GHz radar imaging, we propose a wavelet-based joint spa-
tial-frequency generation framework. Our goals are two-fold:
(1) recovering a clean and physically plausible spatial structure
from noisy 24GHz heatmaps, and (2) restoring the missing
high-frequency scattering details. Therefore, we extracts multi-
scale spatial features in the low-frequency domain to suppress
clutter and restore object contours, while enhancing high-
frequency components to recover fine details. Specifically, by
operating on high-frequency wavelet subbands and learning
directional subband-wise residual corrections, the framework
reconstructs missing 77GHz scattering details from degraded
24GHz responses. The main contributions of our paper are
summarized as follows:

o We formulate 24-to-77 GHz cross-frequency generation
as a joint spatial-frequency generation problem and de-
velop JSFG, which treats 24 GHz measurements as a reli-
able low-frequency structural anchor while inferring only
the missing 77 GHz-style material-dependent components
under explicit spatial-frequency constraints.

o To address the instability of low-frequency structure,
we introduce to model 24 GHz imaging as a frequency-
limited blurring of an underlying 77 GHz structural field
and exploits this view to design a multi-scale spatial
encoder with adaptive, data-driven denoising thresholds.

o To compensate for frequency-dependent scattering differ-
ences, we operate directly on 2D-DWT high-frequency
subbands. Instead of regressing full wavelet coefficients,
the method predicts orientation-aware residual corrections
for each directional subband with learnable modulation
factors, explicitly modeling the remaining high-frequency
responses between synthesized and real 77 GHz signals.

II. RELATED WORK

We review prior work in two related directions: mmWave
radar imaging, which emphasizes frequency-dependent resolu-
tion and scattering characteristics, and super-resolution, which
aim to reconstruct fine-grained spatial details from sparse or
low-resolution measurements.

Mmwave Radar Imaging: High-frequency mmWave radars
(e.g., 77GHz) deliver fine spatial resolution but remain ex-
pensive, power-restricted, and highly sensitive to occlusion
noise [1]], [2]], [4], while low-frequency systems (e.g., 24GHz)
offer stronger penetration and lower cost but lack high-
frequency scattering details [3], [[12]]. Existing research has ex-
plored cross-frequency imaging and deep-learning reconstruc-
tion [13]], [[14], but traditional multiband fusion often assumes
simple frequency superposition or interpolation [8]], over-
looking frequency-dependent scattering variations. However,

a handheld mmWave imaging system yield high-quality con-
tours at short ranges [15]], they remain sensitive to occlusion-
induced noise. Some approaches enhance 2D/3D radar images
via spatial or point-cloud features [[16[]—[/18]], but still rely on
visible or high-frequency inputs, limiting their applicability to
low-frequency mmWave data.

Super-Resolution: Neural networks have been widely applied
to enhance the resolution of camera and near-infrared images
[7]l, [9]. Inspired by these advances, several studies attempt to
extend deep learning—based super-resolution to sparse or low-
resolution mmWave radar data [14], [19]. However, unlike op-
tical imagery, low-frequency mmWave signals inherently lack
high-frequency structural details due to wavelength-limited
spatial resolution and are severely affected by noise, clutter,
and multipath artifacts [6]], [12]. As a result, purely end-
to-end super-resolution models without physical constraints
may incorrectly amplify noise as valid structures, leading to
spurious artifacts and degraded signal fidelity.

III. METHODS

Backbone Pipeline: Given a 24GHz mmWave image X €
RIXWXC e apply a discrete wavelet transform to decom-
pose the input into low and high frequency subbands. The low-
frequency component is processed by MSSR through multi-
scale convolutions integrated with adaptive denoising to extract
spatial structural features, which serve as structural priors
for the backbone. Subsequently, the features are fed into a
multi-stage encoder—decoder backbone composed of stacked
Frequency Enhancement Blocks, operating at different wavelet
resolutions and channel dimensions. Within each FEBlock, the
Fused Wavelet Convolution Mixer performs global frequency
modeling, followed by a feed-forward network for local fea-
ture refinement, with MSSR features injected at each stage.
Finally, skip connections fuse multi-scale features, and an
inverse discrete wavelet transform reconstructs 77GHz image
Y. Fig. 2| shows our architecture.

Multi-scale Spatial Structure Recovery: The 24GHz
mmWave images exhibit expanded contours and collapsed
detail structures due to their wide beamwidth and low angular
resolution. This degradation X can be modeled as a spatial
convolution with a frequency-limited kernel gy,

where G* denotes the latent structural field associated with
77GHz imaging. To recover sharp and coherent geometry,
the input is first processed by a depthwise convolution and
a series of multi-scale feature extractors F;, which produce
structural embeddings F;. A parallel branch employing global
average pooling computes an adaptive denoising threshold T’
to suppress noise while preserving critical gradients, obtain
the feature Fi.

