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Abstract. Identifying the active circuit breaker in densely packed distribution cabinets is 
challenging, as acoustic signatures from neighboring breakers often overlap. At the same time, 
microphone-array-based localization remains expensive to deploy. To address these limitations, 
we propose a stereo-enhanced cross-channel attention framework that localizes the source using 
only a fixed dual-microphone recorder. The input is represented as a six-channel time-frequency 
feature map that combines left and right log-Mel spectrograms, interaural level difference (ILD), 
interaural phase difference (IPD) encoded as cosine and sine components, and a GCC-PHAT peak 
map, enabling a clear separation between content and spatial cues. On top of this representation, 
we introduce Stereo-Enhanced Cross-Channel Attention (SECCA), in which the content branch 
provides Query features while the spatial branch provides Key and Value features for cross-
channel guidance. The module injects directional information into content modeling through 
lightweight global pooling and gating. The resulting features are fed into a ConvNeXt-T backbone 
with hierarchical dual-head supervision for coarse region classification and fine breaker 
classification, with only the fine head retained during inference. File-level predictions are obtained 
by averaging clip-level posteriors within each recording. On a 10-kV switchgear dataset 
comprising 900 recordings across nine breaker positions, two operation types, and five load-
current levels, ConvNeXt-T + SECCA achieves a file-level Macro-F1 of 84.79 %±2.26 %  
(+4.10 points) and a file-level localization accuracy of 84.90 %, with a peak of 88.00 %. Attention 
visualization and LR-swap consistency analysis further show that SECCA learns frequency-
selective and spatially informative responses, rather than acting as a simple parameter increase. 
These results indicate that the proposed method provides a non-contact, low-cost solution for on-
site cabinet inspection and online maintenance. The reported performance should be interpreted 
under a controlled fixed-recorder geometry.  
Keywords: circuit breaker, sound source localization, stereo audio, cross-channel attention, deep 
learning. 

1. Introduction 

Distribution cabinets are critical assets in field power distribution and protection systems. The 
operating state of a circuit breaker directly affects supply reliability and maintenance efficiency 
[1]. As a result, online condition monitoring has attracted sustained attention, with representative 
approaches based on vibration sensing [2], abnormal current analysis [3], and infrared inspection 
[4]. However, these methods typically require additional sensors and wiring, leading to nontrivial 
deployment cost and sensitivity to site conditions. In contrast, acoustic fingerprinting enables 
non-contact sensing with high sensitivity and low installation overhead, making it well suited to 
routine inspection in distribution rooms [5]. 

Most acoustic studies on circuit breakers have focused on mechanical fault diagnosis, that is, 
determining whether a breaker is healthy or faulty [6]. In practice, however, operators also need 
to determine which breaker generated a given operation sound or abnormal acoustic event. This 
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in-cabinet localization task becomes particularly challenging in densely populated cabinets: 
acoustic signatures from adjacent breakers overlap, multiple devices may operate within a short 
time window, and the confined space limits sensor placement. Conventional array-based 
localization methods (e.g., beamforming or TDOA triangulation) often require a dedicated 
microphone aperture around the target area, which increases installation cost and reduces 
portability [10], [19]. 

Deep audio classifiers typically begin with log-Mel spectrograms to capture spectral content 
[7]. To incorporate spatial information, multi-channel audio processing often relies on phase-
aware representations, including complex-valued spatial features [8]. For binaural recordings, 
interaural level difference (ILD) and interaural phase difference (IPD) are widely used to encode 
direction-dependent cues [9], and learning-based sound source localization has shown robustness 
under interference [10]. In addition, generalized cross-correlation (GCC) provides a lightweight 
estimate of inter-channel time delay and remains effective for capturing TDOA information [11]. 
Recent studies on power equipment monitoring further indicate that modern backbones such as 
ConvNeXt perform well on time-frequency representations [12]. 

Motivated by joint-loss training in multi-task distillation [13] and multi-representation fusion 
strategies [14], we develop an attention-guided fusion framework for breaker sound source 
localization. Prior work has combined residual networks with channel attention to improve spatial 
discrimination [15]. Our model adopts ConvNeXt-T [16], which incorporates key design ideas 
from Transformers [17], and integrates lightweight channel gating similar to squeeze-and-
excitation [18]. This approach is consistent with prior work on joint localization-and-detection 
learning in audio [19] and is further motivated by recent advances in robust GCC-based time-delay 
estimation, including CNN-parameterized GCC-PHAT features [20] and sub-band GCC 
representations [21]. 

