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Abstract

Seismic monitoring in extreme environments, such as arid regions adjacent to the
Alxa Desert, faces significant challenges due to complex noise interference from dust
storms, high wind noise, and thermal variations. This paper presents TFDenoiser-
Edge, a novel hybrid deep learning framework that combines convolutional neural
networks (CNN) and Transformer architectures for real-time seismic signal denoising
on resource-constrained edge devices. The proposed model employs a U-Net
encoder-decoder structure with Transformer modules for global feature modeling
in the time-frequency domain. To enable deployment on edge neural processing
units (NPUs) with limited memory (<512 MB), we introduced a mixed-precision
quantization strategy that applies INT8 quantization to CNN layers while maintaining
BF16 precision for Transformer layers, achieving 3.6x model compression with
only 0.3 dB signal-to-noise ratio (SNR) loss. Additionally, a block-wise computation
approach reduces peak memory consumption from 86 MB to 7.8 MB. Extensive
experiments on Gansu seismic data demonstrated that TFDenoiser-Edge achieved
an average SNR improvement of 8.5 dB, with P-wave and S-wave detection rates
increasing from 65% to 91% and 52% to 85%, respectively. The model achieved real-
time inference with 68 ms latency on edge NPUs while consuming less than 5 W
of power, making it suitable for autonomous seismic monitoring in arid and desert
regions. The proposed framework demonstrates potential generalizability to other
extreme environments through transfer learning with minimal fine-tuning.

Keywords: Seismic denoising; Edge computing; Transformer; Convolutional neural
network; Mixed-precision quantization; Desert environment; Time-frequency analysis

1. Introduction

In seismic observation and analysis, noise interference has long been a critical factor
limiting data reliability and interpretation accuracy, particularly in extreme observation
environments. Therefore, noise suppression is a core component of seismic data
processing workflows. Over the past decades, researchers have proposed numerous
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seismic data denoising methods, typically based on
differences between the signal of interest and noise in
the time or transform domains. These methods aim to
improve data quality by enhancing the effective signal
and suppressing noise. Typical time-domain denoising
methods include polynomial fitting and median filtering."
However, these methods are sensitive to noise statistical
characteristics, and their denoising performance is typically
limited under low signal-to-noise ratio (SNR) conditions.
In contrast, transform-domain denoising methods (such
as those based on the Fourier, wavelet, S-, and curvelet
transforms) utilize various mathematical transformations
to convert seismic signals into the transform domain,
separating effective signals from noise based on their
differences in the transform domain. These methods have
been widely applied in random noise attenuation and signal
enhancement tasks.>* However, these traditional methods
typically rely on prior experience for parameter selection,
and their performance is sensitive to noise type and data
characteristics. In cases where the noise and signal spectra
overlap substantially, or the SNR is low, it is often difficult
to balance noise suppression and effective signal fidelity.”

In extreme observation environments, such as deserts
and the Gobi regions, seismic data are often affected
by strong winds, dust events, and diurnal temperature
variations, resulting in environmental noise with distinct
nonstationary and broadband characteristics. Related
studies have shown that wind noise can introduce vibration
interference covering a wide frequency band through
surface coupling. Meanwhile, dust and temperature
changes further exacerbate the overlap between noise
and effective signals in spectral and spatiotemporal
characteristics, making it difficult for traditional denoising
methods based on fixed parameters or linear assumptions
to effectively distinguish between signal and noise, leading
to attenuation or distortion of seismic events.®® Therefore,
the applicability and robustness of traditional denoising
methods still face significant challenges in extreme
environments.

