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Abstract. Age and gender classification using speech signals is a criti-
cal task in digital forensics, with many important applications including
investigations of child sexual abuse and exploitation (CSAE). While a
large amount of research has explored various machine learning (ML)
and deep learning (DL) techniques for this, challenges remain in accu-
rately identifying children’s speech, especially in the context of detecting
child sexual abuse material (CSAM). This is largely due to the lack of re-
liable/balanced datasets and the variability of children’s speech data. In
this study, we present a framework based on OpenAI’s Whisper-medium
model, integrating a custom multi-layer feedforward classification net-
work to perform binary gender classification, binary age classification,
and multi-class age classification. We call this framework AGenCi (Age
and Gender audio Classification for forensic Investigations of CSAE). To
fill the research gap and facilitate evaluation, three datasets are curated
using well-known and publicly available speech corpora to address bi-
ases related to age, gender, and linguistic diversity. Several traditional
ML models and recent DL models are selected in our benchmarking
experiments. The results indicate that our framework achieves the high-
est accuracy of 95.6%, 94.5%, and 87.6% for the binary gender, binary
age, and multi-age classification, respectively, consistently outperforming
other models.

Keywords: Digital Forensics, Audio, Classification, Children, CSAE, Age, Gen-
der, Investigation

1 Introduction

Child sexual abuse and exploitation (CSAE) represents one of the most notorious
forms of violence against children, with perpetrators increasingly using digital
platforms to commit these offences [26]. The volume of online child sexual abuse
material (CSAM) continues to grow. According to the 2024 CyberTipline report
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[27], the National Center for Missing & Exploited Children (NCMEC) in the U.S.
received 29.2 million reports of suspected child sexual exploitation, including 62.9
million (i.e., 33 million video files, 28 million image files, and 1.9 million files in
other formats) CSAM-related files. Similarly, the UK’s Internet Watch Founda-
tion (IWF) removed 132,700 CSAM-containing web pages, a 26% increase from
the 2024, with 39% involving children under 11 years old [41]. Globally, INTER-
POL’s International Child Sexual Exploitation (ICSE) database reported 60%
of analysed materials involved victims as young as infants, while 84% contained
explicit sexual activity [17].

Within this challenging landscape, recent technological advancements are es-
sential to support CSAE investigations. A report jointly published by the UK
Department for International Trade and the Department for Science, Innovation
& Technology in 2023 [36] provides an overview of the products and services
developed by UK-headquartered online safety technology providers. The report
presents the widespread adoption of Artificial Intelligence (AI) and Machine
Learning (ML) in developing advanced tools that can provide various services,
such as identifying and removing online CSAM, detecting online grooming activ-
ities, and network filtering to combat misinformation. In CSAE investigations,
law enforcement agencies (LEAs) frequently encounter multimedia evidence, in-
cluding images, videos, and audio recordings containing perpetrator and victim
speech data [10]. This creates a need for advanced audio analysis to identify
speakers and especially distinguish between adults and children.

Audio analysis can support CSAE investigation by estimating age and gender
from various sources such as video, livestream, and Voice over Internet Protocol
(VoIP) communications, complementing visual analysis when visual evidence
is unclear or incomplete. It can also assist triage by identifying the presence
of adults together with children from a large volumes of multimedia content,
thereby improving intelligence generation, evidence collection, and investigative
efficiency. Speech signal-based age and gender estimation and classification us-
ing both traditional ML – i.e., Decision Trees (DT), Support Vector Machines
(SVM), k-Nearest Neighbors (kNN), and Random Forests (RF) – and Deep
Learning (DL) techniques have been extensively studied. Although various ML
based approaches exhibit strong performance across different age and gender
recognition tasks [24,37], limitations in capturing complex patterns have led to
a shift towards using more sophisticated DL based approaches. By leveraging
features such as Mel-Spectrograms (MEL) and Mel-Frequency Cepstral Coeffi-
cients (MFCCs) [40], DL architectures, particularly Convolutional Neural Net-
works (CNNs) and hybrid models have consistently outperformed traditional
ML-based methods in age and gender estimation and classification tasks [1].