To address the challenges above, we propose a stereo-enhanced cross-channel attention 
framework that localizes circuit breaker operation sounds using only a fixed dual-microphone 
recorder. The core idea is to explicitly separate content and spatial cues and then use spatial 
information to guide content modeling through cross-channel attention. Our main contributions 
are summarized as follows: 

(1) We propose a Stereo-Enhanced Cross-Channel Attention (SECCA) module in which the 
content branch supplies Query features, while the spatial branch supplies Key and Value features 
for cross-channel guidance. This design uses stereo spatial cues to guide content modeling through 
lightweight global pooling and gating while keeping the module computationally efficient. 

(2) We design a physically interpretable six-channel stereo representation by stacking left/right 
log-Mel spectrograms with ILD, IPD (cos/sin), and a GCC-PHAT peak map. The representation 
aligns content and spatial information in a unified time-frequency domain and provides structured 
inputs for SECCA. 

(3) We employ hierarchical dual-head supervision that jointly optimizes coarse region 
classification and fine breaker classification during training, while retaining only the fine head at 
inference. This strategy improves training stability without increasing inference cost. 

2. Audio data acquisition and acoustic modeling 

2.1. Experimental setup and procedure 

Audio data were collected from a 10-kV switchgear cabinet in a distribution-room 
environment. Since a typical distribution room contains 8-12 cubicles, we selected nine cubicles 
for the localization study and indexed them from left to right as 1-9. This configuration provides 
sufficient spatial variation while mitigating class ambiguity caused by overly dense spacing. 

A fixed dual-microphone stereo recorder was used to acquire audio at 48 kHz. The recorder 
was fixed 2 m in front of breaker No. 5, which satisfies safety constraints while maintaining a 
practical signal-to-noise ratio. The experimental layout is shown in Fig. 1. 
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The recorder placement was kept fixed throughout this study to match the intended inspection 
scenario and to control the acoustic geometry during model comparison. Therefore, the reported 
results should be interpreted as performance under this fixed geometry rather than as evidence of 
full invariance to arbitrary microphone placements. To reduce overfitting to minor stereo 
perturbations, training used left-right channel swapping, ILD jitter, and ITD jitter; however, multi-
placement validation remains an important direction for future work. 

 
Fig. 1. Schematic diagram of the audio recording experiment. The original photograph  

was taken by Guangmin Gu at the High-Voltage Laboratory, Nanjing Institute  
of Technology, Nanjing, Jiangsu, China, on November 20, 2025 

For each breaker position, two operations (opening and closing) were recorded under five 
load-current levels: 0 %, 20 %, 50 %, 80 %, and 100 % of rated current (0 A, 126 A, 315 A, 500 A, 
and 630 A). Each operation was repeated five times. The high-current generator used in the 
experiments is shown in Fig. 2. 

 
Fig. 2. High-current generator. The original photograph was taken by Guangmin Gu at the High-Voltage 

Laboratory, Nanjing Institute of Technology, Nanjing, Jiangsu, China, on November 20, 2025 

In total, 900 recordings were collected. Each filename encodes the breaker position, load 
current, operation type, and trial index, separated by underscores (e.g., 
Position1_500A_closing_01 denotes the first closing recording of breaker 1 at 500 A). 

2.2. Feature extraction method for circuit-breaker acoustic fingerprints 

Breaker opening and closing events vary substantially in duration, and the raw recordings 
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range from 2 to 12 s. To satisfy the fixed-input requirement of the model while increasing sample 
diversity, we segmented each recording into 2-s clips using a sliding window (window length: 2 
s; hop size: 1 s; 50 % overlap), resulting in 2-9 clips per recording. We then removed silent 
segments with an energy-based filter by discarding clips whose RMS level was below –35 dBFS, 
leaving approximately 3,300 valid clips. Each clip was assigned the breaker-position label of its 
source recording. 

2.3. Stereo acoustic fingerprint feature extraction 

We adopt log-Mel spectrograms to model spectral content [7]. Since log-Mel features do not 
encode phase explicitly, we augment them with binaural spatial cues. Specifically, we compute 
ILD and IPD (cos/sin) as commonly used interaural features [9], and we compute GCC-PHAT to 
capture time-delay information between the two channels [11]. These complementary cues enable 
the network to exploit both content and direction-dependent information in a unified time-
frequency representation. 

