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Abstract

We propose a Dual-Channel assisted Music Emotion Perception and Visualization (DC-
MEPV) framework designed for ambient lighting in intelligent vehicle cockpits, addressing
the increasing demand for advanced human-machine interaction in the automotive indus-
try. This framework consists of three main components: the Multi-Scale Feature Extraction
Block (MSFEB), the Global Sequence Modeling Block (GSMB), and the Emotional Color
Visualization Algorithm (ECV-Algo). The MSFEB extracts valence and arousal (V-A) fea-
tures from dual channels at multiple temporal scales, with each channel employing a
hybrid neural network architecture to capture multi-scale emotional representations. The
GSMB integrates positional encoding, bidirectional long short-term memory (BiLSTM) net-
works, and multi-head self-attention mechanisms to dynamically model global emotional
sequences. The ECV algorithm utilizes personalized emotion—color association rules to
achieve expressive emotion-driven lighting visualization based on a continuous mapping
from emotion space to color space. We conducted comprehensive comparison and ablation
experiments to evaluate the model’s emotion perception performance, and designed three
metrics to evaluate the quality of the generated visualizations. The model outperformed
other networks in both comparative and ablation experiments. Additionally, the generated
lights demonstrated strong performance in terms of CIEDE2000 variation rates, unique
color ratios, and joint histogram entropy. DC-MEPV achieved excellent performance in
emotion perception and visualizations on the DEAM and PMEmo datasets.

Keywords: music emotion perception and visualization; multi-scale feature extraction;
music-to-emotional-color mapping; intelligent cockpit

1. Introduction

With the rapid advancement of automotive technologies, intelligent systems have sig-
nificantly improved driving convenience, comfort, and in-car entertainment [1]. However,
their potential to enhance driving safety remains largely unexplored. Extensive evidence
suggests that a driver’s emotional state has a significant impact on driving behavior and
road safety. Negative emotions such as anger or anxiety often lead to dangerous driv-
ing behaviors, while positive emotions help maintain focus and make more informed
decisions [2—-4]. Music, as a powerful medium for emotion regulation, exhibits strong
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synesthetic associations with color. The real-time mapping of musical emotions to ambient
lighting colors for the joint regulation of drivers’ emotional states represents a promising
development direction for intelligent vehicle cockpits. Such systems can promote safer
driving by actively regulating driver emotions, but this remains an important and under-
explored area of research [5]. Accurate extraction and quantification of musical emotion
form the foundation of music-to-color synesthesia.

Early music emotion recognition (MER) systems relied on handcrafted acoustic fea-
tures, such as mel-frequency cepstral coefficients (MFCCs) [6,7] and spectrograms [8],
combined with traditional machine learning methods including Gaussian Mixture Mod-
els (GMMs) [9,10], Support Vector Regression (SVR) [11], and Bayesian classifiers [12].
However, manual feature engineering is limited by subjective bias, often failing to capture
nuanced affective information [13,14] and introducing redundant variability that compro-
mises model robustness [15-17]. In recent years, deep learning has emerged as the dominant
paradigm in MER by enabling end-to-end feature learning [18]. Current approaches can
be broadly classified into audio-based, lyric-based, and multimodal frameworks. Among
audio-based methods, Li et al. [19] employed a BILSTM architecture to capture long-range
temporal dependencies for dynamic emotion tracking. Yang et al. [20] proposed a CNN-
LSTM hybrid to alleviate gradient degradation in long sequences; other notable models
include Inception-GRU with residual connections [21] and the Bidirectional Convolutional
Recurrent Sparse Network (BCRSN) [22]. Lyric-based methods, such as those by Malheiro
et al. [23] and Angelica et al. [24], exploit textual semantics using regression or LSTM-GRU
ensembles. Multimodal approaches, exemplified by Zhao et al. [25], fuse lyrics, metadata,
and artist information via pretrained BERT embeddings and cross-modal attention, achiev-
ing substantial improvements in recognition accuracy. Once musical emotion is quantified
as a temporal sequence; the next step involves mapping these emotional states to colors for
ambient lighting. Existing mapping strategies include physics-based methods [26], Kansei
engineering [27], subjective assessments [28], and direct associations between color samples
and emotional values [29-31]. However, these approaches heavily depend on subjective
evaluations and are therefore prone to high inter-individual variability [28,31]. In practical
lighting implementations, current systems often rely on subjective surveys [32], IRI color
models combined with Thayer’s emotional framework for LED control [33], or automated
adjustments based on musical segments [34]. Nevertheless, most existing mappings are
discrete and static, failing to reflect continuous emotional dynamics. Related studies have
also demonstrated that colored lighting can actively influence mood [35,36].