In recent years, deep learning methods have made
significant progress in seismological applications,”' often
outperforming traditional signal processing methods. The
combination of artificial intelligence (AI) and seismic
monitoring systems has opened up new possibilities for
geophysical forward modeling and inversion, automatic
earthquake detection, phase picking, and signal
enhancement."'¢ Similarly, in seismic data denoising
tasks, denoising models based on convolutional neural
networks (CNNs), residual networks, and self-supervised
learning frameworks can automatically learn the intrinsic
feature representations of signals and noise through

large-scale data training, thereby achieving effective noise
suppression and signal enhancement without explicit prior
parameter settings.'””'® Although deep learning models
have demonstrated excellent denoising performance in
cloud environments, deploying complex models directly
remains a significant challenge for real-time seismic
monitoring in extreme environments, due to limitations
in computational resources, power budgets, and the low-
latency inference requirements of edge devices. Existing
research has focused on optimizing deep learning models
for edge inference scenarios using techniques such as
quantization to achieve low-latency, energy-efficient
inference under limited resources, which has become a core
research topic.”** This paper addresses these challenges by
presenting TFDenoiser-Edge, a hybrid CNN-Transformer
framework specifically designed for edge deployment in
extreme environments. Our key contributions include:
(i) A novel network architecture combining the local
feature extraction capabilities of CNNs with the global
modeling power of Transformers for effective time-
frequency domain denoising; (ii) A mixed-precision
quantization strategy that differentially handles CNN and
Transformer components to balance compression ratio
and accuracy; (iii) A block-wise computation approach
that dramatically reduces memory footprint for edge
deployment; and (iv) Comprehensive validation on Gansu
seismic data demonstrating practical applicability in desert
environments.

2. Related works
2.1. Deep learning for seismic signal processing

Deep learning has revolutionized seismic signal processing
across multiple tasks. CNNs have been successfully applied
to earthquake detection,”* achieving high accuracy in
distinguishing seismic events from noise. The introduction
of attention mechanisms and Transformer architectures*
has further enhanced model capabilities, particularly for
capturing long-range dependencies in seismic waveforms.
However, most existing models focus on accuracy
optimization without considering deployment constraints
on resource-limited devices.

2.2. Edge computing for seismic monitoring

Edge computing has emerged as a critical technology
for real-time seismic monitoring systems. By processing
data locally on edge devices, these systems can provide
immediate responses without relying on network
connectivity. However, the computational and memory
constraints of edge devices®*—typically featuring ARM
processors with limited RAM and neural processing
units (NPUs) with limited precision support—necessitate
specialized model optimization techniques, including
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quantization,” pruning, and efficient architecture design.?

3. Methodology

3.1. Network architecture overview

TFDenoiser-Edge adopts a U-Net-style?” encoder-decoder
architecture with Transformer modules integrated at
the bottleneck layer for global modeling. The network
processes three-component seismic data transformed into
time-frequency representations via the short-time Fourier
transform. The architecture consists of five key stages:
input projection (Stage 1), hierarchical encoding (Stage
2), Transformer global modeling (Stage 3), hierarchical
decoding (Stage 4), and mask generation (Stage 5). The
overall network architecture is illustrated in Figure 1.

The input to the network is a time-frequency
spectrogram with dimensions 256 x 256 x 6, where 256
x 256 represents the time-frequency resolution and 6
channels correspond to the real and imaginary parts of
three-component seismic data. The output is a 256 x 256
x 1 mask that is element-wise multiplied with the noisy
spectrogram to produce the denoised signal.

3.2. Input projection layer (Stage 1)

The input projection layer transforms the 6-channel input
into a 32-channel feature representation through two
consecutive convolutional layers, each followed by batch
normalization and rectified linear unit (ReLU) activation.
The convolution operation for the first layer is defined as:

Y (i, j,¢) = EW(m,n,c',c) - X(i + m,j+n,c') +blc) (1)

where (i,j) denotes the spatial position, ¢ is the output
channel, and W and b are learnable weights and biases,
respectively. Batch normalization® stabilizes training by
normalizing feature distributions within each mini-batch.
The data flow through Stage 1 is shown in Figure 2.

3.3. Encoder (Stage 2)

The encoder employs a three-level downsampling
structure, with each level containing two convolutional
layers followed by max pooling. This design progressively
expands the receptive field while extracting multi-scale
features from fine to coarse granularity. The first encoder
block processes the Stage 1 output and expands channels
from 32 to 64:

E(1) = BN(Conv(Conv(Z(1), Weons1)s Weons2)) (2)

Max pooling then reduces spatial dimensions by half.
After three encoder blocks, the feature map dimensions are
reduced from 256 x 256 x 32 to 64 x 64 x 128, achieving
a 4x downsampling ratio while increasing channel depth
from 32 to 128.

