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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

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 generalization1, (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-sensitive2. 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
speech3–5.

From an acoustic standpoint, affective expression is thought
to rely heavily on prosodic modulations - variations in pitch,
energy, rhythm, and voice quality. Features such as funda-
mental frequency (F0), speech rate, jitter, and shimmer have

been recurrently cited as correlates of arousal or emotional
intensity6. 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 speakers7,8. 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 signals9. 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-
resentation10. Using the RAVDESS dataset as a structured
testbed, this study systematically evaluates different feature
groups, temporal segmentations, and a range of model com-
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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)10. 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 × 6 actors), except Neutral, which has 24 recordings (4
per actor × 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 Librosa11. 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 Aligner12, 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 LOOCV 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, F0) 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

2 | © The National High School Journal of Science 2026



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 rate6.

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 way13.

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
HNR14.

Feature Standardization

All 41 features were standardized (zero mean, unit variance)
using statistics computed exclusively from the training data
within each LOOCV 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 LOOCV 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
LOOCV 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 LOOCV 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 LOOCV 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, ”02” = 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)

Classical Models (2a)

Four classical models were evaluated: Logistic Regres-
sion (L2 regularization, solver=lbfgs, C=1.0, max iter=1000),
Random Forest (200 estimators, min samples leaf=2, ran-
dom state=42), Support Vector Classifier (SVC; linear ker-
nel, probability estimation enabled)15, and Gradient Boost-
ing (100 estimators, learning rate=0.1, max depth=4). These
models serve as interpretable baselines for feature-based emo-
tion classification. All were implemented in scikit-learn16,17.

Neural Network Models (2b)

Four neural architectures were evaluated. (1) MLP 1-Layer:
a single hidden layer of 128 units (ReLU activation), Batch
Normalization, Dropout=0.3, softmax output18. (2) MLP 3-
Layer: three hidden layers (256, 128, 64 units; ReLU; Batch
Normalization and Dropout=0.3 per layer), softmax output.
(3) 1D CNN: two Conv1D layers (64 and 128 filters, ker-
nel=3, ReLU, MaxPool1D pool size=2), followed by Flat-
ten, a Dense layer of 128 units (ReLU), Dropout=0.3, and a
softmax output. (4) CNN-LSTM with Attention: the same
two Conv1D and MaxPool1D layers, followed by an LSTM
layer (128 units, return sequences=True), a learned atten-
tion mechanism (Dense(1, tanh) followed by softmax weight-
ing) that reweights LSTM outputs before GlobalAveragePool-
ing1D and a softmax output19. All neural models were com-
piled with the Adam optimizer (lr=0.001) and trained with cat-
egorical cross-entropy loss20,21.

Training Procedure

Leave-One-Speaker-Out Cross-Validation

All models were evaluated using Leave-One-Speaker-Out
(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 the
training set. This simulates a speaker-independent deployment
scenario, where the model encounters a speaker whose voice
was never seen during training22. Sentence-level folds con-
tained approximately 300 training samples and 60 test sam-
ples per fold. With 2-second windows, folds contained ap-
proximately 353 training and 73 test samples; with 1-second
windows, approximately 950 training and 194 test samples.
All performance metrics were aggregated across all 6 folds.

Hyperparameter Selection and Early Stopping

Hyperparameters for classical models were set to the
values described above. Neural models used early
stopping (patience=7, monitoring validation loss, re-
store best weights=True) to prevent overfitting, with a
maximum of 50 epochs and a batch size of 32. For each

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
per epoch and averaged across folds for reporting.

Evaluation Metrics

The primary evaluation metrics were: mean LOOCV accuracy
(proportion of correctly classified samples), macro-averaged
F1-score (unweighted mean of per-class F1, appropriate for
mildly imbalanced data), precision, and recall. Standard de-
viations across folds are reported alongside means to convey
variability. Confusion matrices were generated to identify per-
class misclassification patterns. For neural models, training
and validation loss and accuracy curves were examined for
signs of overfitting.

Results

Dataset Characteristics

All experiments were conducted on a subset of the RAVDESS
male corpus consisting of 6 actors (actors 01, 03, 05, 07, 09,
and 11). Each actor contributed 60 recordings - 8 recordings
per emotion for the 7 non-Neutral categories (2 sentences ×
2 intensity levels × 2 repetitions, and 4 recordings for Neutral
(no intensity variation) - yielding 360 total sentence-level sam-
ples across 6 LOOCV folds. Under 2-second non-overlapping
windowing, this expanded to 426 samples; under 1-second
windowing, to 1,146 samples. The 8-class distribution was
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%
(100% / 8 = 12.5%).