Despite these advances in music-driven emotional color transformation, several key
limitations remain. First, most MER models extract the V-A dimension through a single
shared path, which fails to explain the psychological independence of the valence (plea-
sure) and arousal (activation) dimensions, since valence is more related to spectral content,
while arousal is related to time dynamics. Second, current emotion-to-color mappings
lack personalization, temporal continuity, and dynamic responsiveness. To address these
gaps, this paper proposes a dual-channel-assisted framework for music emotion perception
and visualization. The framework incorporates multi-scale feature extraction, BiILSTM,
and multi-head self-attention mechanisms to achieve more accurate and robust emotional
representation. Additionally, the proposed ECV-Algo is introduced to enable continuous,
personalized, and dynamic mapping from emotional states to color spaces, thereby enhanc-
ing acousto-optic synergy and opening new possibilities for intelligent cockpit applications.
Generally, the novelty of DC-MEPV stems from its dual-channel design that decouples V-A
feature extraction for specialized multi-scale modeling and the ECV-Algo’s personalized
continuous mapping, which surpasses the limitations of single-pathway MER and static
mappings in prior works.
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2. Methods

The proposed DC-MEPV is a dual-channel-assisted music-to-emotional-color trans-
formation framework designed to enable dynamic acousto-optic synergy between music
emotion and ambient lighting in intelligent vehicle cockpits. The framework seamlessly
integrates a dual-channel architecture, multi-scale feature extraction, global temporal se-
quence modeling, and personalized emotion-to-color mapping to significantly enhance
drivers’ emotion regulation capabilities [37]. The overall system architecture is illustrated
in Figure 1. The input audio signal is first preprocessed using Fourier transform to produce
a Mel spectrogram, which serves as the input to the subsequent modules. This spectrogram
is processed in parallel by two MSFEBs with different receptive fields, which allows for
the independent capture of emotional features along the V-A dimensions. The extracted
sentiment features are then input into GSMB to predict consecutive V-A sequences. Finally,
the proposed ECV-Algo maps the predicted V-A values to the HSV color space. The al-
gorithm incorporates personalized emotion—color association rules and intensity-guided
dynamic interpolation to generate smooth, temporally coherent ambient lighting sequences
that synchronize with the evolving musical emotion.

MSFEB GSMB ECV-Algo
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Figure 1. Overall architecture of the proposed DC-MEPV framework. The diagram depicts the
complete pipeline from raw audio input to final RGB color sequence output. The left section illustrates

the dual-channel feature extraction pathways (valence channel on the upper and arousal channel
on the lower), each followed by an independent Global Sequence Modeling Block. The right section
shows the ECV-Algo, which comprises data preprocessing, color mapping, and dynamic gradient
adjustment for smooth transitions.

2.1. Multi-Scale Feature Extraction Block

The Multi-Scale Feature Extraction Block (MSFEB) effectively captures V-A emotional
features from music audio. The two channels utilize distinct MSFEB configurations with
tailored convolutional kernel sizes to optimize feature extraction for the respective valence
and arousal dimensions. Each MSFEB consists of a stack of Grouped Feature Extraction
Modules (GFEMs) interleaved with max-pooling layers. This design allows the model to
learn hierarchical features directly from the Mel spectrogram. A Feature Fusion Module
(FFM) is added to the valence channel to reduce its output dimension to be the same as
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that of the arousal channel, so that the input of the subsequent block remains consistent
in dimension. The GFEM forms the core component of the MSFEB. As shown in Figure 2,
the network processes the input Mel spectrogram through four parallel branches, and each
convolutional kernel has different scales to capture multi-resolution features. The branch
outputs are concatenated and fused across groups to produce an enriched representation.
This design accounts for the distinct characteristics of the valence and arousal dimensions.
The valence dimension, which reflects pleasantness versus sadness, is strongly correlated
with spatial spectral patterns. Thus, the valence channel employs 2D convolutions with
kernel sizes of 1 X 1, 3 x 3, and 5 x 5 to extract local and global structures. In contrast,
the arousal dimension, which reflects excitement versus calmness, is more closely tied to
temporal dynamics. Accordingly, the arousal channel uses 1D convolutions with kernel
lengths of 1, 3, 5, and 7 to efficiently model sequential evolution [38]. By tailoring kernel con-
figurations to each dimension and leveraging grouped convolutions, the GFEM effectively
captures diverse rhythmic and timbral expressions while reducing computational overhead.