Nevertheless, limited work has specifically focused on exploring children’s
speech data [34,32], largely due to the scarcity of publicly available datasets
and the variability in children’s voice samples caused by linguistic development
and puberty [32]. Although transformer-based architectures have demonstrated
strong capabilities in pattern recognition across text, image, and video processing
tasks [15]., their application to speech-signal processing, especially for age and
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gender estimation and classification, remains under-explored. To address these
challenges, we propose AGenCi (Age and Gender audio Classification for foren-
sic Investigations of CSAE), a framework built on OpenAI’s Whisper-medium
model [31]1 and enhanced with a five-layer feedforward classification network.
The framework supports three tasks: (1) binary gender classification (male or
female); (2) binary age classification (under 20 years old, or 20 years and older);
and (3) multi-class age classification (under 20, 20–39, 40–59, or over 60).

Furthermore, to address biases related to age, gender and linguistic variation
in training datasets, we curate dedicated datasets for these classification tasks,
using a combination of the Common Voice Corpus [3], the CSLU Kids’ Corpus
[38], and MyST Children’s Speech Corpus [30]. To comprehensively evaluate the
effectiveness and accuracy of our framework, benchmarking experiments were
conducted to compare it with a number of selected traditional ML and DL mod-
els. Results have shown that AGenCi achieves higher accuracies of 95.6%, 94.5%,
and 87.6% for the task of binary gender, binary age, and multi-age classifica-
tion, respectively, demonstrating its consistent superior performance over other
benchmarking models2.

The remainder of the paper is organised as follows. Section 2 introduces re-
lated work and the context of our work. Section 3 presents details of the main
components of the proposed AGenCi framework. Section 4 describes the exper-
imental details, including the datasets curation, model training and evaluation,
while Section 5 compiles the results of our experiments, and comparing them
against a number of selected benchmarking architectures. Section 6 discusses
the implications of our work, along with the challenges, limitations, and future
work. Finally, Section 7 concludes the paper.

2 Related Work

It is worth noting that age estimation typically refers to the task of explicitly pre-
dicting the exact age of a speaker, whereas age classification is about categorising
the speaker’s age into predefined age ranges. In addition, gender classification
generally denotes classifying the speaker’s gender as female or male.

Various ML techniques have been applied to age and gender estimation and
classification tasks. Muoli et al. [24] systematically evaluated an array of regres-
sion models for age estimation and classification models for gender classification.
This comparative study of various classic ML techniques concluded that Deci-
sion Tree Regressor (DTR) and Stochastic Gradient Descent Regressor (SGDR)
based approaches work best for age estimation, while CatBoost, XGBoost, and
Stochastic Gradient Descent (SGD) classifiers achieved the highest accuracy for
the task of gender classification. Similarly, Shabbir et al. [37] compared SVM,
kNN, RF, Linear Regression (LR), Gradient Boosting (GB), and Gaussian Naive

1 https://huggingface.co/openai/whisper-medium
2 All of the trained models used in this paper – along with the training and evaluation

scripts – are available from https://github.com/hyyuan/aluna-agenci.

https://huggingface.co/openai/whisper-medium
https://github.com/hyyuan/aluna-agenci
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Bayes (GNB) for age and gender classification. The results show that SVM con-
sistently achieved strong performance in both age and gender recognition tasks.

Various DL architectures have also been explored in this area of research.
Based on CNN architecture, Tursunov et al. [40] proposed a system with a
specially designed multi-attention module (MAM) to classify age and gender
using spectrograms derived from speech signals. The integration of MAM with
CNN effectively captured the spatial and temporal salient features from the
input data, achieving accuracy scores of 96%, 73%, and 76% for gender, age,
and age-gender classification, respectively. Differently, Sanchez et al. [35] pro-
posed a framework based on a custom two-stage classification CRNN with a
meta-classifier for the joint classification of speakers’ gender and age groups. It
consistently outperformed other architectures (i.e., CNN, Convolutional Recur-
rent Neural Network (CRNN), Convolutional Temporal Convolutional Networks
(CTCN), and Temporal Convolutional Networks (TCN)) across all tasks. How-
ever, Sanchez et al. [35] also pointed out that the unbalanced age group dataset
would influence the classification results, calling for the development of curated
datasets dedicated to age and gender classification tasks.