F, = sign(F;) - max(|Fy| — 7i(p), 0). @

where 7;(p) is a spatially varying threshold derived from the
global context and local statistics.
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Fig. 2: Overview of Cross-Frequency Signal Generation for high-frequency mmWave Radar Imaging.

Features extracted from different scales are fused via con-
catenation and subsequently refined through a combination of
1 x 1 convolutions followed by nonlinear activation. Finally,
well-resolved regions can guide the restoration of weaker
areas. The similarity between features at positions p and ¢
is defined as

Cii (P, a) = exp(= i (Fi(p) = v (F@)IP). @)

the ;, 1; are embedding functions. This process yields a
reconstructed field G with sharper contours and a coherent
multi-scale structure.

Fused Wavelet Convolution Mixer: To enhance the high-
frequency details while preserving low-frequency structures,
we introduce the Fused Wavelet Convolution Mixer (FWCM).
Given an input feature map X € R7*W*C 3 2D Discrete
Wavelet Transform (2D-DWT) is applied to decompose it into
one low-frequency sub-band Wy, and three high-frequency
sub-bands {Wr, Wi, Wi }. While W1, mainly captures
global layouts and contour structures, {Wrp, Wrr, Wrm},
corresponding to vertical, horizontal, and diagonal compo-
nents, are jointly processed by the FWCM to selectively
strengthen discriminative edge and texture cues.

Wijlk, 1 => > X[m,n] hi[2k —m] hj[2 = n].  (4)

where W;;[k, 1] the output sub-band with i, j € {L, H} indi-
cating low-/high-pass filters along rows and columns (hr,, hg),
k,l the downsampled indices, and m,n denote the row and
column indices of the input. Each high-frequency detail com-
ponent is processed by a dedicated convolutional block with
depthwise convolution, LN, and GeLU activation to enhance
distinct frequency-specific features.

Given the decomposed wavelet coefficients, the proposed
module explicitly predicts residual corrections for each high-
frequency subband, with ARs € AHL,ALH,AHH cor-
responding to the horizontal, vertical, and diagonal detail
components.Instead of directly regressing full high-frequency
coefficients, it learns the missing or degraded scattering re-
sponses in each directional subband. The corrected wavelet
coefficients are obtained as:

Ws = Ws +7s - ARg. )

where ~g is a learnable, scale- and orientation-aware modu-
lation factor that adaptively controls the contribution of each
residual correction.

The inverse DWT then reconstructs the spatial-domain

output, yielding sparse scattering points, sharp edges, and co-
herent directional textures, while preserving the low-frequency
geometric structure.
Loss Fuction: We design a multi-component loss to jointly
optimize spatial reconstruction, frequency-domain detail, and
cross-domain consistency. Given input z and ground truth y,
the generator G(-) produces §§ = G(x).The spatial loss en-
forces pixel-level similarity (L; term) and preserves structure
via SSIM.

Lspatiat = |G(z) —yl1 + (1 = SSIM(G(z),y)) (6)
Lfrequency = Z a,b ‘WG(I) (CL, b) - Wy(a’a b)|2 (7

Wavelet coefficients W (,)(a,b) and W, (a,b) constrain fre-
quency differences to recover high-frequency details.

Laomain = |F(G(x)) = F(y)l (®)

where F'(-) denotes a fixed, pretrained encoder for feature
extraction. Specifically, features are taken from an intermediate
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Fig. 3: Cross-frequency generation from 24GHz to 77GHz. Column(a) shows the original objects in line-of-sight (LOS) and
non-line-of-sight (NLOS) scenarios.(b) 24GHz radar input. (c) Ground-truth 77GHz radar imaging. (d) Our generated result.
(e) Without adaptive threshold denoising. (f—i) Comparisons with pix2pix, RFGAN, DiffuSAR, and WaveMixSR. Our method
demonstrates superior boundary preservation and high-frequency scattering recovery.

layer of the generator encoder, whose parameters are frozen
during training to capture global structural information without
introducing additional learnable constraints.

Llotal = )\sLspatial + )\forequency + )\deomain (9)

As = 0.75, Ay = 0.5, and A\gq = 0.2 are selected to balance
spatial fidelity and frequency enhancement while preventing
the feature-domain loss from dominating optimization. A brief
sensitivity analysis shows that moderate variations around
these values lead to stable performance trends.