Channel1 Mel_Spectrogram Channel2
Cov2d@ Cov1d@

[1,1,1,2] [1,128,64]
Covid@
[64,2,128,51] [1,128,64] [646451]
Cov2d@ | Covid@
[3,3,1,4] - [3,64,128] [
Valence E Arousal
[64,4,128,51] [64,128,51]
Cov2d@ Covid@
L S [3,3,1,2] [1,128,16]
Cov2d@ Cov2d@
[64,8,128,51] [5,5,2,1] B [5,16,32] [64,256,51]
Maxpool@ - Cov1d@
[64,1,128,51] K=3 P=1 [1.128.16] [64,32,51]
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_ ot B [7.16,32]
[64,1,128,51] [64,32,51]

Figure 2. Architecture of the Grouped Feature Extraction Module (GFEM). The diagram illustrates
four parallel branches with different kernel sizes, followed by group concatenation and fusion.
The valence channel employs 2D convolutions (kernel sizes 1 x 1,3 x 3, 5 x 5), whereas the arousal
channel uses 1D convolutions (kernel lengths 1, 3, 5, 7), emphasizing dimensional specialization.

GFEM can be configured in two variants. In the forward direction, the network is
called Grouped Feature Dilation Module (GFDM), whereas in the reverse direction, it
is called Grouped Feature Compression Module (GFCM). Each MSFEB consists of two
GFDM layers for feature expansion, followed by a max-pooling layer, another two GFDM
layers, a second max-pooling layer, one additional GFDM layer, and finally two GFCM
layers for feature compression. The initial GFDM layers enhance representational capac-
ity through multi-scale grouped convolutions to generate rich spatiotemporal emotional
features. Subsequent max-pooling operations downsample the feature maps along both
time and frequency axes to reduce computational complexity. The intermediate GFDM
layers extract higher-level abstractions to capture more intricate affective patterns. After
further downsampling, the final GFDM layer refines the representation, and the two GFCM
layers progressively reduce channel depth to produce compact yet discriminative features
suitable for downstream temporal modeling. To ensure dimensional consistency, we in-
tegrate the Feature Fusion Module (FFM) into the valence branch. The FFM flattens the
2D feature map and divides it into four subsequences for subsequent processing. Each
subsequence is transposed and reorganized channel-wise to form four feature blocks. A
single-head self-attention mechanism then computes weights for each block, generating
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compressed outputs that emphasize informative elements while suppressing redundancy.
The four compressed blocks are concatenated along the sequence dimension, and a final
1D max-pooling layer halves the sequence length to match the arousal channel output. The
FFM employs a single-head self-attention mechanism with a hidden dimension of 512 to
dynamically compute importance weights for each feature block, effectively resolving di-
mensional inconsistencies while preserving the most discriminative emotional information.
Compared to conventional feature concatenation approaches in hybrid models [20,39],
the FFM effectively resolves dimensional inconsistencies and mitigates redundancy after
cross-dimensional processing.

2.2. Global Sequence Modeling Block

The Global Sequence Modeling Block (GSMB) serves as the core module for producing
accurate continuous V-A predictions. It integrates positional encoding, bidirectional long
short-term memory (BiLSTM), multi-head self-attention (MA), 1D global average pooling,
and a fully connected layer to enable dynamic modeling of spatiotemporal emotional
features. The input sequence is first positionally encoded to inject relative positional infor-
mation in order to compensate for the permutation invariance of the attention mechanism.
The BiLSTM layer then captures bidirectional temporal dependencies, while the multi-head
self-attention layer extracts global inter-feature correlations. Finally, global average pooling
aggregates the sequence into a compact representation, which the fully connected layer
regresses into continuous V-A scores. This architecture mitigates gradient vanishing in
long sequences, enhances global dependency modeling, and strengthens dimensional de-
coupling [40,41]. To preserve dimensional independence while reducing computational
overhead, separate GSMB instances are deployed for each channel with shared parameters.