Slightly different from the above approaches, Kwasny et al. [20] developed an
x-vector-based Deep Neural Network (DNN) system for joint age estimation and
gender classification. They proposed the incorporation of a deeper QuartzNet
architecture [19] with a two-stage transfer learning scheme (i.e., pre-trained on
the VoxCeleb dataset [25], followed by further training using the Common Voice
dataset [3] for age and gender classification). The evaluation reported its state-
of-the-art performance in age and gender estimation with Mean Absolute Error
(MAE) of 5.12 and 5.29 years, and a Root Mean Square Error (RMSE) of 7.24
and 8.12 years for male and female speakers, respectively. The proposed approach
also achieved a high gender classification accuracy of 99.6%.

Furthermore, Transformer-based architectures have shown promising results
in speech classification tasks. In particular, Radford et al. [31] presented a new
speech recognition system ‘Whisper’, which can achieve remarkable accuracy
and robustness in zero-shot transfer settings, often outperforming fully super-
vised models across various benchmarks. Recent work [14] investigated a mixed
fine-tuning approach using a pre-trained end-to-end Whisper model to improve
automatic speech recognition (ASR) for children’s speech by addressing the is-
sues of age mismatch and speaking style mismatch. To the best of the authors’
knowledge at the time of conducting the experiment, the most relevant work
is the study conducted by Burkhardt et al. [8], where a pre-trained wav2vec
2.0 model [5] and custom classification layers were used to predict age and
gender. In their study, the authors curated sample sets of publicly available
datasets, including VoxCeleb2 [25], Common Voice [3], Timit [12], and aGender
[7]. Experimental results across diverse datasets demonstrated the effectiveness
of transformer-based models for age and gender estimation. However, the ten-
dency to underestimate age highlights the need for improved transformer archi-
tectures and higher-quality children’s speech datasets. The importance of dataset
quality was also demonstrated by Safavi et al. [34], who evaluated multiple ap-
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Fig. 1: The proposed AGenCi framework

proaches such as GMM-UBM (Universal Background Model), GMM-SVM, and
i-vector-based approaches. Their findings showed that the classification accuracy
was strongly influenced by the child’s age and speech frequency, while puberty-
related voice changes, particularly in boys, posed unique challenges for children’s
gender recognition.

More recently, Radha et al. [32] introduced the Non-Native Children’s En-
glish Speech (NNCES) corpus and proposed sincNet, a CNN-based architecture,
for children’s age-group classification. Consistent with earlier findings [34], the
authors identified several related challenges, including the lack of publicly avail-
able datasets, variability in children’s speech patterns due to developing linguistic
abilities and accents, and age-related vocal changes associated with growth and
puberty, particularly among boys.

3 The proposed framework: AGenCi

As shown in Figure 1, the proposed AGenCi framework is mainly based on
the OpenAI’s Whisper-medium model [31], originally designed for Automatic
Speech Recognition (ASR), and containing 769 million trainable parameters.
This is a pre-trained transformer-based ASR model where audio samples are
first converted to log mel-spectrograms to extract temporal and granular fea-
tures of speech, then converted into embeddings that represent the context of
each sample, and finally decoded to predict learned tokens. Within these clas-
sification models, the final layer of the pre-trained model was replaced with a
custom classification head for the following three classification tasks: 1) binary
gender classification to determine if the speaker is male or female; 2) binary age
classification to classify the speaker as either below 20 years old, or 20 years and
older; and 3) multi-class age classification to assign speaker to one of four age
groups: <20, 20-39, 40-59, or >60.

We would like to address that previous research shows that vocal development
during adolescence varies significantly, with many individuals reaching vocal
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maturity after the age of 18. Relying on a strict 18-year threshold in voice-based
age classification may result in misclassification [39,4], thereby to account for
late or atypical vocal maturation, we use 20 years as the age threshold in this
study to distinguish teenagers from adults.