For an input stereo audio clip, let 𝑠௅(𝑡) and 𝑠ோ(𝑡) denote the time-domain waveforms of the 
left and right channels, respectively. Each clip (𝑦) contains (𝐿 = 96000) samples and we apply the 
short-time Fourier transform (STFT) separately to the two channels: 

𝑆௅ ோ⁄ (𝑓,𝑛) = ෍𝑠௅ ோ⁄ (𝑛 ⋅ 𝐻 + 𝑘)𝑤(𝑘)𝑒ି௝ଶగ௙௞ ே⁄ேିଵ
௞ୀ଴ , (1)

where 𝑁 = 2048 is the window length (approximately 43 ms), 𝐻 = 512 is the hop size, 𝑤(𝑘) is 
the Hann window, 𝑛 is the frame index, 𝑓 ∈ {0, … ,𝑁 − 1} is the frequency index, and  𝑘 ∈ {0, … ,𝑁 − 1} is the sample index within a frame. For a 2 s audio clip with 𝐿 = 96000 samples, 
the number of STFT frames depends on the boundary handling strategy, as given in Eq. (2): 𝑇୭୰୧୥୧୬ୟ୪ = ඌ𝐿 − 𝑁𝐻 ඐ + 1 = 184. (2)

In implementation, zero-padding is applied so that the final analysis window fully covers the 
signal tail, resulting in 185 STFT frames for a 2-s clip. To standardize the network input size, all 
feature maps are then linearly resampled along the time axis to 128 frames: 𝑋(𝑓, 𝑡ᇱ) = Interp௧(ଵଶ଼)𝑋(𝑓, 𝑡),    𝑡ᇱ = 1, … ,128, (3)

where Interp(·) denotes the linear interpolation operator. On this basis, the following six feature 
channels are extracted: 

(1) Left-channel log-Mel spectrogram: the STFT magnitude spectrum |𝑆௅(𝑓, 𝑡)| is projected 
onto the Mel scale using a bank of 128 Mel filters. The Mel filter bank is defined as a set of 
triangular filters 𝐻௠(𝑓) (𝑚 ∈ {1, … ,128} is the Mel band index). For each time frame, the 
Mel-band energy is computed as: 

𝑆௅௠௘௟(𝑚, 𝑡) = ෍ |𝑆௅(𝑓, 𝑡)|ଶேିଵ
௙ୀ଴ ⋅ 𝐻௠(𝑓). (4)

Followed by logarithmic compression and temporal interpolation to obtain: 𝑋௅௠௘௟(𝑚, 𝑡ᇱ) = 𝑙𝑜𝑔(𝑆௅௠௘௟(𝑚, 𝑡) + 𝜖),    𝜖 = 10ି଺. (5)

(2) Right-channel log-Mel spectrogram: analogously, the right-channel log-Mel spectrogram 
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is computed, yielding 𝑋ோ௠௘௟ ∈ ℝଵଶ଼×ଵଶ଼. 
(3) Inter-channel level difference (ILD): ILD is defined as the logarithmic ratio of energies 

between the left and right channels on the Mel scale. Since 𝑆௅௠௘௟(𝑚, 𝑡) is already an energy 
measure, ILD is computed directly as the decibel value of the energy ratio: 

𝑋୍୐ୈ(𝑚, 𝑡) = 10logଵ଴ 𝑆௅௠௘௟(𝑚, 𝑡) + 𝜖𝑆ோ௠௘௟(𝑚, 𝑡) + 𝜖. (6)

(4) Cosine component of the phase difference: phase-difference information is first computed 
at the STFT frequency-bin level and then resampled along the frequency axis to 128 frequency 
units. Specifically, the phase difference between the complex STFT spectra of the left and right 
channels is calculated as: Δ𝜙(𝑓, 𝑡) = ∠𝑆௅(𝑓, 𝑡) − ∠𝑆ோ(𝑓, 𝑡), (7)

where ∠𝑆(𝑓, 𝑡) denotes the phase angle of the complex STFT spectrum. The frequency dimension 
is then resampled to 128 equally spaced units: if the number of STFT frequency bins exceeds 128, 
the first 128 bins are retained; if it is fewer than 128, bilinear interpolation is used to upsample. 
The cosine component of the phase difference is thus obtained as: 𝑋୍୔ୈౙ౥౩(𝑖, 𝑡) = cos ቀΔ𝜙௥௘௦௔௠௣(𝑖, 𝑡)ቁ ,    𝑖 ∈ {1, … ,128}. (8)

(5) Similarly, the sine component of the phase difference is obtained as: 𝑋୍୔ୈ_ୱ୧୬(𝑖, 𝑡) = sin(Δ𝜙௥௘௦௔௠௣(𝑖, 𝑡)). (9)

The cosine and sine components of the IPD jointly encode the binaural phase-difference 
information, which is particularly important for azimuth discrimination of low-frequency sounds. 
To avoid numerical discontinuities caused by phase wrapping, the IPD is represented by its cosine 
and sine components rather than by the raw phase angle. Such binaural cues are widely used in 
learning-based sound event localization and detection frameworks [19]. 