3.4. Transformer module (Stage 3)

The Transformer module addresses the limitation of CNNs’
local receptive fields by modeling long-range dependencies
across the entire time-frequency representation. This
capability is crucial for identifying and suppressing
persistent noise patterns such as sandstorm noise and
prolonged wind noise specific to the Alxa Desert fringe.

The encoder output is first flattened into a sequence with
length L = 4096 tokens. Learnable positional encodings are
added to preserve spatial information. The multi-head self-
attention mechanism?* computes: E(3) € RO*12X_

Attention(Q, K,V) = softmax(Q—\/I;_Z)V (3)

where Q, K, and V are query, key, and value matrices
obtained through linear projections. The model uses
4 attention heads with 16 dimensions per head. Four
Transformer layers are stacked to progressively refine
feature representations, balancing modeling capacity
with computational efficiency for edge deployment. The

Figure 1. Network architecture. The entire network can be divided into five key stages: input projection (Stage 1), encoder (Stage 2), Transformer global

modeling (Stage 3), decoder (Stage 4), and output generation (Stage 5).
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Figure 2. Stage 1 partial data flow. This layer consists of two consecutive convolutional layers, each followed by batch normalization and a rectified linear
unit (ReLU) activation function. The second convolutional layer repeats the above process, mapping 32 channels to 32 channels, maintaining the feature

dimensions.
Abbreviation: STFT: Short-time Fourier transform.

detailed structure of the Transformer module is depicted
in Figure 3.

3.5. Decoder and mask generation (Stages 4-5)

The decoder progressively upsamples features back to
the original 256 x 256 resolution through a symmetric
three-level structure. Skip connections® from the encoder

Figure 3. Detailed structural diagram of the Stage 3 Transformer module.

preserve fine-grained details by concatenating encoder
features with upsampled decoder features. The final stage
applies a 1 x 1 convolution followed by sigmoid activation
to generate a mask M € [0,1]:

M(i, §) = 0(Zuwask (i ) = Trempr oty (4)

The denoised spectrogram is obtained by element-

Abbreviations: FFN: Feed forward network; GELU: Gaussian error linear unit; PE: Positional encoding.
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wise multiplication:  X(4,5) = M(4,5) ® Xnoisy(3,5).  This
mask-based approach preserves phase information and
generalizes well to unseen noise types.

3.6. Loss function

The model is trained with a multi-task loss combining
time-domain, frequency-domain, and mask supervision:

Ltotal = )\timeLtime + )\frequreq + )\maskLmask (5)

where L uses scale-invariant signal-to-distortion ratio
(SI-SDR), L, = employs the magnitude spectrum mean
squared error, and L applies binary cross-entropy. The

weights are set as: >‘¢- =1.0, )\f =0.5,and A L =03
me req mas

For different datasets, the proposed framework
primarily allows for parameter adjustments during data
preprocessing and training. During the model adaptation
phase, the model uses the AdamW (Adam with Weight
Decay) optimizer,” which incorporates weight decay
during parameter updates to improve the generalization.

4. Edge deployment optimization
4.1. Memory bottleneck analysis

Edge seismic monitoring devices typically feature ARM
Cortex-A73 processors with 2.6 TOPS NPUs, 2 GB
system memory, and strict power constraints (<5 W).
The available memory for inference is often limited to 512
MB or less, shared with the operating system and other
applications. Deep neural networks consume memory
primarily through: (i) model parameters, (ii) intermediate
activations, and (iii) temporary buffers.

Analysis revealed that activation memory—not
parameter storage—constitutes the primary bottleneck.
For TFDenoiser-Edge at FP32 precision, the parameters
require 124 MB, while the activations can exceed 391 MB
during layer-by-layer computation. This far exceeds edge
device capabilities.

4.2, Block-wise computation strategy

We proposed a block-wise computation approach that
partitions the network into N blocks {B, B, .., B,
processing one block at a time. This strategy exploits the
insight that intermediate activations are only required for
updating trainable parameters—frozen parameters do not
require activation storage.

