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Speech Emotion Recognition (SER) plays a vital role in enabling emotionally intelligent human-computer interaction. This
study investigates the effectiveness of acoustic features and preprocessing strategies for classifying emotion in speech using a
male subset of the RAVDESS corpus (6 actors, 8 emotion classes). Using Leave-One-Out Cross-Validation (LOOCV), this study
compares four classical machine learning models, and four neural network architectures across three temporal segmentation
conditions; sentence-level (4-6 seconds), 2 second windows, and 1 second windows. We extract 41 acoustic features span-
ning prosody, MFCCs, and voice quality measures, and evaluate their individual and combined contributions to speech emotion
recognition accuracy. Results show that sentence-level and 2 second windows yield comparable peak accuracy ( 40-42%), while
1-second windows degrade performance to 31-34%. All-feature combinations outperform individual feature groups. Among
classical models, Random Forest and Logistic Regression achieved the highest LOOCV accuracy (40-42%). Among neural
models, CNN-1D, MLP 1 layer, and MLP 3 layer performed comparably (40-41%), while CNN-LSTM underperformed (35%),
suggesting model complexity does not necessarily add value in this context. High intensity emotional recordings were classi-
fied significantly more accurately (49-55%), than low intensity recordings (35-42%), suggesting that stronger affective signals
produce more distinct acoustic markers.

Introduction been recurrently cited as correlates of arousal or emotional
intensity®. Many of these features seem to directly corre-
late to patterns humans often use to decode emotion in in-
teractions as well. However, findings across literature re-
main inconclusive, as many studies have noted challenges;
including high inter-speaker variability and limited general-
ization across speakers’®. These challenges motivated the
use of the RAVDESS dataset in this study, which provides
clearly labeled and high-quality recordings from professional
actors, offering a structured testbed for controlled comparison
of modeling approaches.

Emotional content is known to be unevenly distributed
within speech, with key segments - such as emphasized sylla-
bles, pauses, or stressed consonants - carrying disproportion-
ately informative signals®. This has encouraged a shift toward
higher-resolution modeling approaches, including frame-level
analysis and windowed feature extraction. Recent develop-
ments in machine learning technology have also enabled the
exploration of increasingly complex architectures, including
both classic classifiers as well as newer deep neural models.

This work investigates how classical and deep learning
models compare on speech emotion recognition, with partic-
ular attention to acoustic feature selection and temporal rep-
resentation?. Using the RAVDESS dataset as a structured
testbed, this study systematically evaluates different feature
groups, temporal segmentations, and a range of model com-

Emotion plays a central role in human verbal communication
- the same sentence or phrase can portray completely different
ideas and meanings depending on the emotion behind them.
Although research has examined acoustic correlates of emo-
tion, consensus on the precise nature of emotional expres-
sion in speech remains limited. Studies disagree on which
prosodic features consistently map to specific emotions, with
some reporting strong associations between pitch and arousal,
while others find speaker-dependent or culture-dependent ef-
fects that weaken generalization', (e.g., Latif et al., 2020).
Recognizing emotion in speech involves both identification
of affective signalling features, as well as categorization of
these features into emotion classes, both tasks which are diffi-
cult and conceptually abstract. Affect rarely appears as a con-
tinuous or easily identifiable pattern, but rather as highly dy-
namic and context-sensitive®, Traditional models of emotion,
such as Ekman’s six basic emotions or the arousal-valence
space, have been useful in past studies in the area, but only
provide limited insight into how nuanced emotion appears in
speech">.

From an acoustic standpoint, affective expression is thought
to rely heavily on prosodic modulations - variations in pitch,
energy, thythm, and voice quality. Features such as funda-
mental frequency (FO), speech rate, jitter, and shimmer have
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plexities under a consistent speaker-independent evaluation
framework. Our goal is to contribute insight into effective
modeling strategies for emotion recognition.

Methods

All experiments were organized into three phases, each build-
ing on the results of the previous. Phase 1 and 3 contain ‘tests’,
or features/metrics besides model choice that were compared.
Phase 1 established the optimal experimental configuration
through three tests: Test 1 compared temporal segmenta-
tion strategies (sentence-level, 2-second, and 1-second win-
dows), Test 2 evaluated feature group contributions (MFCCs,
prosody, voice quality, and all features combined), and Test
3 ranked individual feature importances using Random For-
est. Phase 2 used the best configuration from Phase 1 to run
a full model comparison across four classical models (Lo-
gistic Regression, Random Forest, Gradient Boosting, SVC)
and four neural architectures (MLP 1-Layer, MLP 3-Layer,
1D CNN, CNN-LSTM with Attention), while Phase 3 con-
ducted focused follow-up experiments on the top-performing
models, examining the effect of emotional intensity (Test 4)
and confirming temporal segmentation findings across model
types (Test 5).