Phase 1 - Representation Experiments

Test 1: Temporal Segmentation

Figures 1-3 present results for Logistic Regression under
LOOCV across the three temporal conditions. Sentence-level
features yielded a mean accuracy of 40.0% (SD = 6.2%,
macro-F1 = 0.360). Non-overlapping 2-second windows pro-
duced comparable performance at 40.9% accuracy (SD =
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
31.7% to 48.3% for sentence-level, from 23.3% to 51.9% for
2-second windows, and from 27.5% to 37.2% for 1-second
windows. The 2-second non-overlapping window condition
was selected as the optimal segmentation for all subsequent
experiments.
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Fig. 1

Fig. 2

Fig. 3

Test 2: Feature Group Importance

Figure 4 presents classification results for Logistic Regression
under LOOCV using four feature subsets, all using 2-second
non-overlapping windows. The full 41-feature set achieved
the highest mean accuracy at 40.3% (SD = 8.6%, macro-F1
= 0.336). MFCC features alone (26 features) reached 37.3%
accuracy (SD = 9.8%, macro-F1 = 0.315). Prosodic features
alone (12 features: pitch, energy, ZCR) yielded 32.8% (SD
= 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).
All feature subsets exceeded the 12.5% chance baseline. The
full feature set was selected for all subsequent experiments.

Test 3: Individual Feature Importance

Figure 5 presents the mean feature importances from Ran-
dom Forest, averaged across 6 LOOCV folds. The top five

Fig. 4

features were all energy- or voice-quality-related: Energy std
(5.15%), Energy max (4.73%), Energy mean (4.72%), HNR
(4.46%), and Energy range (4.35%). The first MFCC fea-
ture appeared at rank 6 (MFCC 1 mean, 4.11%), followed
by MFCC 5 mean (4.09%). All five pitch-based features
(Pitch mean, Pitch std, Pitch min, Pitch max, Pitch range)
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.

Phase 2 - Model Comparison

Classical Models

Figure 7 presents the LOOCV 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 =
8.6%, macro-F1 = 0.336, 0.06 s per fold). SVC reached 37.8%
(SD = 7.2%, macro-F1 = 0.300, 0.09 s per fold). Gradient
Boosting achieved the lowest classical accuracy at 37.0% (SD
= 5.4%, macro-F1 = 0.314, 8.69 s per fold). Per-fold accuracy
for Random Forest ranged from 23.3% (Actor 01) to 54.4%
(Actor 05). Confusion matrices for Random Forest and Logis-
tic Regression are shown in Figures 8 and 9, respectively.

Neural Network Models

Figure 10 presents LOOCV results for all four neural models.
MLP 3-Layer achieved the highest neural accuracy at 40.5%
(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).
1D CNN achieved 40.1% (SD = 9.4%, macro-F1 = 0.320,
189,960 parameters, 7.7 s per fold). CNN-LSTM with Atten-
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Fig. 5

Fig. 6

tion was the lowest-performing model overall at 34.7% (SD
= 8.0%, macro-F1 = 0.254, 157,705 parameters, 17.0 s per
fold). MLP 1-Layer showed the highest fold-to-fold variabil-
ity (range: 21.9%-56.9%), while CNN-LSTM with Attention
showed less variability but consistently lower accuracy. Con-
fusion matrices for the best neural model (MLP 3-Layer) and
CNN-LSTM with Attention are shown in Figures 11 and 12.

Training and validation curves averaged across all 6
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 mean
runs of 43.5 and 39.8 epochs respectively. The 1D CNN con-

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 overfitting.

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
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 Confirmation

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
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-
dows at 30.9% (SD = 2.3%, macro-F1 = 0.279, n = 1,146).
Both models showed a consistent and substantial drop at the 1-
second window condition. Confusion matrices for all model-
condition combinations are shown in Figures 27-32.