(6) GCC-PHAT peak: for each time frame (𝑡), the generalized cross-correlation function 
between the left and right channels is computed as: 

𝑅௅ோ(𝜏, 𝑡) = IFFT ൤ 𝑆௅(𝑓, 𝑡) ⋅ 𝑆ோ∗(𝑓, 𝑡)|𝑆௅(𝑓, 𝑡) ⋅ 𝑆ோ∗(𝑓, 𝑡)|൨,  (10)

where 𝜏 is the time-delay variable and 𝑡 is the time-frame index. Since the spacing between the 
two phone microphones is only about 1.5-2 cm, the maximum physical delay is approximately 
0.04-0.06 ms, so only the range 𝜏 ∈ [−5,5] of the cross-correlation function is retained. The 𝜏-
axis is then linearly resampled to 128 lag units and aligned along the time dimension to 128 frames, 
yielding a tensor in which the location of the GCC peak directly corresponds to the horizontal 
azimuth of the sound source [11]. Recent work improves GCC-based TDOA estimation under 
noise and reverberation via CNN-based parametrized GCC-PHAT features [20] and sub-band 
GCC representations [21]. 

The above six channels are concatenated along the channel dimension to form the final fused 
feature tensor 𝑋 ∈ ℝ଺×ଵଶ଼×ଵଶ଼. The physical meaning of this representation is clear: the first two 
channels, 𝑋௅௠௘௟ and 𝑋ோ௠௘௟, are content features, whereas the remaining four channels, 𝑋ூ௅஽, 𝑋ூ௉஽೎೚ೞ, 𝑋ூ௉஽ೞ೔೙, 𝑋ீ஼஼, describe spatial features. This explicit separation provides the foundation for the 
subsequent cross-channel attention mechanism. 
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3. ConvNeXt-T network 

ConvNeXt modernizes convolutional networks by adopting several design choices inspired by 
Transformers, while retaining efficient convolutional computation [16], [17]. Such backbones 
have recently been explored in power-equipment fault diagnosis on time-frequency 
representations [12]. In this work, we use the Tiny variant (ConvNeXt-T) as the main backbone 
because its depthwise convolutions, hierarchical stages, and stable normalization are well suited 
to 128 x 128 time-frequency inputs. Because our input is a six-channel fused feature map rather 
than a three-channel RGB image, ImageNet pre-trained weights are not directly applicable; we 
therefore train ConvNeXt-T from scratch and report its parameter count, MACs, and inference 
latency in the experimental section. 

Unless otherwise stated, feature maps follow the [𝐶,𝐻,𝑊] convention. Each ConvNeXtBlock 
includes a depthwise 7×7 convolution for local modeling, followed by LayerNorm and two 
pointwise 1×1 convolutions with GELU to expand and project channels. A residual connection 
with learnable LayerScale stabilizes optimization. The ConvNeXt-T backbone comprises the 
following components: 

(1) Stem layer: A 4×4 convolution with stride 4 projects the six-channel input to 96 channels, 
while reducing the spatial resolution from 128×128 to 32×32. 

(2) Four stages: each stage consists of multiple stacked ConvNeXtBlocks, with depths of  
(3, 3, 9, 3) and channel dimensions of (96, 192, 384, 768), respectively. Adjacent stages are 
connected by downsampling layers composed of a LayerNorm followed by a 2×2 convolution 
with stride 2, which halves the spatial resolution and doubles the number of channels. The 
ConvNeXtBlock module is shown in Fig. 3. 

 
Fig. 3. Schematic diagram of the ConvNeXtBlock module 

(3) Global average pooling: the output of the final stage is globally pooled to obtain a 
768-dimensional feature vector, which is then fed to the classifier. 

(4) Training objective: inspired by weighted joint losses used in multi-task distillation [13], 
we optimize coarse and fine classification heads with a joint loss: 𝐿 = 𝛼𝐿௖௢௔௥௦௘ + (1 − 𝛼)𝐿௙௜௡௘ . (11)

In this formulation, 𝛼 is selected as 0.3 via grid search, and 𝐿௖௢௔௥௦௘ and 𝐿௙௜௡௘ denote the cross-
entropy losses of the coarse and fine classification heads, respectively. The coarse head provides 
region-level supervision with a weight of 30 %, encouraging the model to first separate the cabinet 
into left, middle, and right regions and thereby reducing large-offset errors (e.g., confusing breaker 
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1 on the far left with breaker 9 on the far right). The fine head, weighted at 70 %, then discriminates 
the specific breaker position within each region. Joint training encourages the model to capture 
both global structure and local position details. 