Dataset
RAVDESS Corpus Description

his study used the male subset of the Ryerson Audio-Visual
Database of Emotional Speech and Song (RAVDESS)!Y. The
full RAVDESS dataset contains 24 professional actors (12
male, 12 female) producing speech in eight emotion cate-
gories: Neutral, Calm, Happy, Sad, Angry, Fearful, Disgust,
and Surprised. For all categories except Neutral, each actor
produced four recordings of each of two scripted sentences -
two at low intensity and two at high intensity - yielding eight
recordings per emotion. The Neutral category had four record-
ings (no high-intensity variant). Original recordings ranged
from 4 to 6 seconds. All recordings were produced under con-
trolled studio conditions by trained actors.

Dataset Subset Used in This Study

Only 6 male actors were used in this study. This subset con-
tained 360 recordings in total (including both sentences and
both intensity levels for all emotions). Across all 6 actors,
each emotion class is represented by 48 recordings (8 per ac-
tor x 6 actors), except Neutral, which has 24 recordings (4
per actor x 6 actors) due to only having 1 intensity instead of
2. This yields a mildly imbalanced dataset, which is accounted
for in evaluation using macro-averaged F1-score alongside ac-
curacy. All recordings from all intensity levels were included

in the main experiments; intensity-level analyses are reported
separately in Phase 3.

Audio Preprocessing
Audio Standardization

All audio files were loaded at a sampling rate of 16,000 Hz
using Librosa'!. No explicit amplitude normalization was ap-
plied at this stage, as energy-based features are computed di-
rectly from the waveform within each clip. No channel con-
version was required as all RAVDESS recordings are mono.

Forced Alignment and Word Segmentation

For the per-word analysis (Phase 1, Test 1), word-level bound-
aries within each sentence were obtained using the Torchaudio
Forced Aligner!4, which aligns a text transcript with an audio
waveform using a pre-trained Wav2Vec 2.0 acoustic model.
The aligner outputs start and end timestamps for each word to-
ken. For clearly articulated speech such as RAVDESS, forced
alignment typically achieves boundary accuracy within 20-40
ms, which is sufficient for this analysis.

Temporal Segmentation

Three temporal segmentation strategies were evaluated: (1)
sentence-level, where features are extracted from the full 4-
6 second recording; (2) non-overlapping 2-second windows;
and (3) non-overlapping 1-second windows. Non-overlapping
windows were used throughout to prevent data leakage (see
Section 2.4). Shorter windows produce more training in-
stances per recording but contain less acoustic context per
sample.

Leakage Prevention Strategy

To prevent data leakage, actor-level splits were applied before
window generation. In each LOOCYV fold, all recordings be-
longing to the held-out actor were entirely excluded from the
training set before any segmentation occurred. This ensures
that no windows derived from a held-out actor appear in the
training data, and that the independence of training and test
sets is preserved at the actor level.

Feature Extraction

Prosodic Features

Prosodic features capture the melodic and rhythmic properties
of speech. Pitch (fundamental frequency, FO) was extracted
using Librosa’s piptrack method. To reduce noise from un-
voiced frames, only pitch values from frames with magnitude
above the median spectrogram magnitude, and with a pitch
value greater than 0 Hz, were retained. Summary statistics
were then computed: mean, standard deviation, minimum,
maximum, and range (5 features). Energy was computed as
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Root Mean Square (RMS) amplitude, with the same five statis-
tics extracted (mean, std, min, max, range). Zero-crossing rate
(ZCR), a measure of signal noisiness and consonant presence,
was summarized by its mean and standard deviation (2 fea-
tures). In total, 12 prosodic features were extracted per sam-
ple. Prosodic features are commonly used in SER because
arousal and valence - the primary dimensions of emotion - are
known to correlate with pitch height, energy, and speech rate®.

Spectral Features

Mel Frequency Cepstral Coefficients (MFCCs) represent the
shape of the vocal tract as derived from the short-time power
spectrum mapped to a perceptually motivated mel frequency
scale. Thirteen MFCC coefficients were extracted; for each,
the mean and standard deviation were computed across all
frames in the segment, yielding 26 MFCC features. MFCCs
are among the most widely used features in speech recogni-
tion and SER because they compactly represent the spectral
envelope of speech in a perceptually relevant way'3.