Discussion

Phase 1 - Representation Experiments

Interpretation of Feature Patterns

The feature importance results from Phase 1, Test 3 reveal
that energy-based features were the primary acoustic drivers
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Fig. 7

Fig. 8

Fig. 9

of emotion classification in this dataset, with Energy std, En-
ergy max, and Energy mean ranking first, second, and third
respectively. This is acoustically interpretable: the RAVDESS
emotion categories separate along the arousal (intensity) di-
mension more cleanly than along the valence (positive or neg-
ative emotion) dimension. High-arousal emotions such as An-

Fig. 10

Fig. 11

gry, Surprised, and Happy are produced with substantially el-
evated and dynamically variable vocal intensity, while low-
arousal emotions such as Calm, Sad, and Neutral are pro-
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Fig. 12

Fig. 13

Fig. 14

Fig. 15

duced with consistently lower and more stable energy levels.
The dominance of Energy std in particular reflects the im-
portance of within-window energy variability, consistent with
prior work identifying dynamic prosodic features as more dis-
criminative than static averages6.

HNR ranked fourth in importance (4.46%), reflecting mean-
ingful differences in vocal quality across emotion categories.
Angry and Fearful speech are typically produced with in-

Fig. 16

Fig. 17

Fig. 18

Fig. 19

creased laryngeal tension and aperiodic noise, yielding lower
HNR values, whereas Calm and Neutral speech is produced
with cleaner, more periodic phonation. Shimmer ranked ninth
(3.20%), also consistent with its known sensitivity to emo-
tional vocal perturbation. Together these voice quality fea-
tures, while insufficient on their own (23.7% accuracy in iso-
lation), provided complementary discriminative information
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Fig. 20

Fig. 21

Fig. 22

Fig. 23

that contributed to the 3.0 percentage point accuracy gain
when combining all 41 features over MFCCs alone. This find-
ing is consistent with work on the GeMAPS parameter set,
which identifies perturbation measures as important secondary
contributors to affective voice analysis6.

The most notable and unexpected finding in Phase 1 is that

Fig. 24

Fig. 25

Fig. 26

Fig. 27

all five pitch-based features (Pitch mean, Pitch std, Pitch min,
Pitch max, Pitch range) received exactly zero importance
from the Random Forest classifier, ranking 37th through 41st.
Pitch is widely cited as a primary acoustic correlate of emo-
tional arousal in the SER literature6, making this result ini-
tially surprising. The most likely explanation is a method-
ological limitation of the pitch extraction pipeline: Librosa’s
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Fig. 28

Fig. 29

Fig. 30

Fig. 31

piptrack function extracts pitch candidates from spectrogram
magnitude peaks across all frequency bins, and while only
frames above the median magnitude and with a non-zero pitch
value were retained, this filtering may not sufficiently isolate
reliably voiced frames in all cases. In practice, many seg-
ments produced by piptrack may contain noisy or physiolog-

Fig. 32

ically implausible pitch values, which when reduced to sum-
mary statistics (mean, std, range) yield features with low dis-
criminative consistency across speakers and emotions. This
interpretation is supported by the unusually flat distribution of
pitch values across emotion categories in preliminary analy-
sis. More robust pitch extraction approaches - such as RAPT
or CREPE - would likely recover pitch as a meaningful fea-
ture, and represent an important direction for future work.

MFCCs were the strongest individual feature group at
37.3% accuracy (macro-F1 = 0.315), accounting for the ma-
jority of classification performance when used alone. The
lower-order MFCCs (MFCC 1 mean, MFCC 5 mean) dom-
inated the importance ranking among spectral features, re-
flecting their sensitivity to broad spectral shape differences -
particularly the overall energy distribution and low-frequency
resonance - that vary meaningfully across emotion categories.
The prosody group achieved 32.8% accuracy when used alone,
but this figure is reduced by the non-contribution of pitch; en-
ergy and ZCR features within the prosody group were doing
the bulk of the work. The practical implication is that a com-
pact 14-feature set (MFCCs + energy stats + ZCR, exclud-
ing pitch) would likely match the performance of the full 41-
feature set at lower computational cost, though this was not
formally tested in this study.

Impact of Temporal Resolution

The temporal segmentation experiment showed that sentence-
level and 2-second non-overlapping windows produced equiv-
alent performance with Logistic Regression (40.0% vs
40.9%), while 1-second windows caused a consistent decline
to 31.0% - a drop of approximately nine percentage points.
This threshold effect was confirmed in Phase 3, Test 5 using
both Random Forest and MLP 3-Layer, where the 1-second
condition produced the lowest accuracy in all cases. The con-
sistency of this finding across three different models and two
separate experimental phases provides strong converging evi-
dence that 1 second represents an insufficient temporal context
for the acoustic features used here.