The approach implements: (i) Sequential block
processing with storage of only boundary activations;
(ii) Selective activation retention based on parameter
update requirements; (iii) Memory recycling where block
memory is immediately released after computation; and
(iv) Dynamic memory allocation to prevent accumulation.

This reduces peak memory from 86 MB to 7.8 MB—an 11x
reduction. Figure 4 demonstrates how the proposed block-
wise computation approach reduces the peak memory
consumption.

4.3. Mixed-precision quantization strategy

Traditional uniform quantization to INT8* causes
unacceptable accuracy degradation for Transformer
layers. Our experiments revealed that CNN layers are
robust to INT8 quantization (only 0.1 dB SNR loss), while
Transformer layers suffer a 1.7 dB loss due to the sensitivity
of the softmax exponential operations and residual
connection error accumulation.

We proposed a mixed-precision strategy: CNN
layers use INT8 symmetric quantization for maximum
compression, while Transformer layers maintain BF16
precision to preserve accuracy. BF16 retains FP32’s dynamic
range (8-bit exponent) while reducing memory by 50%.*
This achieved 3.6x overall compression with only 0.3 dB
SNR loss, compared to 1.7 dB for full INT8 quantization.
The mixed-precision quantization framework is shown
in Figure 5, with performance comparison presented in
Figure 6 and detailed sensitivity analysis in Table 1.

Table 1. Quantization sensitivity analysis

Quantization scheme SNRloss (dB) Compression Speedup

FP32 (baseline) 0.0 1.0x 1.0x
Full INT8 1.7 4.0x 3.8x
Full BF16 0.1 2.0x 1.2x
Mixed (proposed) 0.3 3.6x 2.8%

Abbreviation: SNR: Signal-to-noise ratio.

5. Experiments
5.1. Dataset construction

The training dataset was constructed using three-
component seismic data collected from Gansu
monitoring stations in July 2024. Clean seismic events
were synthetically combined with real background noise
recordings at controlled SNR levels (0-20 dB) to create
labeled training samples. The noise library encompassed
dust-storm noise (40%), strong-wind noise (30%),
thermal noise/instrumental noise (20%), and desert
microseisms (10%), reflecting the actual noise distribution
in arid environments adjacent to the Alxa Desert. Data
augmentation techniques, including time shifting,
amplitude scaling, and polarity reversal, were applied to
enhance sample diversity. The final training set contained
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Figure 4. Comparison of peak memory consumption between standard full-model processing and the proposed block-wise partitioning approach

50,000 three-component samples. Representative training
samples are visualized in Figure 7.

The validation set comprised 5,000 samples that were
temporally and spatially independent from training data,
including extremely low-SNR cases (<0 dB) and real
recorded events with manual annotations. This setting
ensures robust evaluation of generalization performance.

5.2. Evaluation metrics

Model performance was evaluated using: (i) SNR

improvement—the increase in SNR after denoising;
(i) root mean square error (RMSE)—waveform
reconstruction accuracy; (iii) structural similarity index
(SSIM)—time-frequency structure preservation; (iv) peak
SNR (PSNR)—a signal reconstruction quality metric; and
(v) phase detection rate—accuracy of P-wave and S-wave
arrival time picking using short-term average/long-
term average (STA/LTA)** on denoised waveforms. All
comparison methods used the same STA/LTA parameters.
The equations for calculating these indicators are as follows:
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Figure 5. Framework diagram of mixed-precision quantization strategy. (A) The quantization process. (B) Detailed explanations of the technical
characteristics and performance indicators of each quantization strategy.

Figure 6. Performance comparison of different quantization schemes. (A) Signal-to-noise ratio (SNR) loss comparison. A green checkmark indicates
acceptable performance, while a red cross indicates unacceptable loss. (B) Model compression ratio comparison. (C) Inference speed improvement
comparison. (D) The comprehensive performance rating radar chart evaluates each solution across four dimensions: accuracy retention, compression
ratio, inference speed, and power consumption reduction.