1V. EXPERIMENTS AND RESULTS
A. Dataset and Implementation Details

Dataset: Our work uses the public MITO millimeter-wave
radar imaging dataset [[12], which provides paired 24GHz and
77GHz mmWave radar measurements captured under both
line-of-sight (LOS) and non-line-of-sight (NLOS) conditions.
The dataset covers 76 categories of household objects and
tools, with synchronized RGB-D images(Fig. [3). Each radar
signal, composed of linearly frequency-modulated chirps, is
processed via FFT along the sampling, chirp, and antenna
dimensions to obtain range, velocity, and angular information,
forming a 3D voxel representation Vzp (¢, 0,7):

Proj2D(¢,0) = argmaxrVsp(¢,0,1) (10)

Projecting along the range axis yields a 2D heatmap [|16]. Both
24 GHz and 77 GHz data are processed similarly to produce
heatmaps X (input) and Y (target), which are resized to H x W
for unified modeling.

Implementation: Our experiments are conducted on a
Linux platform using PyTorch with CUDA 12.1 on two
NVIDIA RTX 4090 GPUs. All experiments data split at
the object-instance level to avoid overlap of physical ob-
jects or acquisition trajectories between training and testing.
The generation framework is trained in two stages. In the

first stage, 872 mmWave heatmaps derived from 24 GHz
LOS acquisitions are constructed from multiple viewpoints
of distinct object instances and further augmented, enabling
the model to learn reliable shape correspondence and high-
frequency scattering distributions. In the second stage, the
model is fine-tuned on 101 NLOS 24 GHz images from
disjoint object instances to suppress multipath- and occlusion-
induced artifacts. We evaluate JSFG on 320 images, including
98 real NLOS 24 GHz samples, all strictly excluded from the
training and validation splits.

B. Detailed Generation Quality Analysis

Qualitative Results. We show JSFG’s performance in LOS
and NLOS scene, as shown in Fig. [3| In both visbility condi-
tions, JSFG accurately images various targets, preserving the
penetration capability of low-frequency radar to mitigate high-
frequency noise and capturing object contours and extracting
key high-frequency features. Although the GAN model also
produces good results, it exhibits frequency distribution biases
when generalizing to small objects. As shown in Fig. ffa),
the amplitude histogram of JSFG-generated signals closely
matches the real 77GHz (GT), demonstrating the robustness
of our generative model. Fig. f(b) further compares computa-
tional efficiency. JSFG achieves better reconstruction quality
with fewer parameters and lower FLOPs than competing
methods, making it a practical choice for deployment.

Quantitative Results. We quantitatively evaluate the gener-
ated 77 GHz mmWave data from two perspectives: (i) image-
level quality and (ii) complex-domain consistency at the
dominant scattering response. Specifically, we report SSIM
and PSNR to measure structural similarity and overall recon-
struction fidelity in the radar images. In addition, amplitude
error and phase error are evaluated only at the dominant
scattering response, defined by the argmax-selected range bin
for each angular location (¢,#). These metrics quantify the
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Fig. 4: Evaluation of JSFG-Generated 77 GHz Radar Images and Downstream Anomaly Detection Performance

consistency of the principal scattering component with respect
to the ground truth.

TABLE I: Comparison with other methods

Methods SSIM  PSNR Amp_Error Phase Error
DiffuSAR [20] 0.7558 2847 0.3064 3.9646°
Pix2Pix [9] 0.7905  29.82 0.2106 4.4260°
RFGAN [21] 0.8259 34.95 0.1536 3.0142°
Uformer [22] 0.8524  36.75 0.1704 3.1124°
WaveMixSR [23]  0.8858  37.97 0.0935 2.1795°
ours 0.9035  38.21 0.0813 1.9527°

Image Quality: As shown in Table [ our model achieves
an average SSIM of 0.90 and PSNR of 38.21 dB across all
test samples, indicating strong structural similarity and high
reconstruction fidelity in cross-frequency generation. Notably,
under occlusion, SSIM remains 0.88, suggesting that the model
preserves the overall structure even in challenging scenarios.

Signal-domain consistency: As reported in Table I, JSFG
achieves an average amplitude error of 0.0813 and a phase
error of 1.9527°, indicating improved complex-domain fidelity
in cross-frequency generation. Under occlusion, both errors
increase slightly, yet the degradation is limited, suggesting
robust behavior under challenging conditions. We attribute this
improvement to the wavelet-based refinement module, which
helps recover high-frequency details around object boundaries
and reduces amplitude and phase discrepancies.