3.1 Pre-processing

To ensure consistency and improve the quality of input data for classifica-
tion tasks, a pre-processing pipeline is designed to transform raw speech input
into feature representations (i.e., Log mel-spectrogram) for training and test-
ing. The pipeline consists of the following steps: 1) resampling recordings
to a standardised sample rate of 16kHz, selected as the lowest common sam-
ple rate across all self-curated datasets (Section 4.1); 2) downmixing multi-
channel audio to mono to ensure consistency; 3) Removing silence using
librosa.effects.trim [23] to eliminate low-energy segments below 20dB; 4)
Normalising scale audio amplitudes between 0 and 1, ensuring uniform
loudness levels across recordings; 5) adding/trimming signals to a fixed dura-
tion of 3 seconds to facilitate batch processing and model compatibility [23]; and
6) extracting feature using WhisperFeatureExtractor from Hugging Face
Transformers [16], following standard preprocessing practices for the OpenAI
Whisper model [43,31,16].

3.2 Encoder

Based on Whisper’s architecture, feature extraction begins with two consecutive
1D convolutional (Conv1D) layers, each followed by a GELU (Gaussian Error
Linear Unit) activation function. These layers extract relevant features from the
log mel spectrogram input, introducing non-linearity and improving gradient
flow during training, thereby enabling the model to learn complex patterns from
the audio data.

As illustrated in Figure 1, the log mel spectrogram input is first processed
through two Conv1D layers with GELU activation functions to generate higher-
dimensional convolutional representations. These representations are subsequently
passed through 24 transformer encoder blocks that progressively learn rich and
contextual audio embeddings through self-attention, positional embeddings, and
non-linear transformations, enabling the model to capture long-range dependen-
cies and temporal speech patterns.

Each encoder block consists of layer normalisation (LN), a scaled dot-product
self-attention mechanism, residual connections, and a feedforward multi-layer
perceptron (MLP) block. The MLP component includes two fully connected
(FC) layers with a GELU activation function, where the feature dimension is
first expanded from 1024 to 4096 and then projected back to 1024 to enable
richer feature transformations while maintaining computational efficiency. This
recursive process across all 24 encoder blocks produces the final encoder repre-
sentation Henc.



AGenCi: Age and Gender Audio Classification for Forensic Investigations 7

3.3 Decoder

The decoder consists of 24 sequential transformer blocks that refine encoded
representations by attending to both previously decoded outputs and the en-
coder representation Henc through self-attention and cross-attention mecha-
nisms. Through residual connections, layer normalisation (LN), and non-linear
transformations, the decoder progressively models contextual dependencies and
integrates relevant information from the encoded speech representations.

The decoder is initialised using the embedding of a special start-of-sequence
(SOS) token, after which the hidden representations are updated auto-regressively
at each decoding step. Similar to the encoder architecture, each decoder block
contains a feedforward MLP component consisting of two FC layers with a GELU
activation function between them to enable richer feature transformations. This
recursive refinement process across all 24 decoder blocks produces the final de-
coder representation H24

dec, which serves as the input to the downstream classi-
fication network.

3.4 Classifier

As depicted in Figure 1, the classifier is a multi-layer feedforward network that
processes the decoder representation H24

dec through four fully connected (FC)
layers with rectified linear unit (ReLU) activation functions. The network pro-
gressively transforms the input representation through latent dimensions of 4096,
2048, 1024, and 512, enabling hierarchical feature compression while preserving
discriminative age- and gender-related speech characteristics.

The final FC layer maps the 512-dimensional representation to an output
vector of size C, where the value of C depends on the classification task: C = 1
for binary classification tasks (i.e., binary age and binary gender classification),
whereas C = 4 for the multi-class age classification task. The resulting out-
put O is subsequently passed through a sigmoid activation function for binary
classification or a softmax activation function for multi-class classification.

4 Experiments

4.1 Datasets

As identified in Section 2, curated datasets are needed to improve classification
accuracy and mitigate biases related to age, gender, and linguistic variation.
To this end, three datasets are carefully curated in this study to ensure high-
quality and well-balanced data distributions, which are essential for robust model
training and evaluation. In addition, documenting the dataset curation process
supports reproducibility and provides guidance for researchers and practitioners
seeking to adopt similar approaches.