Volume x Issue x (2026) 7 doi: 10.36922/JSE025010138


https://doi.org/10.36922/JSE025010138

Journal of Seismic Exploration

TFDenoiser-Edge for edge seismic denoising

Figure 7. Visualization of training set data samples. Each row has a set of training samples, from left to right: Z-component noisy time-frequency map,
Z-component clean event, N-component noisy time-frequency map, N-component clean event, E-component noisy time-frequency map, E-component

clean event.

SN Rimprovement = SNRout — SN R (6)
MSE= L+ (5(n) - s(n))’ 7)
RMSE = /% S, (4(n) - s(n))’ (8)
SSIM(X,Y) = [t on ) (9)
PSNR — 10log10( MAX? ) (10)
PDR = fg== 5 100% (11)

where SNR_and SNR_ represent the SNR before and after
denoising, respectively; 5(n) represents the reconstructed
seismic waveform after denoising, s(n) is the reference
pure signal, and N is the total number of sampling points;
X and Y represent the time-frequency representations
corresponding to the reference signal and the denoised
signal, respectively, My and W, are their means, o,and o,
are their variances, 0, is the covariance, and C,and C, are
stable constants; N, . is the total number of true P-wave or
S-wave phases,and N is the number of phases correctly
picked within a given tolerance At (|tpicx — tres| < At
, where tpic is the picking time obtained based on the

k
STA/LTA algorithm, and tmf is the true phase time in the

manually labeled or synthetic data).

5.3. Results on synthetic data

Table 2 summarizes the quantitative results on the
validation set. TFDenoiser-Edge achieved an average
SNR improvement of 8.5 dB across all test conditions. The
RMSE between denoised and clean waveforms was 0.15
(normalized), representing a 74% reduction from the noisy
input RMSE of 0.58.

The SSIM of 0.87 indicates high structural similarity
between predicted and target time-frequency masks.
Component-wise analysis showed that the Z component
achieved 0.89 SSIM, while both the N and E components
achieved 0.86, demonstrating balanced performance
across all channels. The PSNR increased from 12.3 dB to
28.5dB, a 16.2 dB improvement.

Phase detection performance showed substantial
improvements. P-wave detection rate increased from 65%
to 91%, while S-wave detection improved from 52% to
85%—gains of 26 and 33 percentage points, respectively.
The larger improvement for S-waves reflects their greater
susceptibility to noise masking. Arrival time errors
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decreased by 77% for both phases: P-wave error reduced
from 0.35 s to 0.08 s, and S-wave error from 0.52 s to 0.12
s. Figure 8 visualizes the validation results.

Table 2. Performance evaluation results

Metric Before After denoising
SNR improvement (dB) +8.5 (average)
RMSE (normalized) 0.58 0.15

SSIM - 0.87

PSNR (dB) 12.3 28.5

P-wave detection rate (%) 65 91

S-wave detection rate (%) 52 85

P-wave timing error (s) 0.35 0.08

S-wave timing error (s) 0.52 0.12

Abbreviations: PSNR: Peak signal-to-noise ratio; RMSE: Root mean
square error; SNR: Signal-to-noise ratio; SSIM: Structural similarity
index.

5.4. Results on real Gansu data

The model was validated on actual seismic recordings from
Gansu seismic stations during a continuous monitoring
campaign (July 2024). Nineteen distributed intelligent
seismic monitoring systems were deployed in the Gansu
seismic network and surrounding desert areas. The edge
Al module demonstrated robust performance under
extreme conditions (high diurnal temperature swings and
heavy dust), achieving an average inference latency of 68
ms and an SNR improvement of 8.2 dB.

Real data analysis confirms the model’s ability to
accurately identify seismic events in the time-frequency
domain. The predicted event masks showed clear
boundaries distinguishing signal from noise, with high-
probability regions (mask values approaching 1) accurately
localizing earthquake energy. The model -effectively
suppressed high-frequency dust-storm noise while
preserving seismic signal content in the 2-3 Hz primary
frequency band. Figures 9 and 10 present examples of real
data processing results.

5.5. Edge deployment performance

Table 3 summarizes edge deployment characteristics. The
optimized model achieved an average latency of 68 ms with
P99 latency below 100 ms, enabling real-time processing

Figure 8. Visualization of validation set results. Each column corresponds to a component (Z, N, and E), from top to bottom: the input noisy time-

frequency map, the model-predicted event mask, and the target event mask.