The positional encoding layer plays a critical role in the GSMB by injecting positional
information into the input sequence. This enables subsequent BiLSTM and multi-head
self-attention mechanisms to discern the relative order of elements—a factor particularly
important in music emotion recognition, where temporal attributes such as rhythmic
transitions and emotional peaks directly affect V-A prediction accuracy [42]. Although con-
ventional recurrent models inherently capture sequential order, multi-head self-attention
is permutation-invariant and risks treating the sequence as a bag-of-features without
positional cues [43]. This study adopts fixed sinusoidal positional encoding, defined as

sin[p/(1E+8n/d)] ifk=2n,

PE(p, k) =
(.5 cos[p/(1IE+8n/d)] ifk=2n+1,

1)

where p is the position, k is the dimension index, and d is the model dimension. The
positional vectors are added element-wise to the input sequence before further processing.

The BiLSTM layer forms the primary temporal modeling component of the GSMB.
It processes the position-encoded sequence using a bidirectional architecture comprising
stacked LSTM units, each equipped with forget, input, and output gates to regulate long-
term memory. Compared to unidirectional LSTMs [19], BiLSTM significantly improves
dynamic prediction accuracy, especially for the arousal dimension in music with varying
tempo. Multi-head self-attention complements the BiLSTM by effectively modeling long-
range dependencies that recurrent layers struggle to capture. This mechanism projects the
input into multiple subspaces (“heads”), computes scaled dot-product attention indepen-
dently in each head, concatenates the outputs, and applies a linear transformation. The
multi-head self-attention employs 8 heads with scaled dot-product attention and a dropout
rate of 0.1, allowing the model to jointly capture diverse global inter-feature correlations in
both valence and arousal sequences. The parallel heads allow the model to learn diverse
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relational patterns, proving particularly effective for capturing spatial-affective correlations
in the valence dimension [43].

Finally, 1D global average pooling aggregates the sequence into a fixed-length vector,
p =1/sY;_; hj, where s is the sequence length and h; denotes the i-th timestep feature. A
fully connected layer then maps this representation to the predicted scores, v = Wyp + by
and a = W,p + b,, yielding the final continuous valence and arousal values.

2.3. Emotional Color Visualization Algorithm

The Emotional Color Visualization Algorithm (ECV-Algo) receives sequential V-A
predictions from the GSMB modules. It generates a smooth RGB color sequence by first
performing personalized mapping from V-A values to the HSV space, then preprocessing
the V-A sequences, and finally applying intensity-driven dynamic interpolation in the HSV
space. The resulting HSV sequence is subsequently converted to RGB for direct rendering
on vehicle ambient lighting hardware.

ECV-Algo incorporates personalized mapping rules to account for individual dif-
ferences in emotion—color associations. The Big Five personality traits (BFPT) include
openness, conscientiousness, extraversion, agreeableness, and neuroticism. These traits
form the framework for personality analysis and are determined through standardized
NEO-PI-R questionnaire scores. Each dominant personality trait is assigned a distinct set of
mapping rules from normalized V-A values (V, A € [—1,1]) to HSV components. Figure 3
illustrates the resulting color distributions across the five traits. Compared to traditional
fixed emotion—color mapping methods, the personalized mapping rule proposed in this
paper does not significantly improve objective visualization metrics. However, its main
advantage lies in its ability to generate unique color sequences tailored to different person-
ality traits, thus producing colors that better reflect an individual’s subjective emotional
experience and preferences. The mapping rules primarily adjust hue based on valence,
saturation and value based on arousal intensity, and have trait-specific parameters. For
example, in the high openness profile, hue and auxiliary components (saturation or value)
are computed as follows:

27(1— V') V>0
H= )
7rn/6+m/6(1—-V') V<0

ki +02A" A'>0
X = )
ky, —02A" A'<0
where H represents hue and X represents saturation or value. For saturation, k; = 0.8 and
ko = 0.4. For value, k; = 0.7 and ky = 0.5. All value components are constrained within
the range [0.3,1.0] to ensure the visibility of the generated colors.

The raw V-A sequences from GSMB are preprocessed to reduce noise and improve
mapping robustness. Outliers are first removed using a Z-score threshold of 3.0 over a
50-frame sliding window. Savitzky—Golay filtering (polynomial order 3, window length
21) is subsequently applied to attenuate minor fluctuations while preserving emotional
trends. Finally, linear normalization scales the filtered values to the target HSV ranges
to accommodate variations in emotional intensity across different music pieces. Dy-
namic frame interpolation is performed independently on H, S, and V channels to gen-
erate temporally coherent transitions. Linear interpolation is used between consecutive
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frames. The interpolation density is controlled by current arousal intensity to reflect
emotional dynamics:

N; = min{Nmax, maX[Nminr Npase + :8|A(t) H} @)

where Ny is the base frame count and f is the dynamic interpolation coefficient. During
periods of intense emotional fluctuation, higher values of | A| produce denser interpolations
to reflect more gradual changes. The final HSV sequence is converted to RGB using standard
color space transformation for direct output to vehicle ambient lighting hardware.