We use the coarse head only as a training-time regularizer and discard it at inference, reporting 
predictions from the fine head only. In practical inspection, however, each complete recording 
requires a single stable decision. Since breaker operation durations vary across samples and each 
recording is segmented into multiple clips, we aggregate clip-level posteriors to obtain recording-
level predictions. Specifically, for a recording consisting of NF clips, let 𝑝௜ ∈ 𝑅ଽ denote the fine-
head softmax probability vector for the i-th clip. The file-level posterior 𝑃ி is computed by 
averaging: 𝑃ி = ଵேಷ ∑ 𝑝௜ேಷ௜ୀଵ , where NF is the number of clips in the recording. The final file-level 
prediction is then 𝑦ොி = argmax௖ 𝑝ி(𝑐), which yields the predicted breaker label for the recording. 
File-level accuracy and Macro-F1 are computed from 𝑦ොி over all recordings. This posterior-
averaging strategy reduces the variance of clip-level predictions and improves robustness to 
variable operation durations and occasional noisy clips. 

The overall ConvNeXt-T network framework is shown in Fig. 4. 

 
Fig. 4. ConvNeXt-T network framework 

4. Stereo-enhanced cross-channel attention 

This section presents the Stereo-Enhanced Cross-Channel Attention (SECCA) module, which 
enhances the six-channel input before it enters ConvNeXt. SECCA treats the two content channels 
(𝐿௠௘௟ and 𝑅௠௘௟) as the Query source and the four spatial channels, including ILD, IPD, and GCC 
features, as the Key/Value sources, producing cross-channel guided attention [15] rather than 
conventional self-attention [17]. The design explicitly encodes the intuition that spatial cues 
should guide content modeling, and it is consistent with lightweight channel-gating mechanisms 
in CNN attention modules [18]. 

We organize tensors in [𝐵,𝐶,𝑀,𝑇] format, where 𝐵 is the batch size, 𝐶 = 6 is the channel 
count, and MMM and TTT denote frequency and time. Given input 𝑋, we split it into a content 
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branch 𝑋௠௔௜௡ with two channels and a spatial branch 𝑋ௗ௜௙௙ with four channels. A 1×1 convolution 
maps 𝑋௠௔௜௡ to the Query 𝑄, while two 1×1 convolutions map 𝑋ௗ௜௙௙ to the Key 𝐾 and Value 𝑉. 
We then apply global pooling to 𝐾 and 𝑉 to obtain compact spatial descriptors 𝐾௚ and 𝑉௚, compute 
global cross-attention between 𝑄 and the pooled spatial descriptors, and pass the result through a 
sigmoid function to form a two-channel gating vector 𝐺. The gating vector 𝐺 is broadcast over the 
time-frequency plane to modulate 𝑋௠௔௜௡ at each bin. The enhanced content features are refined 
with a residual connection, LayerNorm, and a lightweight feed-forward network. Finally, the 
enhanced two-channel content output is concatenated with 𝑋ௗ௜௙௙ to restore a six-channel tensor, 
which is fed to ConvNeXt-T. The detailed architecture of the SECCA module is shown in Fig. 5. 

 
Fig. 5. Detailed architecture of the SECCA module 

For clarity, we define the left-right swap transformation used in training and evaluation. For a 
feature tensor X = [L, R, ILD, IPD_cos, IPD_sin, GCC], the transformed tensor 𝑇(𝑋) is  
[R, L, -ILD, IPD_cos, -IPD_sin, flip_lag(GCC)]. The corresponding label permutation is  𝑃(𝑦) = 10 − 𝑦 for nine positions. An exactly left-right consistent model would satisfy 𝑓൫𝑇(𝑋)൯ = 𝑃𝑓(𝑋). The present network is not claimed to guarantee this equality by construction 
because the convolutional projections are learned. Instead, SECCA preserves the physically 
meaningful branch transformation and LR-swap augmentation encourages empirical consistency 
under T. 

Table 1. LR-swap feature transformation rule 
Input channelAfter LR-swap Physical meaning 

L_mel R_mel Left/right content channels are exchanged 
R_mel L_mel Left/right content channels are exchanged 
ILD –ILD Interaural level-difference sign is reversed 

IPD_cos IPD_cos Cosine phase difference is even-symmetric and remains unchanged
IPD_sin –IPD_sin Sine phase difference is odd-symmetric and changes sign 

GCC flip_lag(GCC) The GCC delay axis is mirrored 
label y 𝑃(𝑦) = 10 − 𝑦 The nine breaker positions are mirrored from left to right 