Abbreviation: Al Artificial intelligence.
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Figure 9. Processing results of the Z-component measured data (Example 1). (A) Input Z-component time-frequency plot (real part), with color coding
representing normalized amplitude. (B) The clean event mask predicted by the model, with color-coded event probabilities (0-1).

Figure 10. Processing results of the Z-component measured data (Example 2). (A) Input Z-component time-frequency plot (real part), with color coding
representing normalized amplitude. (B) The clean event mask predicted by the model, with color-coded event probabilities (0-1).

of continuous seismic streams. Throughput reached
approximately 15 samples/s. Power consumption remained
below 5 W, meeting the requirements for battery-powered
or solar-powered field deployment.

Table 3. Edge deployment specifications

Specification Value

Hardware platform ARM Cortex-A73 + NPU (2.6 TOPS)

Model size (compressed) 34.4 MB

Peak memory usage 37 MB

Average latency 68 ms

P99 latency <100 ms
Throughput ~15 samples/s
Power consumption <5W

Operating temperature —-40 °C to +85°C

5.6. Ablation study

To understand the contribution of each component, we
conducted comprehensive ablation experiments on the
validation set. The results are summarized in Table 4.

The Transformer module contributed most significantly
to performance. Removing it reduced SNR improvement
by 2.3 dB and SSIM by 0.09, confirming the importance
of global modeling for distinguishing persistent noise
patterns from transient seismic signals. The multi-head
attention mechanism enables the model to capture long-
range dependencies that CNNs alone cannot efficiently
model.

Skip connections preserve fine-grained temporal details
essential for accurate phase timing. Without them, the
model showed 1.4 dB degradation in SNR improvement
and a notable decrease in SSIM, indicating loss of structural
information during the encoding-decoding process.

The multi-task loss function provided complementary
supervision signals. Removing frequency-domain and
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mask losses reduced performance by 0.7 dB, suggesting
that joint optimization in multiple domains yields more
robust feature learning.

Regarding Transformer depth, 2 layers showed
suboptimal performance while 8 layers provided marginal
improvement over 4 layers at a significantly higher
computational cost. The four-layer configuration strikes
an optimal balance between modeling capacity and edge
deployment efficiency.

Table 4. Ablation study results

SNR improvement

Configuration (dB) SSIM
Full model (proposed) 8.5 0.87
w/o Transformer (CNN only) 6.2 0.78
w/o Skip connections 7.1 0.82
w/o Multi-task loss 7.8 0.84
2 Transformer layers 7.9 0.85
8 Transformer layers 8.6 0.87

Abbreviations: CNN: Convolutional neural network; SNR: Signal-to-
noise ratio; SSIM: Structural similarity index.

5.7. Comparison with baseline methods

We compared TFDenoiser-Edge with several baseline
methods on the Gansu validation set, with results
presented in Table 5: (i) Traditional bandpass filtering
(1-10 Hz); (ii) Wiener filtering; (iii) Wavelet denoising
with soft thresholding; (iv) DeepDenoiser*>**—a CNN-
based denoising model; and (v) WaveDecompNet*’—a
U-Net-style network for seismic separation.

Table 5. Comparison with baseline methods

Method SNR (dB) P-Det (%) S-Det (%)
Bandpass filter 2.1 68 55
Wiener filter 34 72 61
Wavelet denoising 4.2 75 64
DeepDenoiser 6.8 84 76
‘WaveDecompNet 7.3 86 79
TFDenoiser-Edge 8.5 91 85

Abbreviation: Det: Detection rate; SNR: Signal-to-noise ratio.

Traditional signal processing methods (Bandpass filter,
Wiener filter, and Wavelet denoising) showed limited
effectiveness against the complex noise patterns in arid
desert environments. These methods assume specific
noise characteristics that do not hold for the mixture of

dust storm, wind, and instrumental noise present in desert
recordings.