Voice Quality Features

Voice quality features quantify perturbations in the vocal
source signal. Jitter measures cycle-to-cycle variation in the
fundamental period - elevated jitter is associated with vocal
roughness and stress. Shimmer measures cycle-to-cycle vari-
ation in amplitude - elevated shimmer is linked to breathiness
and reduced vocal control. Harmonic-to-Noise Ratio (HNR)
measures the ratio of periodic (voiced) energy to aperiodic
noise - lower HNR is associated with breathy or strained voice
quality. These three features were extracted using Parsel-
mouth (a Python interface to the Praat phonetics software).
Voice quality features are theoretically linked to emotional ex-
pression because emotions such as anger and fear affect laryn-
geal muscle tension, which in turn alters jitter, shimmer, and
HNR'.

Feature Standardization

All 41 features were standardized (zero mean, unit variance)
using statistics computed exclusively from the training data
within each LOOCYV fold. The training-set mean and standard
deviation were then applied to the test actor’s features. This
procedure ensures that no information from the test actor in-
fluences the normalization, preventing data leakage.

Experimental Conditions (Phases 1 & 3)
Temporal Window Size Experiment (Phase 1, Test 1)

To determine the most effective temporal granularity, Logis-
tic Regression was evaluated under LOOCYV cross-validation
across three segmentation conditions: sentence-level (full 4-
6 second clips), 2-second non-overlapping windows, and 1-
second non-overlapping windows. The goal was to identify

which window size best preserves emotionally relevant acous-
tic variation while providing sufficient context for classifica-
tion.

Feature Group Importance (Phase 1, Test 2)

To assess the independent contributions of different feature
types, Logistic Regression was trained and evaluated under
LOOCYV using four feature subsets: MFCC features only (26
features), prosodic features only (12 features: pitch, energy,
ZCR), voice quality features only (3 features: jitter, shimmer,
HNR), and the full 41-feature set. The best segmentation from
Test 1 was used for all conditions.

Feature Importance via Random Forest (Phase 1, Test 3)

To identify which individual features most strongly predict
emotion, a Random Forest classifier was trained using the
full feature set and the best segmentation from Test 1 under
LOOCV. Feature importances (mean decrease in impurity, ag-
gregated and averaged across LOOCYV folds) were ranked in
descending order.

Emotional Intensity Analysis (Phase 3, Test 4)

To investigate whether emotional intensity affects classifica-
tion performance, the top four models from Phase 2 (Ran-
dom Forest, Logistic Regression, MLP 3-Layer, and CNN-
LSTM with Attention) were evaluated separately on low-
intensity and high-intensity recordings under LOOCYV cross-
validation. Because the Neutral class has no high-intensity
variant in RAVDESS, it was excluded from this analysis,
reducing the classification task to 7 emotion classes. The
low and high-intensity subsets were constructed by filtering
recordings based on the intensity code in the RAVDESS file-
name (position 4: ”01” = low, 702" = high). All other aspects
of the pipeline - feature extraction, segmentation, and evalua-
tion metrics - remained identical to the main experiments.

Temporal Representation Confirmation (Phase 3, Test 5)

To confirm the temporal segmentation findings from Phase
1, Test 1, the best-performing classical model (Random For-
est) and the best-performing neural model (MLP 3-Layer)
were each evaluated under LOOCV across all three segmen-
tation conditions: sentence-level, 2-second non-overlapping
windows, and 1-second non-overlapping windows. This ex-
periment used the full 8-class dataset and all 41 features, with
all other pipeline settings identical to Phase 2. The goal was
to verify that the optimal window size identified in Phase 1 -
where only Logistic Regression was tested - generalizes to the
strongest models identified in the full comparison.
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Machine Learning Models (Phase 2) LOOCV fold, 15% of the training data was held out as a
validation set for early stopping. Training loss, validation
loss, training accuracy, and validation accuracy were recorded
Four classical models were evaluated: Logistic Regresper epoch and averaged across folds for reporting.