Comparisons: We compare JSFG with five representative
baselines, including generative models such as Pix2Pix [9],
RFGAN [21]], DiffuSAR [20]], and super-resolution approaches
include WaveMixSR [23]] and Uformer [22]. For a fair com-
parison, we retrained all models under identical datasets and
optimization settings. Table [I| show that our method con-
sistently outperforms all baselines. In particular, traditional
GAN or super-resolution models struggle to model cross-band
scattering differences, leading to over-smoothed reconstruction
or incoherent phase patterns. By integrating spatial-domain
reconstruction with wavelet-domain enhancement, JSFG pre-
serves high-frequency details and achieves superior signal
integrity across scenarios.

C. Ablation Studies

We perform ablation studies to quantify the contribution of
each module in the proposed signal generation pipeline.

Effect of MSSR (denoising). Removing the proposed
denoising module (w/o MSSR) causes the average SSIM to
drop sharply from 0.90 to 0.78. This degradation is expected
because low-frequency representations are particularly vulner-
able to background clutter in 24 GHz sensing. In practice,
clutter responses can have amplitudes comparable to multipath
reflections near object boundaries, which distorts the low-
frequency feature distribution and propagates errors to sub-
sequent reconstruction. These results validate the necessity of
the adaptive-threshold denoising strategy.

Effect of FWCM (high-frequency residual refinement).
Disabling FWCM (w/o FWCM), i.e., applying the wavelet
transform without explicitly modeling the residual between
the generated and real 77 GHz high-frequency components,
leads to a consistent performance drop. In contrast, incorpo-
rating FWCM improves SSIM/PSNR and reduces amplitude
error, suggesting that residual refinement helps compensate for
material-dependent scattering differences and better recovers
boundary-related high-frequency details.

TABLE II: Ablation Study

SSIM Amplitude Error
Methods LOS NLOS LOS  NLOS
Ours 0.90 0.88 0.081 0.124
w/o MSSR 0.78 0.71 0.209 0.297
w/o FWCM 0.86 0.83 0.120 0.158
w/o Fusion model  0.44 0.39 0.366 0.401

Effect of the fusion model. We further evaluate the fusion
design by removing the integration between the spatial branch
and the frequency-domain branch (w/o Fusion model). As
shown in Table this ablation causes a dramatic degrada-
tion: SSIM drops from 0.90 to 0.44 in LOS and from 0.88
to 0.39 in NLOS (a relative decrease of about 51% and
56%, respectively). Meanwhile, the amplitude error increases
from 0.081/0.124 to 0.366/0.401 (LOS/NLOS), indicating sub-
stantially larger complex-domain discrepancies. These results
suggest that simply combining heterogeneous spatial and
frequency-domain representations (without dedicated align-
ment/integration) is insufficient, leading to poorly coordinated
features and severely compromised reconstruction quality.

D. Task Evaluation

To evaluate whether JSFG improves downstream perception,
we adopt the classical PatchCore architecture [24] for object-



level anomaly detection. Considering the complex-valued,
single-channel nature of mmWave radar imaging, the input is
reformulated into a three-channel representation consisting of
normalized amplitude, structural gradient, and high-frequency
residual, and patch-level anomaly scores are aggregated only
within object regions to suppress background interference,
enabling effective detection of geometric discontinuities, ab-
normal high-frequency scattering, and object deformation, as
illustrated in Fig. [{c).

TABLE III: Anomaly detection results

Datasets Recall Precision (%) Fl-score AUC
24GHz 0.48 60.67 0.58 0.59
77GHz 0.78 82.51 0.81 0.77
MITO 0.82 83.09 0.82 0.83

GAN 0.85 84.92 0.84 0.81
Ours 0.85 88.03 0.87 0.87

Under identical detection architectures and training pro-
tocols, we conduct five independent experiments using 24
GHz, real 77GHz, JSFG-generated 77GHz, MITO-synthesized
77GHz, and GAN-generated 77 GHz as inputs. The model
is trained solely on normal samples and evaluated on test
sets containing anomalies. As shown in Fig. ff[d), our method
achieves an anomaly detection AUC of 0.87, improving upon
real 77GHz by approximately 11% and significantly outper-
forming 24GHz inputs, demonstrating that the generated high-
frequency radar images enhance anomaly separability and
practical applicability.

V. CONCLUSION

In this work, we demonstrate that coupling spatial reg-
ularization of 24GHz measurements with frequency-domain
residual refinement effectively enables 24-to-77GHz cross-
frequency mmWave imaging. The Experiments show that
the JSFG framework consistently improves structural similar-
ity, signal-to-noise ratio, and complex-domain accuracy over
baselines. The synthesized 77GHz signals support anomaly
detection performance comparable to real 77GHz data, even
in cluttered or partially occluded scenes. These results indi-
cate that appropriate spatial-frequency generative modeling
allows low-frequency sensors to approximate high-frequency
capabilities while retaining cost and penetration advantages,
offering a practical pathway toward cross-frequency mmWave
perception.
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