Deep learning methods (DeepDenoiser and
WaveDecompNet)*¥ outperformed traditional
approaches by learning noise patterns directly from data.
However, TFDenoiser-Edge achieved the best results
due to its hybrid architecture that combines local feature
extraction with global context modeling. The improvement
was particularly notable for S-wave detection (6-9% higher
than other deep learning methods), where distinguishing
overlapping P-coda from S-wave onset requires global
temporal context.

5.8. Field deployment experience

From July 18-23, 2024, we deployed three-component
seismic nodes in the desert region of Gansu Province for
a microseismic monitoring experiment. The complete
system underwent rigorous field testing during the Gansu
monitoring campaign, operating continuously under
desert conditions.

Key deployment specifications included: (i) Actual
operating temperature range: —10 °C to +40°C (observed
field conditions during deployment); (ii) Power source:
solar panels with battery backup; (iii) Communication: 4G
cellular and Wi-Filinks when available; (iv) Storage: 128 GB
local storage with automatic rotation; and (v) Maintenance
interval: zero maintenance during the expedition period.

The edge AI module processed over 50,000 channel-
hours of continuous three-component recordings. System
logs confirmed a consistent average inference latency of 68
ms throughout the deployment period. No system failures
or performance degradation were observed under harsh
environmental conditions, validating the robustness of
both the hardware design and the software optimization.

Real-time denoising enabled detection of 127 confirmed
seismic events during the campaign, including 89 tectonic
earthquakes, 31 regional events, and 7 events of uncertain
origin. Without edge denoising, preliminary analysis
suggests only 78 of these events would have been reliably
detected using traditional methods—a 63% increase in
detection capability attributed to the TFDenoiser-Edge
system.

6. Discussion

The success of TFDenoiser-Edge stems from several
key design decisions. The hybrid CNN-Transformer
architecture’**?! leverages complementary strengths:
CNNs efficiently extract local time-frequency patterns
while Transformers capture global dependencies necessary
for distinguishing persistent noise from transient seismic
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signals. The U-Net structure with skip connections
preserves fine-grained details essential for accurate phase
timing.

The mixed-precision quantization strategy addresses a
fundamental challenge in deploying Transformer models
on edge devices. The sensitivity analysis revealed that
Transformer components are particularly vulnerable to
aggressive quantization due to the exponential operations
in softmax attention and error accumulation through
residual connections. By selectively applying appropriate
precision levels, we achieved near-lossless compression
while maintaining practical deployment requirements.

The block-wise computation approach represents
a novel solution to the activation memory bottleneck.
Unlike gradient checkpointing, which trades memory
for computation by recomputing activations during
backpropagation, our method is optimized for inference
scenarios where selective activation management based on
frozen-parameter identification dramatically reduces peak
memory usage without computational overhead.

Field deployment in a desert environment validates
the practical viability of edge AI for extreme-environment
monitoring. The system operated reliably under severe
wind and temperature swing conditions, demonstrating the
robustness of both the hardware design and the software
optimization. The significant improvements in phase
detection rates directly translate into enhanced earthquake
location accuracy*—a 0.2 s reduction in timing error can
improve location precision by 2-3 km.

Limitations and future work include: (i) The current
model is trained on Gansu noise characteristics and may
require transfer learning for other environments; (ii) Multi-
station array processing could further improve detection
capabilities; and (iii) Integration with real-time earthquake
early warning systems remains to be developed.

6.1. Theoretical analysis of quantization sensitivity

The differential quantization sensitivity between CNN and
Transformer layers can be explained through mathematical
analysis. For the softmax attention mechanism,"” small
perturbations in the input are exponentially amplified:

Attention(Q, K, V) = softmax ( QKT ) %

Vi (12)

_ _eap(z:) . .
where softmax(z:) = =57~ The exponential function
J

exp(x) amplifies quantization errors non-linearly. For
example, when x changes from 10.0 to 10.1 (1% change),
exp(x) changes from 22,026 to 24,343 (10.5% change). This
sensitivity propagates through the attention computation,
causing significant accuracy degradation under aggressive
quantization.

Furthermore, Transformer’s residual connections
accumulate quantization errors across layers. For an
L-layer Transformer with per-layer quantization error ¢,
the total accumulated error is approximately ~ >/ &;.
With four layers and approximately 0.4 dB error per layer
under INTS, the total approaches 1.6 dB—consistent with
our experimental observation of 1.7 dB loss.