High propensity Low propensity

Figure 3. Personalized emotion-to-color mappings for dominant Big Five personality traits. The
figure presents five color bands corresponding to the five dominant Big Five personality traits
(openness, conscientiousness, extraversion, agreeableness, neuroticism) from top to bottom. Hue
varies primarily with valence (positive on the right half, negative on the left half), while satura-
tion and value are modulated by arousal intensity, demonstrating personalized emotion-to-color
mapping rules.

3. Experiments and Results
3.1. Experimental Setup

The proposed DC-MEPV framework is tested on the Database for Emotional Analysis
in Music (DEAM) [41] and Popular Music with Emotional Annotations (PMEmo) [42]. The
DEAM dataset contains 1802 music excerpts, each annotated by at least seven participants
under the V-A model, providing both static labels and dynamic annotations at 0.5 s intervals.
The PMEmo dataset includes 794 tracks with static and dynamic (0.5 s resolution) V-
A annotations from at least ten annotators per song. To enhance annotation reliability,
the initial 15 s of each track is excluded from dynamic labeling in both datasets. In this
study, 1200 songs from DEAM and all 794 songs from PMEmo are used. The selection
of 1200 songs from the full DEAM dataset (out of 1802) was made to balance dataset
sizes between DEAM and PMEmo for equitable computational training while preserving
representativeness through random sampling; this subset maintains fairness in comparison
with baselines, which were evaluated under consistent conditions on the selected data. The
datasets are randomly split into training and test sets in an 8:2 ratio. On an NVIDIA RTX
3090 GPU, DC-MEPV processes each 0.5 s audio frame in approximately 15 ms (excluding
preprocessing), corresponding to a real-time factor of 0.03, which supports its feasibility
for real-time deployment in intelligent vehicle cockpits. Ground-truth dynamic emotional
trajectories are computed as the per-frame average of multiple annotators’ V-A labels.

Audio preprocessing begins by segmenting each track into non-overlapping 0.5 s
segments to support continuous emotion prediction. A pre-emphasis filter is applied,
followed by extraction of log-Mel spectrograms using Torchaudio. The spectrograms are
generated with a frame length of 50 ms, a hop length of 10 ms, and 128 Mel filter banks.
DC-MEPYV is implemented in PyTorch (2.4.1) and trained using the Adam optimizer with
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a learning rate of 0.0001, a batch size of 64, and 100 training epochs. The hybrid loss was
implemented with weights A, = A, = 1.0, giving equal importance to both objectives.
A pre-emphasis filter with a coefficient of 0.97 was applied during audio preprocessing.
To ensure reproducibility and robustness, all experiments were repeated three times with
different random seeds, and the average performance metrics were reported. Detailed
architectural hyperparameters are summarized in Table 1. Note that the batch size is not
included in the table. To promote dynamic consistency in predicted emotional trajecto-
ries, a hybrid loss function is adopted that combines mean squared error (p,) with the
concordance correlation coefficient (p.). Previous studies [40] have shown that MSE alone
may overlook prediction—ground truth correlations, which can lead to discontinuities in
regression outputs. The hybrid loss encourages global trend alignment and helps escape
local optima. It is formulated as

L=MNe-pe+Ac-(1—pc), (5)

where A, and A, are weighting hyperparameters. The term (1 — p.) penalizes weak correla-
tions, as p. € [—1,1] measures agreement between predicted and ground-truth sequences.

Table 1. Model architecture hyperparameters of the proposed DC-MEPV framework, detailing the
layer configurations and output dimensions for both valence and arousal channels.