Selecting relevant datasets. Table 1 shows a list of (non-exhaustive)
datasets that have been used in the research discussed in Section 2. After exclud-
ing non open-access datasets, those lacking children’s speech data, and those that
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Table 1: Summary of speech datasets for age and gender classification
Dataset Age Range Information Data

Labels
Language Open

access

VoxCeleb [25] Adults (over 1,000 interviews of celebrities from YouTube) G English ✓

Common Voice [3] 6% of samples <18 years old G & A English ✓

Korean Speech Recognition [40,2] Elderly men and women G & A Korean ✗*

ELSDSR dataset [11] Age 24-63 G & A English ✗#

Child Speech, Kid Speaking [13] Children (but no specific age information) No G/A Multi-language ✓

831 Hours British English Speech
Data by Mobile Phone [28]

51% speakers are 13-25 years old Unknown English ✗

DARPA-TIMIT [33] N/A G & Aθ English ✓

The CMU Kids [9] Age 6-11 Unknown English ✗

CSLU OGI Kids [38] Children from Kindergarten to Grade 10 None English ✓

FARSDAT [6] Age 10-80 G & A Farsi ✗

aGender [7] Age 7-80 (low amount of samples for age group 7-14) Gα & A German ✗

My Science Tutor (MyST) [30] Children from 3rd, 4th, 5th Grade Aβ English ✓

Non-Native Children English
Speech (NNCES) Corpus [32]

Age 8-12 (all are non-native English speakers) G & A Englishω ✓

G = Gender, A = Age, θThis information is included in the dataset metadata, αChild gender
is not labelled, βIn the format of ‘(School) Grade label’, *Only Koreans can apply for data,
#Data can be acquired upon request, but the link is broken, ωEnglish as a second language of
all speakers.

are not in English, the following datasets were selected for further curation: 1)
The Common Voice Corpus [3] contains large quantities (i.e., 2,586 hours of
validated audio from 90,474 English speakers) of age (e.g., Teens, Twenties, Thir-
ties,...) and gender-labelled (i.e., Male, Female or Other) data and is commonly
used for age and gender classification tasks. 2) The CSLU Kids’ Corpus [38]
is a dataset containing samples of speech from 1,100 children from the U.S. be-
tween the school years Kindergarten to Grade 10 (approximately ages 4-16). 3)
MyST Children’s Speech Corpus [30] contains collections of 400 hours of
children’s conversational speech, including 230K utterances from approximately
1.3K third/fourth/fifth-grade students across 10.5K virtual tutor sessions.

Curating datasets. For consistency and clarity, the Common Voice Corpus,
the CSLU Kid’s Corpus, and MyST Children’ Speech Corpus are referred to as
Dataset 1 (D1), Dataset 2 (D2), and Dataset 3 (D3), respectively, for the remain-
der of this paper. In D1, only samples that were between 2 and 8 seconds were
extracted using the duration label, and any samples which did not include an
age or gender label were removed. Participants with a gender labelled as Other
were also omitted due to their low frequency, ensuring a balanced representa-
tion of the remaining gender classes. To facilitate multi-class classification, age
categories were aggregated into broader groups. We use age group label 0, 1, 2,
and 3 to represent Teens (<20), Twenties and Thirties, Forties and Fifties, and
Sixties and Above, respectively. This accounts for the non-linear nature of vocal
development, recognising that speech patterns do not change uniformly within
each decade of life. These larger groupings, therefore, create a generalised view
of vocal patterns and features. Similarly, gender labels were mapped to binary
values (female = 0 and male = 1).
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However, a key limitation of D1 is the absence of speech samples from partici-
pants younger than the Teens category, highlighting the need for additional data
to adequately represent the age group 0 class. To address this gap, D2 is selected
as it provides speech samples from children aged 4 to 16. One main limitation
of D2 is the absence of gender labels. Prior studies have highlighted that young
children exhibit minimal differences in vocal features between genders, making
gender classification more challenging. To the best of our knowledge, no publicly
available English-language child speech datasets include gender annotations.

Considering the good coverage of speech samples covering school-aged chil-
dren from D2, it is useful and necessary to manually label samples from this
dataset. D2 is structured into folders corresponding to school year groups (i.e.,
K, 1, 2, 3, ..., 10), with individual subfolders for each participant. As only a
subset of the dataset was needed to represent the age group 0 class, a systematic
protocol was employed to ensure reliable manual annotations: (a) approximately
3–5 audio samples per participant were randomly selected and subsequently
evaluated and assigned a gender label (i.e., could be female or male) by the first
author; (b) only participants whose assigned gender label remained consistent
across all selected 3-5 audio samples were considered for labelling; and (c) only
samples with annotated labels and “Good” quality scores were kept (please refer
to [38] for more information about the quality score).