To validate this point, we performed an LR-swap consistency test on the holdout test set. After 
applying 𝑇 to the six-channel inputs, the file-level prediction matched the mirrored original 
prediction for 94.44 % of recordings; clip-level consistency was 89.66 %, and the mean KL 
divergence between the original posterior and the mirrored swapped posterior was 0.1515. These 
results support the intended stereo-consistency behavior, while avoiding the stronger claim of 
strict architecture-guaranteed left-right consistency. 
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Table 2. LR-swap consistency results of ConvNeXt-T + SECCA 
Metric Value 

Number of test files 180 
Number of test clips 619 

Original file-level accuracy 94.44 % 
File-level accuracy after LR-swap with mirrored labels 91.67 % 

File-level mirror-prediction consistency 94.44 % 
Clip-level mirror-prediction consistency 89.66 % 

Mean KL[p(original) || mirror(p(swapped))] 0.1515 

5. Results and analysis 

5.1. Training configuration 

Experiments were conducted on an NVIDIA GeForce RTX 4070 GPU (8 GB) using PyTorch 
2.0. We trained models with AdamW (initial learning rate 3×10-4, weight decay 5×10-4) and a 
cosine annealing schedule (minimum learning rate 1×10-6). The batch size was 24 and training ran 
for up to 100 epochs with early stopping (patience 15). 

We used three-fold grouped cross-validation at the recording level to prevent data leakage: 
clips from the same recording never appear in both training and validation splits. Each fold uses 
600 recordings for training and 300 for validation; results are reported as mean ± standard 
deviation of file-level metrics over the three folds. 

We report accuracy, recall, and F1-score. Macro-F1 (the unweighted mean of per-class F1) is 
used as the primary metric to reduce sensitivity to class imbalance. 

5.2. Analysis of training results 

The file-level accuracy curves on fold 2 for ConvNeXt and ConvNeXt-T + SECCA are shown 
in Fig. 6. 

 
Fig. 6. Comparison of file-level accuracy between the baseline and the SECCA module 

Fig. 6 shows that ConvNeXt-T + SECCA consistently achieves higher file-level accuracy and 
converges in fewer epochs than the baseline. With identical hyperparameters and early-stopping 
criteria, the SECCA model peaks at 88.0 % (epoch 58) whereas the baseline peaks at 83.33 % 
(epoch 82), indicating improved generalization rather than a trivial gain from additional 
parameters. 

Table 3 reports file-level per-position accuracy for the baseline and SECCA-enhanced models, 
defined as the fraction of recordings (files) from each position that are correctly classified. 

As summarized in Table 3, SECCA improves accuracy at most positions. 
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Table 3. Comparison of accuracy at each breaker position 
Position ConvNeXt accuracy (%) +SECCA accuracy (%) 

1 87.5 90.0 
2 66.7 86.7 
3 93.3 86.7 
4 82.5 87.5 
5 86.7 93.3 
6 83.3 76.7 
7 87.5 92.5 
8 93.3 93.3 
9 83.3 93.3 

The largest gains occur at positions 2 and 9: accuracy increases from 66.7 % to 86.7 % at 
position 2 and from 83.3 % to 93.3 % at position 9, suggesting that SECCA reduces confusion 
between adjacent breakers. Positions 4, 5, and 7 also improve from 82.5 %, 86.7 %, and 87.5 % 
to 87.5 %, 93.3 %, and 92.5 %, respectively. 

The decreases at positions 3 and 6 should also be noted. In Table 3, position 3 drops from 
93.3 % to 86.7 %, and position 6 drops from 83.3 % to 76.7 %. Each 6.7-point decrease 
corresponds to two additional errors out of 30 validation recordings. Inspection of the 
misclassified files shows that these errors are concentrated in adjacent-position confusions, mainly 
3→2/4 and 6→5/7, with no large-offset mislocalization. This behavior is consistent with the 
physical layout: positions 3 and 6 lie near transition regions where neighboring cabinet responses 
have similar ILD, IPD, and GCC patterns under the fixed recorder geometry. SECCA improves 
the global average by emphasizing spatial cues, but in these boundary cases the same cues can 
become ambiguous. This limitation motivates future data collection with additional recorder 
placements and more samples around the affected positions. 

Fig. 7 visualizes predicted versus true positions for 300 validation samples in fold 2. 
Predictions largely follow the stepwise ground-truth curve: most errors are within one adjacent 
position and only two samples deviate by two positions. No larger deviations were observed, 
indicating that the proposed model reliably locks onto the correct breaker in most cases. 

 
Fig. 7. Analysis of position offsets for predicted circuit-breaker locations 

Table 4 reports the mean and standard deviation of file-level Macro-F1 under three-fold cross-
validation for ConvNeXt-T and ConvNeXt-T + SECCA. 