Model Layer Hyperparameters
Input [128,51]
MSEFB-A GFDM-A x 2 Maxpoolld GFDM-A  Maxpoolld  GFDM-A GFCM-A x 2
Output Size [256,51] [64,1] [256,51] [1024,25] [1024,12] [2048,12] [1024,12] [512,12]
Filter Number/  [64,1][128,3] [128,1][256,3] [2,2] [256,1][512,3] [2,2] [512,1][1024,3] [128,1][256,3] [128,1][256,3]
Stride, Kernel Size [32,5][32,7] [64,5][64,7] [128,5][128,7] [256,5][256,7] [64,5][64,7] [64,5][64,7]
MSEFB-V GFDM-V x2 Maxpool2d GFDM-V x2 Maxpool2d ~ GFDM-V GFCM-V x2 FFM
Output Size [8,128,51] [16,128,51] [16,64,25] [32,64,25] [64,64,25] [64,32,12] [128,32,12] [64,32,12] [32,32,12] [512,12]
Filter Number/ [2,1][4,3] [4,1][8,3] [2,1,3] [8,1][16,3] [16,1][32,3] [2,1,3] [32,1][64,3] [32,1][64,3] [8,1][16,3] [512,1]
Stride, Kernel Size  [1,5][1,1]  [2,5][2,1] [4,5][4,1] [8,51(8,1] [16,5][16,1] [16,5][16,1] [4,5][4,1]
GSMB Bi-LSTM Multi-head attention Global pool 1D FC
Output Size [12,256] [12,256] [256] 1
Filter Number/ / / / 1

Stride, Kernel Size

3.2. Music Emotion Recognition Evaluation

Music emotion recognition performance is evaluated using Concordance Correlation
Coefficient (CCC), Root Mean Square Error (RMSE), and Pearson Correlation Coefficient
(PCC). CCC evaluates the agreement between predicted and ground-truth emotional
trajectories by integrating accuracy and correlation. RMSE measures absolute prediction
error, while PCC quantifies linear correlation. These three metrics collectively provide
a comprehensive evaluation of precision and temporal consistency in dynamic emotion
recognition tasks. We demonstrate the superiority of DC-MEPV by comparing it with
state-of-the-art dynamic MER methods on the DEAM and PMEmo datasets, including
Musi-ABC [20], BCRSN [22], LSTM-GRU [24], CBSA [43] and MERT [44]. As shown in
Table 2, DC-MEPV consistently achieves the lowest RMSE and the highest PCC and CCC
scores across both valence and arousal dimensions. It delivers relative CCC improvements
of at least 9.9% on valence and 10.4% on arousal over the strongest baseline, highlighting
its enhanced capability in modeling complex and dynamic emotional patterns.
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Table 2. Performance comparison on DEAM and PMEmo datasets.
Model Valence (DEAM/PMEmo) Arousal (DEAM /PMEmo)
ode
RMSE] PCCt CCCt RMSE| PCCt CCCr

CBSA 0.229/0.143 0.417/0.481 0.484/0.433 0.236/0.136 0.689/0.553 0.660/0.545
Musi-ABC 0.231/0.145 0.429/0.481 0.481/0.432 0.234/0.133 0.696/0.545 0.651/0.537
BCRSN 0.223/0.138 0.429/0.493 0.488/0.443 0.217/0.133 0.636/0.508 0.641/0.496
LSTM-GRU 0.332/0.255 0.383/0.411 0.403/0.389 0.239/0.257 0.588/0.433 0.473/0.402
MERT 0.228/0.142 0.452/0.475 0.492/0.478 0.209/0.131 0.682/0.562 0.671/0.551
DC-MEPV 0.219/0.135 0.567/0.519 0.541/0.516 0.197/0.129 0.739/0.584 0.741/0.579
CNN + BiLSTM 0.244/— 0.389/— 0.319/— 0.228/— 0.694/— 0.593/ —
CNN + GSMB 0.239/— 0.418/— 0.392/— 0.221/— 0.705/— 0.645/—
MSEFEB + BiLSTM 0.217/— 0.526/— 0.520/— 0.206/— 0.737/— 0.725/—
SC-MSFEB + GSMB 0.222/— 0.539/— 0.512/— 0.201/— 0.731/— 0.722/—

SC: Single-Channel.