At 1-second granularity, MFCC statistics are computed over
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very few short-time frames, reducing their statistical reliabil-
ity. Energy summary statistics are particularly affected: a 1-
second window may capture only a fraction of the prosodic
arc of a word, and min/max/range statistics become increas-
ingly sensitive to transient artifacts. ZCR statistics suffer sim-
ilarly. The 2-second window appears to capture enough of
the phonological and prosodic structure of a RAVDESS sen-
tence - which ranges from 4 to 6 seconds total - to yield sta-
ble feature estimates. This is consistent with prior findings
that emotional cues in speech are often encoded in short-term
acoustic variations spanning several hundred milliseconds to a
few seconds23, and that reducing window size below a critical
threshold can substantially degrade feature quality9.

Notably, for MLP 3-Layer in Phase 3 Test 5, the 2-
second window condition slightly outperformed sentence-
level (43.0% vs 38.9%), suggesting that neural models may
benefit from the larger effective sample size that windowing
provides - more training instances per fold - even when indi-
vidual windows carry less contextual information. Random
Forest showed the reverse pattern (43.9% sentence-level vs
41.8% for 2-second windows), suggesting that for classical
models, richer per-sample features outweigh sample count ad-
vantages. This model-specific interaction between sample size
and feature granularity is worth investigating further in future
work.

Phase 2 - Model Comparison

Classical Model Performance

Random Forest achieved the highest classical LOOCV accu-
racy at 41.8% (macro-F1 = 0.336), marginally outperform-
ing Logistic Regression at 40.3% (macro-F1 = 0.336). Both
models substantially exceeded the 12.5% chance baseline -
Random Forest by a factor of 3.3x - confirming that the 41
acoustic features carry meaningful emotion-discriminative in-
formation. SVC (37.8%) and Gradient Boosting (37.0%) per-
formed modestly below the top two. All four models achieved
macro-F1 scores of 0.30–0.34, indicating that performance,
while above chance, was uneven across emotion classes rather
than uniformly good.

The strong performance of Logistic Regression relative to
its simplicity warrants discussion. As a parametric model (a
model with a fixed number of learned coefficients) with a lin-
ear decision boundary, Logistic Regression makes stronger as-
sumptions about the feature space than tree-based or kernel
methods, but these assumptions become advantageous in low-
data regimes: with approximately 300 training samples per
fold and 41 features, there are insufficient data to reliably esti-
mate the many non-linear interactions that Random Forest or
Gradient Boosting can theoretically exploit. Logistic Regres-
sion’s L2 regularization further stabilizes its estimates by pe-
nalizing large coefficients. The practical implication is that the

model’s constraint is a feature rather than a limitation in this
context24. SVC with a linear kernel performed below Logistic
Regression (37.8%), likely due to its hinge-loss objective be-
ing less well-calibrated for the multi-class probability estima-
tion task, while Gradient Boosting’s sequential tree-building
process appears more susceptible to noise in small training
sets despite its strong theoretical properties.

Confusion Matrix Analysis

Examining confusion matrices for the best classical models
reveals consistent patterns of misclassification that align with
the acoustic structure of the emotion space. Angry was the
most accurately classified emotion across most models, con-
sistent with its distinctive combination of high RMS energy,
high energy variability, and elevated aperiodic voice quality
(high jitter and shimmer, low HNR) - features that are acousti-
cally distant from all other categories. Calm was also consis-
tently

The most frequent misclassification pairs were Sad and
Calm, and Fearful and Surprised. Sad and Calm share low-
arousal acoustic profiles - both are low-energy, low-intensity
categories with relatively clean phonation - making them dif-
ficult to separate based on the features used here. Their pri-
mary distinction in naturalistic speech often involves subtle
prosodic patterns (e.g., falling pitch contours in Sad) that were
not reliably captured due to the pitch extraction limitation.
Fearful and Surprised share high-arousal characteristics - el-
evated energy, wider pitch range, and increased voice pertur-
bation - placing them in a similar region of feature space de-
spite differing valences. Neutral was frequently misclassified
as Calm, which is acoustically reasonable: both categories are
produced with minimal affective emphasis and represent the
low end of the arousal dimension in RAVDESS. These con-
fusion patterns are consistent with the arousal-valence model
of emotion, in which acoustically similar emotions occupy-
ing proximate regions of the affect space are harder to distin-
guish3.