Adding SECCA improves file-level Macro-F1 to 84.79 %±2.26 % (+4.10 points over 
ConvNeXt-T), as shown in Table 4. File-level accuracy increases from 81.0 % to 84.9 %, and the 
best single-fold accuracy reaches 88.0 %. These results indicate that spatially guided cross-
channel attention improves generalization at the recording level. 

Misclassification analysis: to better understand how SECCA improves localization, we 
inspected representative recordings that are corrected by SECCA as well as cases where SECCA 
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introduces new errors (Table 5). 
Table 5 shows that corrections are concentrated in confusions between neighboring positions, 

with notable improvements for closing sounds under high current (315 A and 630 A). For example, 
“Position2_315A_closing_01” is misclassified as position 3 by the baseline but corrected to 
position 2 by SECCA, consistent with stronger guidance from IPD and GCC cues. Across three-
fold cross-validation, SECCA corrects approximately 90 such misclassifications. 

Table 4. Comparison of file-level F1-scores between the baseline and SECCA 
Method File-level F1-score F1 improvement 

ConvNeXt 80.69±1.48  
ConvNeXt-T + SECCA 84.79±2.26 +4.10 

Table 5. Typical cases corrected by SECCA 
File ID Position ConvNeXt prediction +SECCA prediction 

Successfully corrected cases (partial)    
Position2_315A_closing_01 2 3 2 
Position2_315A_closing_04 2 3 2 
Position7_315A_closing_01 7 8 7 
Position8_315A_closing_02 8 9 8 

5.3. Comparison with classical dual-microphone baselines and complexity 

To address whether a conventional dual-microphone localization method is sufficient for this 
task, we added a unified holdout comparison using the same dataset split. For a two-microphone 
linear recorder, delay-and-sum beamforming effectively reduces to scanning candidate 
inter-channel delays; therefore, the GCC-PHAT + TDOA peak baseline serves as the classical 
time-delay/beamforming reference. We also tested GCC-PHAT features with SVM, ILD/IPD 
statistics with SVM, and all handcrafted stereo features with SVM or Random Forest classifiers. 

Table 6. Comparison of classical methods, ConvNeXt-T baseline, and the proposed method 

Method Type File Acc. 
(%) 

File Macro-F1 
(%) 

ILD/IPD + SVM Handcrafted stereo statistics 11.11 11.38 
GCC-PHAT + TDOA peak Classical time-delay localization 23.33 18.26 

GCC-PHAT + SVM GCC feature + classifier 36.67 36.24 
All handcrafted features + SVM ILD/IPD/GCC/TDOA + classifier 40.56 40.59 

All handcrafted features + Random 
Forest 

Traditional feature-engineering upper 
baseline 47.22 45.88 

ConvNeXt-T baseline Deep learning baseline 93.33 93.33 
ConvNeXt-T + SECCA Proposed method 94.44 94.48 

Table 6 shows that classical time-delay and handcrafted-feature methods are insufficient for 
the nine-position near-field cabinet task. GCC-PHAT + TDOA peak detection obtains only 
23.33 % file-level accuracy, and the best handcrafted-feature baseline reaches 47.22 %. In 
contrast, the ConvNeXt-T baseline already reaches 93.33 %, and adding SECCA further improves 
the holdout file-level accuracy to 94.44 %. The results indicate that the main difficulty is not only 
estimating a single inter-channel delay, but also modeling the coupled time-frequency content and 
stereo spatial cues of transient breaker sounds. 

The complexity measurements in Table 7 were obtained on an NVIDIA RTX 4070 GPU. 
SECCA adds only 0.067M parameters to ConvNeXt-T, increasing the parameter count by about 
0.24 %. The single-clip latency increases from 6.09 ms to 7.31 ms, which remains compatible with 
online inspection because one complete recording contains only a small number of 2-s clips and 
file-level aggregation is performed after clip inference. More complex CRNN- and TF-GridNet-
style baselines are relevant to broader audio localization and multi-source scenes, but their 
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objectives and deployment costs are not directly matched to the single-event fixed-recorder 
cabinet setting; they are therefore treated as future same-protocol baselines rather than as direct 
baselines in this study. 

Table 7. Complexity comparison of ConvNeXt-T and SECCA for an input size of 1×6×128×128 
Model Parameters (M)MACs (G)Latency (ms/clip) 

ConvNeXt-T baseline 27.834 1.459 6.09 ± 1.02 
ConvNeXt-T + SECCA 27.901 2.283 7.31 ± 1.28 

ConvNeXt-T + CBAM + SECCA 28.000 2.283 8.73 ± 1.35 

5.4. Noise robustness and current deployment scope 

We further tested feature-domain Gaussian perturbations on the holdout set using the same 
posterior averaging strategy as the main evaluation. This experiment does not replace raw acoustic 
validation under every field-noise condition, but it provides a controlled sensitivity check for the 
six-channel input representation. 