Based on a standard BiLSTM model, we conducted systematic ablation experiments
on the DEAM dataset to explicitly isolate the contributions of the proposed MSFEB and
GSMB modules. Four configurations were compared: (1) ordinary CNN feature extraction +
BiLSTM (baseline), (2) ordinary CNN + GSMB, (3) MSFEB + BiLSTM, and (4) single-channel
MSFEB + GSMB. The results are shown in Table 2. Compared with the CNN+BiLSTM
baseline, introducing GSMB alone improves the CCC by 22.9% on valence and 8.8% on
arousal, demonstrating the benefit of global sequence modeling. Replacing ordinary CNN
with MSFEB further yields substantial gains (CCC +63.0% on valence and +22.3% on
arousal relative to baseline), highlighting the advantage of multi-scale feature extraction
tailored to V-A dimensions. The single-channel MSFEB + GSMB variant continues to
improve performance, but the full dual-channel DC-MEPV achieves the best results, with an
additional +5.7% CCC on valence and +2.6% on arousal over the single-channel version.
These ablation results confirm that both the MSFEB and GSMB modules contribute critically
to the superior emotion perception performance of DC-MEPV, and the dual-channel design
provides the final decisive improvement through dimensional decoupling.

3.3. Emotional Color Visualization Evaluation

To comprehensively evaluate the quality of music-driven ambient lighting sequences
generated by ECV-Algo, we propose three novel metrics specifically aiming at human
visual perception, hardware compatibility, and acousto-optic synergy, including color
transition smoothness, color-emotion alignment, and color complexity. These metrics were
chosen for their direct relevance to practical lighting applications: CIEDE2000 variation rate
aligns with human perceptual color differences, correlation coefficients quantify emotion—
visual synchronization supported by audiovisual perception studies, and unique color
ratio with joint entropy ensures expressive yet non-overwhelming visualizations. We
randomly selected 120 audio tracks from the PMEmo dataset for our experiment to ensure
that the four quadrants of the V-A emotional space are evenly covered to represent different
emotional dynamics. For consistency and reproducibility, the high-openness personality
mapping rule is used throughout the evaluation. Results are visualized in Figure 4.
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Figure 4. Experimental Results on Color Transition Smoothness, Color-Emotion Alignment,
and Color Complexity. (a) Box plots of CIEDE2000 variation rate (left) and number of abrupt frames
per song (right), comparing sequences with and without gradient processing. (b) Distribution of
Pearson (PCC) and Spearman correlation coefficients across 120 test songs. (c) Box plots of unique
color ratio and HSV joint entropy. (d) Scatter plot showing the relationship between unique color
ratio (x-axis) and joint entropy (y-axis) for individual songs.

Color transition smoothness assesses the perceptual fluency of frame-to-frame changes
by measuring the CIEDE2000 color difference (AEy) and its variation rate across consecu-
tive frames. The CIEDE2000 formula accounts for non-linear human perception in lightness,
chroma, and hue:

AL’ \? AC' \? AH' \?
AEy = — —_ R
o \/(kLSL) Jr(kcsc> +(kHSH> *

where AL/, AC’, and AH’ denote differences in lightness, chroma, and hue, respectively. k.,

AC' AH'
TkeSc kuSn’

(6)

k¢, ky are parametric coefficients (typically set to 1). Sy, Sc, Sy are weighting functions. Rt
is a rotation term correcting hue direction interactions. As shown in Figure 4a, sequences
processed by ECV-Algo exhibit an average CIEDE2000 variation rate of 1.6-2.0 and fewer
than 10 abrupt frames (exceeding a perceptual threshold of 5) per song. In contrast,
sequences without preprocessing and dynamic interpolation show variation rates of 7.6-7.9
and frequent noticeable jumps. These results confirm the effectiveness of outlier removal,
Savitzky-Golay filtering, and intensity-driven HSV interpolation in producing perceptually
smooth color transitions.

Color—emotion alignment evaluates semantic coherence between emotional shifts in
music and corresponding color changes. It is quantified by PCC and Spearman rank correla-
tion between inter-frame V-A Euclidean distances d,¢f (i) = \/(Vis1 — Vi)? + (Ajy1 — A;)?
and their associated CIEDE2000 color differences d,; (7). The distribution across the 120 test
songs yields PCC values from —0.11 to 0.32 and Spearman coefficients from —0.13 to

0.40, as shown in Figure 4b. Although absolute values are modest, they are consistent
and expected under the constrained subspace of the high-openness mapping rule. The
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stable trends validate that ECV-Algo reliably preserves monotonic and linear relation-
ships between emotional dynamics and visual evolution, supporting robust audiovisual
synchronization within personalized frameworks.