Model Complexity vs. Dataset Size

The central finding of Phase 2 is that increasing model com-
plexity from classical to neural architectures provided no im-
provement in LOOCV accuracy. All three MLP and CNN
configurations converged to approximately 40% accuracy - es-
sentially matching the best classical models - while the CNN-
LSTM with Attention underperformed at 34.7%. This pat-
tern held despite substantial differences in parameter count:
from 6,920 (MLP 1-Layer) to 189,960 (1D CNN), neither ad-
ditional capacity nor more sophisticated sequential modeling
translated into better generalization.

Training curves confirmed that overfitting was the primary
reason for the CNN-LSTM’s underperformance. Training ac-
curacy consistently reached higher levels than test accuracy
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across folds, and the divergence between training and valida-
tion loss was most pronounced for the CNN-LSTM, which
also required the longest training time per fold (17.0 s vs 8.4
s for MLP 1-Layer) despite not benefiting from additional
epochs. The attention mechanism, intended to focus the model
on emotionally salient time steps within the pseudo-temporal
feature sequence, did not provide the expected benefit - likely
because the 41-feature vector processed by the CNN-LSTM
does not represent a genuine temporal sequence, making the
attention weights difficult to meaningfully learn from limited
data25.

These results are consistent with a well-established prin-
ciple in machine learning: deep architectures require large
amounts of training data to learn generalizable represen-
tations, and with approximately 300 training samples per
LOOCV fold, the representational capacity of CNNs and
LSTMs confers no advantage over simpler parametric mod-
els26. The MLP models, despite being neural networks,
achieved competitive performance precisely because their ar-
chitectures were constrained enough (6,920–54,216 parame-
ters) to be trainable on small folds without severe overfitting.
The finding that MLP 1-Layer matched MLP 3-Layer (40.1%
vs 40.5%) further suggests that depth itself was not the limit-
ing factor - the bottleneck was data volume.

It is important to contextualize the 40% peak accuracy ap-
propriately. While substantially above the 12.5% chance base-
line (a factor of 3.3x), it falls short of the 50–70% accu-
racy range reported in speaker-independent SER studies us-
ing larger or augmented datasets1. This gap is expected given
the constraints of this study: 6 actors, a small per-fold train-
ing set, and features that do not include pitch (a known arousal
correlate) due to extraction limitations. The 40% figure should
be understood as the approximate upper bound observed with
this specific feature set and dataset size under strict speaker-
independent evaluation, not as a measure of the ceiling for
SER on RAVDESS generally. Under high-intensity conditions
in Phase 3, Logistic Regression reached 55.1%, suggesting
that with more acoustically distinct data the same models are
capable of substantially higher performance.

Phase 3 - Focused Experiments

Influence of Emotional Intensity

The intensity analysis produced the most consistent and in-
terpretable result in the study: all four models performed
substantially better on high-intensity recordings than low-
intensity recordings, with accuracy gaps of 11–14 percentage
points for classical models and 14–22 percentage points for
neural models. Logistic Regression achieved 55.1% on high-
intensity recordings versus 41.2% on low-intensity, while
CNN-LSTM with Attention showed the largest gap (45.5%
vs 23.3%). This pattern is consistent with the acoustic prop-

erties of the RAVDESS intensity manipulation: high-intensity
recordings are produced with more exaggerated affective sig-
nals - larger energy excursions, wider pitch ranges, more pro-
nounced perturbation measures - that push emotion categories
further apart in the feature space.

The CNN-LSTM’s disproportionately large intensity gap
(22.2 percentage points) is particularly revealing. Under low-
intensity conditions, the model’s tendency to overfit to training
speaker characteristics left it with effectively near-chance per-
formance (23.3%), suggesting it found no generalizable sig-
nal in the subtler acoustic markers of low-intensity emotional
speech. Under high-intensity conditions, where affective sig-
nals are more pronounced and consistent across speakers, the
model was able to extract some useful patterns, achieving
45.5%. This interaction between model complexity and signal
strength reinforces the conclusion that complex architectures
are poorly suited to this dataset size unless signal quality is
high.