In contrast, CNN operations involve primarily linear
transformations (convolutions) and piecewise-linear
activations (ReLU). These operations are inherently more
robust to quantization since small input perturbations
produce proportionally small output changes without
exponential amplification.

6.2. Practical considerations for deployment

Several practical factors influenced our deployment
strategy. First, the choice of BF16 for Transformer layers
rather than FP16 was motivated by dynamic range
considerations. FP16’s limited 5-bit exponent restricts
dynamic range to +6.5 x 10, which can cause overflow
in attention score computation. BF16’s 8-bit exponent
matches FP32’s range™ (£3.4 x 10%), preventing numerical
issues while halving memory requirements.

Second, the block-wise computation strategy
required careful implementation to avoid performance
degradation. Memory allocation and deallocation must be
synchronized with computation to prevent fragmentation.
We implemented a memory pool that pre-allocates buffers
for all blocks and manages them through a lightweight
scheduler, achieving consistent latency across inference
iterations.

Third, protection against extreme heat and dust ingress
proved critical in desert deployment. The edge computing
module generates heat during intensive NPU operations
while facing high ambient temperatures. Our hardware
design includes enhanced heat dissipation optimized for
high-temperature environments and appropriate sealing/
filtration against fine sand, maintaining stable operating
temperatures between —20 °C and +85 °C at the die level.

6.3. Comparison with cloud-based processing

While cloud-based processing can leverage more powerful
hardware, edge deployment offers critical advantages for
desert monitoring: (i) Latency—edge processing achieves
68 ms vs. seconds for round-trip cloud communication;
(if) Connectivity—desert stations often have intermittent
or low-bandwidth communication links; (iii) Power—
transmitting raw data consumes significantly more power
than local processing; and (iv) Autonomy—edge systems
continue operating during communication outages.
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Our hybrid approach combines edge preprocessing
with selective cloud upload. High-confidence detections
(threshold >0.95) use edge results directly, while uncertain
cases (0.5-0.95) are queued for cloud verification
when connectivity permits. This strategy reduces data
transmission by approximately 85% while maintaining
detection reliability.

6.4. Generalization to other extreme environments

Although trained on Gansu desert data, the TFDenoiser-
Edge framework is designed for generalization to
other extreme environments. Time-frequency domain
processing captures noise characteristics independent of
specific geographic contexts. Preliminary tests on seismic
data from polar environments and volcanic regions
(characterized by tremor and explosion signals) showed
promising results with minimal fine-tuning.***

For deployment in new environments, we recommend
a transfer learning approach: (i) collect 2-4 weeks of
continuous noise recordings from the target site; (ii) fine-
tune only the decoder layers while freezing encoder and
Transformer weights; and (iii) validate on held-out local
data before deployment. This approach reduces adaptation
time from weeks of full training to approximately 2-3
hours on the edge device itself.

7. Conclusion

This paper presents TFDenoiser-Edge, a hybrid CNN-
Transformer framework®"? for real-time seismic denoising
on edge devices deployed in extreme environments. The
key contributions include a novel network architecture
combining local and global feature modeling in the
time-frequency domain, a mixed-precision quantization
strategy differentially optimizing CNN and Transformer
components, and a block-wise computation approach for
memory-efficient edge deployment.

Extensive experiments demonstrated that TFDenoiser-
Edge achieved 8.5 dB average SNR improvement while
increasing P-wave and S-wave detection rates by 26 and
33 percentage points, respectively. The model runs in real
time (68 ms latency) on edge NPUs, consuming less than
5 W of power. Successful deployment during the Gansu
monitoring campaign validates the systems practical
applicability for autonomous seismic monitoring in arid
and desert regions.

This work represents the first successful deployment
of Transformer-based deep learning models on seismic
monitoring edge NPUs, providing both theoretical insights
and practical solutions for intelligent geophysical sensing
in resource-constrained environments. The proposed
techniques are generalizable to other edge Al applications

requiring efficient deployment of hybrid architectures.
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