Color complexity measures the expressive richness of the generated sequences while
avoiding visual overload. It comprises two complementary indicators: the proportion
of unique colors (distinct clusters relative to total frames) and the joint entropy of the
HSV distribution H = — Y2 | p, log, pp- Results in Figure 4c show unique color ratios
of 20-24% (well above the 10% over-smoothing threshold) and joint entropy values of
3.22-3.26 (within the perceptually comfortable 3-5 range). The scatter plot in Figure 4d
further illustrates a dispersed yet balanced distribution between the two measures, confirm-
ing that ECV-Algo achieves diverse yet coherent color expression that effectively reflects
musical emotional fluctuations. Overall, the three metrics collectively demonstrate that
ECV-Algo can generate visually smooth, semantically aligned, and expressively rich ambi-
ent lighting sequences. This validates the effectiveness of personalized mapping, sequence
preprocessing, and dynamic interpolation in real-time acousto-optic applications of in-
telligent cockpits. These quantitative results are further supported by prior user studies
on personalized emotion-to-color associations, which consistently report high subjective
preference scores for continuous and personality-aware visualizations in affective lighting
applications [45].

3.4. Visualization of Musical Emotion

To demonstrate the practical effects of the DC-MEPV framework, we randomly se-
lected 16 songs from the PMEmo dataset. First, we extracted the first 60 s of each song,
downsampling them in 0.5 s frames. Then, we generated a spectrogram for each frame
using a Fast Fourier Transform, and finally a Mel spectrogram using a Mel filter bank.
Figure 5a,b show the spectrogram and Mel spectrogram of a representative song, with fre-
quency on the y-axis and frame on the x-axis, alongside an amplitude-based color bar on
the right. These spectra generate V-A values through a music emotion perception network,
and then visualize the emotion in RGB color sequences according to the music emotion-
to-color mapping rules created by ECV-Algo. This intuitively demonstrates the ambient
lighting effect in a smart cockpit. The visualization results are presented in Figure 5c.
Figure 5d displays the time series color strip, where rows represent time steps (0-60 s) and
columns represent song index (0-16), revealing smooth color transitions synchronized with
emotional fluctuations. The mapping rules displayed in the lower right corner highlight the
innovation of ECV-Algo. Each unique V-A value pair corresponds to a single color, while
minimizing the color difference between adjacent emotional states, ensuring the coherence
and aesthetic appeal of the visual output.

These results not only validate the generalization ability of the DC-MEPV framework
in handling diverse popular music (covering different genres and emotional distributions)
on the PMEmo dataset, but also highlight its superiority in cross-modal emotion transfer.
Compared with traditional methods, this framework achieves dynamic and continuous
audiovisual synergy and contributes to a greater sense of immersion [37,46]. In smart
cockpit scenarios, this personalized audiovisual synergy is expected to improve the driving
experience, alleviate emotional fatigue, and provide a new paradigm for multimodal
interaction in fields such as music therapy and affective computing.
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4. Conclusions and Future Work

This paper presents DC-MEPV, a dual-channel-assisted framework for music emotion
perception and visualization tailored for ambient lighting in intelligent vehicle cockpits.
The framework effectively decouples valence and arousal dimensions through multi-scale
feature extraction and global sequence modeling, showing superior performance on the
DEAM and PMEmo datasets with substantial improvements in CCC, PCC, and RMSE. The
proposed ECV-Algo further realizes a personalized, continuous mapping from emotional
sequences to RGB color output, resulting in smooth transitions, semantically consistent
variations, and rich, expressive lighting effects, which has been validated through three
new perceptual metrics and intuitive visualizations across different musical tracks. The DC-
MEPV framework exhibits strong potential for broader applications in affective time-series
modeling beyond intelligent vehicle cockpits. For example, its dual-channel multi-scale
feature extraction and global sequence modeling may be extended to real-time driver
emotion monitoring in advanced driver-assistance systems (ADAS) or wearable affective
computing devices. Furthermore, the personalized ECV-Algo may be adapted for music
therapy and smart home environments, where continuous emotion-to-color visualization
may support therapeutic scenarios and multimodal human-machine interaction

Despite the advances achieved with DC MEPYV, limitations remain in the proposed im-
plementation. Personalization that relies solely on the Big Five personality traits may
overlook the influence of cultural, background, or real-time physiological factors on
emotion—color associations. Additionally, what requires further investigation is the compu-
tational efficiency of embedded vehicle hardware and subjective evaluation in real-world
driving scenarios. Future work will extend personalization by incorporating multimodal
user feedback and cultural factors, optimize the framework for real-time deployment on
resource-constrained systems, and conduct on-road user studies to assess impacts on driver
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emotion regulation and road safety. These perspectives are expected to further promote the
development of human-centered intelligent cockpit technology.
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