These findings have an important practical implication: the
overall accuracy figures reported in Phase 2 represent a blend
of high- and low-intensity performance. Systems designed
specifically for high-intensity emotional speech - such as ap-
plications detecting distress, anger, or highly expressive com-
munication - could achieve substantially higher accuracy with
the same models and features. Conversely, detecting low-
intensity or subtle emotional states remains a substantially
harder problem, one that likely requires richer feature repre-
sentations or substantially more training data.

Temporal Representation Confirmation

Phase 3, Test 5 confirmed the temporal segmentation find-
ings from Phase 1 using the strongest classical model (Ran-
dom Forest) and strongest neural model (MLP 3-Layer). Both
models showed substantial degradation at 1-second windows
(Random Forest: 43.9% sentence-level vs 33.8% at 1 second;
MLP 3-Layer: 43.0% at 2-second windows vs 30.9% at 1 sec-
ond), and broadly comparable performance between sentence-
level and 2-second conditions. This convergence across three
different models - Logistic Regression in Phase 1, Random
Forest and MLP 3-Layer in Phase 3 - provides strong evidence
that the 1-second threshold finding generalizes across model
types, and that the selection of 2-second non-overlapping win-
dows as the experimental standard was appropriate.

Broader Interpretation

Novelty and Contribution

By organizing experiments into three phases that progres-
sively lock in optimal configurations before expanding model
comparisons, and by enforcing consistent LOOCV evaluation
across all experiments, this study provides a methodologically
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rigorous assessment of how feature choice, temporal gran-
ularity, and model complexity interact under strict speaker-
independent conditions on a small, controlled dataset. The
finding that pitch features contributed nothing due to extrac-
tion limitations, while energy and HNR dominated, is itself
a practically useful result: it identifies a concrete method-
ological weakness (piptrack unreliability) and points toward
specific improvements, rather than leaving feature importance
ambiguous across a black-box model.

Limitations

Several limitations should be considered when interpreting
these results. First, the experiments were conducted on 6 of
the 12 available RAVDESS male actors, reducing the effec-
tive dataset size and the diversity of the speaker pool. This
limits the generalizability of the findings to other speakers,
even within the RAVDESS corpus, and means fold-level re-
sults carry higher variance than they would with a full 12-actor
evaluation.

Second, RAVDESS is a laboratory-elicited, actor-
performed dataset. Professional actors produce emotions with
exaggerated acoustic markers designed for recognizability,
which may not reflect the subtler and more variable emotional
expressions found in naturalistic speech. Models trained on
RAVDESS may therefore overestimate performance relative
to what would be achieved on spontaneous conversational
data10. Furthermore, all actors are North American En-
glish speakers, meaning results may not generalize to other
languages or cultures where emotional prosody differs1.

Third, the pitch extraction methodology was ineffective: all
five pitch features received zero importance. This is a signif-
icant limitation given that pitch is one of the most theoreti-
cally important acoustic correlates of emotional arousal6. The
failure of Librosa’s piptrack to produce discriminative pitch
features likely suppressed overall model performance and pre-
vented proper evaluation of prosodic features as typically de-
fined in the literature. Future work should replace piptrack
with a more robust pitch estimator.

Fourth, the male-only dataset limits generalizability to fe-
male speakers, who exhibit different baseline pitch ranges and
potentially different emotional acoustic profiles. The use of
a single dataset also means that cross-corpus generalization, a
key challenge in practical SER deployment, was not evaluated.

Future Work

Several directions for future work follow directly from these
findings. The most immediate is replacing Librosa’s piptrack
with a robust pitch extractor such as CREPE or RAPT, which
would allow proper evaluation of pitch features and likely im-
prove overall accuracy. A second priority is expanding the
dataset to the full 12-actor RAVDESS male subset and ideally

including the female actors, which would double the fold size
and reduce per-fold variance. Testing generalization to natu-
ralistic datasets such as IEMOCAP or MSP-IMPROV would
provide a more realistic estimate of deployed system per-
formance. On the modeling side, testing transformer-based
architectures or pre-trained speech representations such as
wav2vec 2.0 fine-tuned for emotion recognition would be a
natural next step for evaluating whether large-scale pretrain-
ing can overcome the small-dataset bottleneck identified here.
Finally, a formal hierarchical model combining word-level
and sentence-level features - motivated by the exploratory
per-word pitch contour analysis - could test whether fine-
grained temporal resolution provides classification benefit be-
yond what was demonstrated in the window-size experiments.
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