Table 8. File-level accuracy under feature-domain Gaussian perturbations 
Noise sigma 0.0 0.2 0.4 0.6 0.8 1.0 
File Acc. (%) 94.44 95.56 95.00 93.33 90.56 90.00 

As shown in Table 8, accuracy remains above 93 % for sigma ≤ 0.6 and remains 90.00 % even 
at sigma = 1.0. The model therefore shows moderate robustness to severe feature perturbation. 
Nevertheless, the current dataset contains one fixed recorder placement and single-breaker 
operations only. Simultaneous multiple breaker operations, large sensor displacement, 
microphone aging, channel imbalance, and long-term sensor degradation were not directly 
measured in this study. These factors are now treated as explicit limitations and will require 
additional field data and multi-source modeling in future work. 

5.5. Attention visualization analysis 

To better understand the role of the SECCA module in stereo sound source localization, we 
conducted both visualization and statistical analysis of its attention responses on the test set. The 
results reveal a clear frequency-selective pattern, with higher attention in the low- and 
high-frequency regions and relatively lower attention in the mid-frequency region. On the 
time-frequency plane, SECCA also focuses on temporally and spectrally informative regions 
associated with breaker operations, suggesting that it adaptively emphasizes spatially 
discriminative cues rather than uniformly enhancing all features. 
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Fig. 8. Frequency-domain attention response of the SECCA module 

To further examine this behavior, we extracted the attention gating maps of SECCA and 
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summarized them across the test set. For each sample, the attention weights were first averaged 
over time and then aggregated across samples for each Mel band. As shown in Fig. 8, where the 
solid line and shaded area denote the mean and standard deviation, respectively, SECCA exhibits 
a clear U-shaped frequency response. Specifically, higher attention in the low-frequency region 
indicates greater reliance on stable spatial cues, such as inter-channel phase and time-delay 
differences, for direction discrimination. The reduced attention in the mid-frequency region 
suggests a smaller contribution to localization, likely because this band is more susceptible to 
continuous hum and background noise. In the high-frequency region, attention increases again, 
implying that the model further exploits inter-channel energy differences that are informative for 
spatial discrimination. Overall, these results show that SECCA learns a frequency-selective 
enhancement pattern that is well aligned with the localization task. 

To further illustrate this pattern, Fig. 9 presents the attention map for a representative test 
sample. SECCA selectively emphasizes time-frequency regions with stronger spatial cues rather 
than uniformly highlighting the entire operation interval. Higher responses are observed in frames 
with more pronounced inter-channel differences, where spatially discriminative information is 
more concentrated, whereas noisy or weakly discriminative regions are suppressed. Consistent 
with Fig. 8, attention is stronger in the low- and high-frequency regions and weaker in the mid-
frequency region, indicating that SECCA enhances localization by focusing on spatially 
informative cues while reducing the influence of less relevant acoustic components. 
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Fig. 9. Time-frequency attention response of the SECCA module 

6. Conclusions 

In this work, we developed a stereo-enhanced cross-channel attention framework for localizing 
circuit breaker operation sounds in distribution cabinets using only a fixed dual-microphone 
recorder. The framework combines left/right log-Mel spectrograms, ILD, IPD, and GCC-based 
time-delay cues in a six-channel representation, and uses the SECCA module to inject spatial 
information into content modeling. Evaluated on a 10-kV switchgear dataset with nine positions, 
two operation types, and five current levels, ConvNeXt-T + SECCA achieved a file-level 
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Macro-F1 of 84.79 % ± 2.26 % and a file-level accuracy of 84.9 %, with a best result of 88.0 % 
in grouped validation. Additional holdout experiments showed 94.44% file-level accuracy against 
classical GCC-PHAT/TDOA and handcrafted-feature baselines. Attention visualization and 
LR-swap consistency analysis indicate that SECCA improves localization by adaptively 
emphasizing stereo spatial cues rather than by simply increasing parameter count. 

Across positions, accuracy ranged from 76.7 % to 93.3 %, and most positions improved by 
5-20 points over the baseline. The remaining errors were concentrated mainly between adjacent 
breakers, consistent with the physical layout of closely spaced cabinets. The present study is 
therefore best interpreted as validation under a controlled fixed-recorder deployment. Future work 
will extend the dataset to multiple recorder placements, simultaneous operations, and 
sensor-degradation conditions. 
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