sion (L2 regularization, solver=Ibfgs, C=1.0, ma&r=1000),

Random Forest (200 estimators, niampledeaf=2, ran- Evaluation Metrics

dom.state=42), Support Vector Classi er (SVC; linear ker-

Classical Models (2a)

nel, probability estimation enabled) and Gradient Boost- The primary evaluation metric.s were: mean LOOCV accuracy
ing (100 estimators, learningite=0.1, maxdepth=4). These (proportion of cqrrectly classi ed samples), macro-ave_raged
models serve as interpretable baselines for feature-based em%%-scqre (unweighted mean (_)f_per-class F1, appropriate for
tion classi cation. All were implemented in scikit-lea® mildly imbalanced data), precision, and recall. Standard de-
' ' viations across folds are reported alongside means to convey
Neural Network Models (2b) variability. Confusion matrices were generated to identify per-

Four neural architectures were evaluated. (1) MLP 1-Layer:CIaSS misclassi cation patterns. For neural models, training

a single hidden layer of 128 units (ReLU activation), Batcha.nd validation_loss and accuracy curves were examined for
Normalization, Dropout=0.3, softmax outPét (2) MLP 3-  >'9"S of over tting.

Layer: three hidden layers (256, 128, 64 units; ReLU; Batch
Normalization and Dropout=0.3 per layer), softmax output.
(3) 1D CNN: two ConvlD layers (64 and 128 lters, ker-
nel=3, RelLU, MaxPoollD pootize=2), followed by Flat-

ten, a Dense layer of 128 units (ReLU), Dropout=0.3, and
softmax output. (4) CNN-LSTM with Attention: the same a|| experiments were conducted on a subset of the RAVDESS
two ConvlD and MaxPool1D layers, followed by an LSTM 1 corpus consisting of 6 actors (actors 01, 03, 05, 07, 09,
layer (128 units, retunsequences=True), a leamned atten-,n4 11). Each actor contributed 60 recordings - 8 recordings
tion mechanism (Dense(1, tanh) followed by softmax weight-ner emotion for the 7 non-Neutral categories (2 sentences x
ing) that reweights LSTM outputs before GlobalAveragePool- jntensity levels x 2 repetitions, and 4 recordings for Neutral

ing1D and a softmax OPtP%‘S‘- All neural models were com- 1 intensity variation) - yielding 360 total sentence-level sam-

piled with the Adam optimizer (Ir=0.001) and trained with cat- ples across 6 LOOCV folds. Under 2-second non-overlapping

Results

6Pataset Characteristics

; 20121 ) . .

egorical cross-entropy 10534~ windowing, this expanded to 426 samples; under 1-second
windowing, to 1,146 samples. The 8-class distribution was

Training Procedure approximately balanced across actors, with the exception of

Neutral (48 recordings, half the count of other emotions). The
8-class chance baseline throughout all experiments is 12.5%
All models were evaluated using Leave-One-Speaker-Oufl00% /8 = 12.5%).

(LOOCV) cross-validation - the primary evaluation frame-

work for this study. In each of 6 folds, one actor served as the ] ]

exclusive test subject while the remaining 5 actors formed th&hase 1 - Representation Experiments

training set. This simulates a speaker-independent deployme%St 1: Temporal Segmentation
est1:

Leave-One-Speaker-Out Cross-Validation

scenario, where the model encounters a speaker whose voic
was never seen during trainifg Sentence-level folds con- Figures 1-3 present results for Logistic Regression under
tained approximately 300 training samples and 60 test sam-OOCV across the three temporal conditions. Sentence-level
ples per fold. With 2-second windows, folds contained ap-features yielded a mean accuracy of 40.0% (SD = 6.2%,
proximately 353 training and 73 test samples; with 1-secondnacro-F1 = 0.360). Non-overlapping 2-second windows pro-
windows, approximately 950 training and 194 test samplesduced comparable performance at 40.9% accuracy (SD =
All performance metrics were aggregated across all 6 folds. 8.8%, macro-F1 = 0.340). Non-overlapping 1-second win-
dows resulted in a substantial decline to 31.0% accuracy (SD
= 3.1%, macro-F1 = 0.269). Per-fold accuracy ranged from
Hyperparameters for classical models were set to th&1.7% to 48.3% for sentence-level, from 23.3% to 51.9% for
values described above. Neural models used earlp-second windows, and from 27.5% to 37.2% for 1-second
stopping (patience=7, monitoring validation loss, re-windows. The 2-second non-overlapping window condition
storebestweights=True) to prevent overtting, with a was selected as the optimal segmentation for all subsequent
maximum of 50 epochs and a batch size of 32. For eaclexperiments.