The final labels followed the same binary mapping as D1 (i.e., female = 0,
male = 1), ensuring consistency across datasets. Overall, a total of 550 partic-
ipants were annotated, with 25 male and 25 female participants selected from
each of the 11 age groups. We also noticed that D2 contains some low-quality or
noisy recordings, which may negatively impact model performance, emphasising
the need for high-quality data to better represent age group 0.

To mitigate such potential risk, D3 is incorporated as it is a more recent
dataset with cleaner, higher-quality speech samples. The inclusion of D3 en-
hances the balance of the curated datasets by supplementing age group 0 with
additional reliable data. In a nutshell, both D2 and D3 contributed to improv-
ing the representation of younger children, ensuring a more comprehensive and
balanced dataset for the downstream classification tasks.

Overall, we mixed D1, D2, and D3 to curate three distinct datasets for sep-
arate classification tasks, namely the multi-class age dataset, the binary age
dataset, and the binary gender dataset, where each curated dataset has equal
representation of samples for both age and gender. The demographic distribu-
tions of these three curated datasets are presented in Table 2, Table 3(a), and
Table 3(b), with training, validation, and testing splits kept as close to 70:15:15
as possible. It is worth noting that the split is speaker-independent, meaning
that samples from the same speaker do not appear in multiple splits. Addition-
ally, within all datasets, the age group 0 class maintains an approximately 3:1
ratio of child data (sourced from D2 and D3) to Teens’ data (sourced from D1),
ensuring a greater proportion of child speech samples to enhance inter-class dif-
ferentiation. Due to the licensing restrictions, D1, D2, and D3 cannot be publicly
released, although they are available upon request.



10 C. McHugh et al.

Table 2: Multi-class age dataset composition
Training

Dataset (D) 0 (<20) 1 (20-39) 2 (40-59) 3 (≥60) Total
D3 7,500 – – – 7,500
D1 Male 1,250 5,000 5,000 5,000 16,250
D1 Female 1,250 5,000 5,000 5,000 16,250
Total 10,000 10,000 10,000 10,000 40,000

Validation
Dataset (D) 0 (<20) 1 (20-39) 2 (40-59) 3 (≥60) Total
D3 1,875 – – – 1,875
D1 Male 312 1,250 1,250 1,250 4,062
D1 Female 313 1,250 1,250 1,250 4,063
Total 2,500 2,500 2,500 2,500 10,000

Testing
Dataset (D) 0 (<20) 1 (20-39) 2 (40-59) 3 (≥60) Total
D3 1,875 – – – 1,875
D1 Male 313 1,250 1,250 1,250 4,063
D1 Female 312 1,250 1,250 1,250 4,062
Total 2,500 2,500 2,500 2,500 10,000

Table 3: Dataset composition for binary classification tasks

Training
Dataset (D) 0 (<20) 1 (≥20) Total
D3 15,000 – 15,000
D1 Male 2,500 9,999 12,499
D1 Female 2,500 9,999 12,499
Total 20,000 19,998 39,998

Validation
Dataset (D) 0 (<20) 1 (≥20) Total
D3 3,750 – 3,750
D1 Male 625 2,499 3,124
D1 Female 625 2,499 3,124
Total 5,000 4,998 9,998

Testing
Dataset (D) 0 (<20) 1 (≥20) Total
D3 3,750 0 3,750
D1 Male 625 2,502 3,127
D1 Female 625 2,502 3,127
Total 5,000 5,004 10,004

(a) Age

Training
Dataset (D) 0 (Female) 1 (Male) Total
D2 Male – 3,286 3,286
D2 Female 3,280 – 3,280
D1 Male – 13,990 13,990
D1 Female 13,991 – 13,991
Total 17,271 17,276 34,547

Validation
Dataset (D) 0 (Female) 1 (Male) Total
D2 Male – 681 681
D2 Female 705 – 705
D1 Male – 2,999 2,999
D1 Female 3,001 – 3,001
Total 3,706 3,680 7,386