Hyperparameter Selection and Early Stopping
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Fig. 1

Fig. 4

features were all energy- or voice-quality-related: Enestgy
(5.15%), Energymax (4.73%), Energynean (4.72%), HNR
(4.46%), and Energyange (4.35%). The rst MFCC fea-
ture appeared at rank 6 (MFCCmean, 4.11%), followed

by MFCC5.mean (4.09%). All ve pitch-based features
(Pitchomean, Pitchstd, Pitchmin, Pitchmax, Pitchrange)
received near-zero importance scores ( 0.000), ranking 37th
through 41st. Figure 6 shows the summed importance by
feature group: MFCC features collectively accounted for the
largest share of total importance, followed by prosodic fea-
tures (dominated by energy and ZCR, as pitch contributed neg-
ligibly), and voice quality features.

Fig. 2

Phase 2 - Model Comparison

Classical Models

Figure 7 presents the LOOCYV results for all four classical
models using 2-second non-overlapping windows and all 41
features. Random Forest achieved the highest mean accuracy
at 41.8% (SD = 6.4%, macro-F1 = 0.336, mean training time
=0.75 s per fold). Logistic Regression achieved 40.3% (SD =
Figure 4 presents classi cation results for Logistic Regressior8.6%, macro-F1 = 0.336, 0.06 s per fold). SVC reached 37.8%
under LOOCYV using four feature subsets, all using 2-secon@SD = 7.2%, macro-F1 = 0.300, 0.09 s per fold). Gradient
non-overlapping windows. The full 41-feature set achievedBoosting achieved the lowest classical accuracy at 37.0% (SD
the highest mean accuracy at 40.3% (SD = 8.6%, macro-Fi 5.4%, macro-F1 = 0.314, 8.69 s per fold). Per-fold accuracy
= 0.336). MFCC features alone (26 features) reached 37.3%or Random Forest ranged from 23.3% (Actor 01) to 54.4%
accuracy (SD = 9.8%, macro-F1 = 0.315). Prosodic featuregActor 05). Confusion matrices for Random Forest and Logis-
alone (12 features: pitch, energy, ZCR) yielded 32.8% (SDtic Regression are shown in Figures 8 and 9, respectively.

= 5.6%, macro-F1 = 0.230). Voice quality features alone (3
features: jitter, shimmer, HNR) produced the lowest perfor-
mance at 23.7% accuracy (SD = 5.8%, macro-F1 = 0.181)Figure 10 presents LOOCYV results for all four neural models.
All feature subsets exceeded the 12.5% chance baseline. TIMLP 3-Layer achieved the highest neural accuracy at 40.5%
full feature set was selected for all subsequent experiments. (SD = 7.2%, macro-F1 = 0.321, mean epochs = 39.8, 54,216
parameters, 10.5 s per fold). MLP 1-Layer reached 40.1% (SD
=11.6%, macro-F1 = 0.325, 6,920 parameters, 8.4 s per fold).
Figure 5 presents the mean feature importances from RartD CNN achieved 40.1% (SD = 9.4%, macro-F1 = 0.320,
dom Forest, averaged across 6 LOOCYV folds. The top vel89,960 parameters, 7.7 s per fold). CNN-LSTM with Atten-

Fig. 3

Test 2: Feature Group Importance

Neural Network Models

Test 3: Individual Feature Importance
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verged fastest (mean 23.2 epochs). CNN-LSTM with Atten-
tion showed a consistent pattern of training loss continuing
to decrease while validation loss plateaued or increased after
approximately 15-20 epochs, indicative of over tting.

Phase 3 - Focused Experiments

Test 4: Emotional Intensity

Figure 17 presents results for the four selected models eval-
uated separately on low-intensity (183 samples) and high-
intensity (218 samples) subsets, using the 7-class dataset
(Neutral excluded). Under high-intensity conditions, Logis-
tic Regression achieved the highest accuracy at 55.1% (SD
= 6.7%, macro-F1 = 0.471), followed by Random Forest at
53.7% (SD = 7.2%, macro-F1 = 0.466), MLP 3-Layer at
49.1% (SD = 8.8%, macro-F1 = 0.420), and CNN-LSTM with
Attention at 45.5% (SD = 10.5%, macro-F1 = 0.379). Under
low-intensity conditions, performance dropped substantially
for all models: Random Forest 42.5% (SD = 13.9%, macro-
F1 = 0.354), Logistic Regression 41.2% (SD = 9.2%, macro-
F1 = 0.347), MLP 3-Layer 35.5% (SD = 6.9%, macro-F1 =
0.271), and CNN-LSTM with Attention 23.3% (SD = 8.4%,
macro-F1 = 0.134). The accuracy gap between high and low-
intensity conditions was approximately 11-13% for classical

Fig. 5 models and 14-22% for neural models. Confusion matrices
for all four models under both intensity conditions are shown
in Figures 18-25.