Testing
Dataset (D) 0 (Female) 1 (Male) Total
D2 Male – 695 695
D2 Female 712 – 712
D1 Male – 2,998 2,998
D1 Female 2,998 – 2,998
Total 3,710 3,693 7,403

(b) Gender

4.2 Training and evaluation

For each classification task, a dedicated model is fine-tuned on a specifically cu-
rated dataset comprising labelled audio samples. The details of separate training
and evaluation datasets used for each classification task are provided in Table 2
and Table 3. These datasets are designed to include diverse representations of
gender, age, and English accents, aiming to mitigate biases and enhance the
generalisation capability of the models.

The fine-tuning process follows standard ML procedures implemented us-
ing the PyTorch library [29]. Each dataset is pre-processed and loaded into
DataLoaders for efficient batch processing on a GPU, with batch sizes of 20
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for training and 32 for validation and testing. The Whisper model is fine-tuned
for 30 epochs using both Adam [18] and AdamW optimisers [22], with learning
rates (LR) set to 1E-5 and 2E-5, respectively. All other optimiser parameters are
retained at their default values. This configuration enables the model to update
its weights iteratively, refining its ability to capture speech features relevant to
each classification task. The loss functions and evaluation metrics were tailored
to each classification task, where BCEWithLogitsLoss() was used for the bi-
nary classification task, including a Sigmoid() activation function mapping the
output of the logit function to probability scores, indicating the likelihood of pre-
dicting the positive class (1). For multi-class classification, CrossEntropyLoss()
function was used, including a Softmax() activation layer, transforming the logit
output into a probability distribution across multiple classes.

Models were trained on a secure high-performance computing (HPC) server
equipped with multiple GPU partitions featuring different hardware configu-
rations. The Ampere partition consisted of four NVIDIA A100 80GB GPUs,
dual Intel Gold 5317 CPUs, and 348GB RAM. The Volta partition utilised one
NVIDIA TITAN V GPU with dual Intel Xeon E5-2620 CPUs and 144GB RAM,
while the Pascal partition provided two NVIDIA Tesla P100 GPUs, three Intel
Gold 6136 CPUs, and 256GB RAM. The final models were trained on the Pas-
cal partition using multiple GPUs for parallel training to reduce overall training
time. We empirically evaluated our methods using the curated datasets compared
with a number of selected architectures ranging from traditional classification ar-
chitectures, including kNN, SVC, Linear SVC, and RF, to more recent DL-based
architectures, including CNN [44], CRNN [35], CRNN+TCN [35], ResNet50 [1],
and wav2vec 2.0 [8].

The selected DL-based models were chosen to represent a diverse range of DL
architectures, from the baseline CNN to more advanced variants, such as CRNN
and ResNet50, and finally to the transformer-based wav2vec 2.0, which is partic-
ularly relevant to the task. It is also worth noting that architectures/pre-trained
models used for benchmarking have only been tested for age estimation, age
classification, or gender classification in their associated studies. To adapt them
for the three classification tasks in this study, minor modifications (such as ad-
justing the final output layer) were applied to ensure all models have consistent
output for systematic comparison and analysis. The results have been evaluated
using four primary metrics: accuracy, precision, recall, and F1-score for binary
classification tasks (binary gender and binary age) and their macro-averaged
counterparts for multi-age classification, aiming to provide a comprehensive as-
sessment and comparison of the performance across various models.

5 Results

As shown in Table 4, for the binary gender classification task, both the AGenCi
model and wav2vec 2.0 achieve the highest accuracy of 0.956, significantly out-
performing other benchmarking models. By looking at the precision and recall
scores, the AGenCi model gets a precision score of 0.954 and a recall score of
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Table 4: Performance comparison across different models for binary gender clas-
sification, binary age classification, and multi-age classification.