Test 5: Temporal Representation Con rmation

Figure 26 presents results for Random Forest and MLP 3-
Layer evaluated across all three temporal conditions using the
full 8-class dataset and all 41 features. For Random For-
est, sentence-level features produced the highest accuracy at
43.9% (SD = 8.5%, macro-F1 = 0.385, n = 360), followed by
2-second windows at 41.8% (SD = 6.4%, macro-F1 =0.336, n
= 426), and 1-second windows at 33.8% (SD = 3.5%, macro-
F1=0.294, n =1,146). For MLP 3-Layer, 2-second windows

Fig. 6 produced the highest accuracy at 43.0% (SD = 9.1%, macro-
F1 = 0.347, n = 426), followed by sentence-level at 38.9%
(SD = 9.2%, macro-F1 = 0.331, n = 360), and 1-second win-

tion was the lowest-performing model overall at 34.7% (SDdows at 30.9% (SD = 2.3%, macro-F1 = 0.279, n = 1,146).

= 8.0%, macro-F1 = 0.254, 157,705 parameters, 17.0 s pd#oth models showed a consistent and substantial drop at the 1-

fold). MLP 1-Layer showed the highest fold-to-fold variabil- Second window condition. Confusion matrices for all model-

ity (range: 21.9%-56.9%), while CNN-LSTM with Attention condition combinations are shown in Figures 27-32.

showed less variability but consistently lower accuracy. Con-

fusion matrice_s for the _best neural mo_del_(MLP 3-Layer) andpjscussion

CNN-LSTM with Attention are shown in Figures 11 and 12.

Training and validation curves averaged across all 6Phase 1 - Representation Experiments

LOOCV folds are shown in Figures 13-16. For MLP 1-

Layer and MLP 3-Layer, training and validation accuracy

tracked relatively closely before early stopping, with meanThe feature importance results from Phase 1, Test 3 reveal

runs of 43.5 and 39.8 epochs respectively. The 1D CNN conthat energy-based features were the primary acoustic drivers

Interpretation of Feature Patterns
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Fig. 7

Fig. 8

Fig. 10

Fig. 9

of emotion classi cation in this dataset, with Energid, En-  Fig. 11

ergy.max, and Energynean ranking rst, second, and third

respectively. This is acoustically interpretable: the RAVDESS

emotion categories separate along the arousal (intensity) dgry, Surprised, and Happy are produced with substantially el-
mension more cleanly than along the valence (positive or negevated and dynamically variable vocal intensity, while low-
ative emotion) dimension. High-arousal emotions such as Anarousal emotions such as Calm, Sad, and Neutral are pro-
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Fig. 16

Fig. 12
Fig. 13 Fig. 17
Fig. 14 Fig. 18
Fig. 15

Fig. 19

duced with consistently lower and more stable energy levels.
The dominance of Energgtd in particular re ects the im- creased laryngeal tension and aperiodic noise, yielding lower
portance of within-window energy variability, consistent with HNR values, whereas Calm and Neutral speech is produced
prior work identifying dynamic prosodic features as more dis-with cleaner, more periodic phonation. Shimmer ranked ninth
criminative than static averagés (3.20%), also consistent with its known sensitivity to emo-
HNR ranked fourth inimportance (4.46%), re ecting mean- tional vocal perturbation. Together these voice quality fea-
ingful differences in vocal quality across emotion categoriestures, while insuf cient on their own (23.7% accuracy in iso-
Angry and Fearful speech are typically produced with in-lation), provided complementary discriminative information
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Fig. 20 Fig. 24

Fig. 21 Fig. 25
Fig. 26
Fig. 22
Fig. 27
Fig. 23

all ve pitch-based features (Pitcmean, Pitcbstd, Pitchmin,
that contributed to the 3.0 percentage point accuracy gaiRitchmax, Pitchrange) received exactly zero importance
when combining all 41 features over MFCCs alone. This nd-from the Random Forest classi er, ranking 37th through 41st.
ing is consistent with work on the GeMAPS parameter setPitch is widely cited as a primary acoustic correlate of emo-
which identi es perturbation measures as important secondartional arousal in the SER literatutemaking this result ini-
contributors to affective voice analy8is tially surprising. The most likely explanation is a method-
The most notable and unexpected nding in Phase 1 is thablogical limitation of the pitch extraction pipeline: Librosa's
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