Binary Gender Binary Age Multi-Age Classification

Model Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision M Recall M F1 M

kNN 0.649 0.692 0.533 0.602 0.727 0.685 0.839 0.755 0.381 0.374 0.152 0.349
Linear SVC 0.802 0.803 0.800 0.801 0.738 0.733 0.749 0.741 0.412 0.403 0.388 0.412
RF 0.851 0.847 0.855 0.851 0.861 0.921 0.790 0.851 0.546 0.529 0.566 0.550
SVC 0.883 0.868 0.903 0.885 0.866 0.920 0.803 0.857 0.573 0.572 0.604 0.576
ResNet 50 [1] 0.826 0.831 0.818 0.825 0.825 0.828 0.820 0.824 0.519 0.485 0.544 0.520
CRNN [35] 0.844 0.869 0.811 0.839 0.833 0.852 0.805 0.828 0.578 0.657 0.539 0.586
CNN+TCN [35] 0.899 0.889 0.913 0.900 0.858 0.883 0.825 0.853 0.591 0.592 0.582 0.654
CNN [44] 0.929 0.924 0.935 0.930 0.894 0.909 0.876 0.892 0.710 0.826 0.721 0.715
wav2vec 2.0 [8] 0.956 0.951 0.962 0.957 0.933 0.950 0.914 0.932 0.840 0.898 0.917 0.841
AGenCi 0.956 0.954 0.958 0.956 0.945 0.966 0.923 0.944 0.876 0.928 0.935 0.877

0.958, while wav2vec 2.0 also shows similar performance with a precision score
of 0.951 and a recall score of 0.962, respectively.

This indicates that both models are capable of offering a low false positive
rate and a high true positive rate. The F1-scores further confirm the robust-
ness and superiority of both transformer-based models over other benchmarking
models. As compared in Table 4, wav2vec 2.0 outperforms the AGenCi model
only by a very small margin in both recall and F1-score.

For the binary age classification task, the AGenCi model achieves the high-
est accuracy of 0.945, while wav2vec 2.0 and CNN also exhibit great accuracy
with 0.933 and 0.894, respectively. Regarding the precision and recall scores, the
AGenCi model achieves a score of 0.966 and a score of 0.923, respectively, indi-
cating that it outperforms other models in reducing false positives while offering
a high detection rate of true positives. This is essential in the context of CSAM
investigation, because missing a true positive is more costly than a false alarm.
The F1-score also aligns with these findings, where the AGenCi model produces
the highest score of 0.944.

The multi-age classification task appears to be more challenging, as indicated
by the overall lower metric values compared to the binary gender and binary
age classification results. Nevertheless, the AGenCi model outperforms other
models with the highest accuracy of 0.876. The AGenCi model achieves the
highest macro-averaged precision score of 0.928 and macro-averaged recall of
0.935, demonstrating its capability to correctly identify different age groups while
maintaining minimal false positives. The macro-averaged F1-score represents
the combined measure of class-wise precision and recall. Again, the AGenCi
model achieves the best score of 0.935, proving its overall superiority in this
classification task compared with other models.

Overall, the various metrics used in the evaluation indicate that transformer-
based models, including wav2vec 2.0 and the AGenCi model, consistently outper-
form other models across all three classification tasks. More specifically, wav2vec
2.0 is slightly better than the AGenCi model in the task of binary gender clas-
sification, while the AGenCi model is consistently better than wav2vec 2.0 in
both binary age classification and multi-age classification tasks.



AGenCi: Age and Gender Audio Classification for Forensic Investigations 13

(a) Main user interface (UI)

(c) Joint age-gender classification results

(b) Classification results
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Fig. 2: Screenshots of the developed tool for age and gender estimation: (a) Main
UI, (b) UI for classification results, and (c) UI for joint age-gender classification.

5.1 Prototype tool for LEAs

To evaluate the effectiveness and accuracy of the proposed framework further,
we designed and developed a prototype tool for LEAs, which has an user inter-
face (UI) as illustrated in Figure 2(a) to allow users to configure classification
settings, including file selection, sample sizes, and classification mode selection,
to customise the classification process. Once the classification is completed, the
tool provides results for the binary gender classification task, the binary age
classification task, and the multi-age classification task as shown in Figure 2(b).
Additionally, the detailed descriptive statistics for joint age-gender classification
tasks are summarised in a table as illustrated in Figure 2(c).

This tool is being tested in a pilot study with LEAs to assess how practical
and useful this tool is in real-world forensic investigations. This pilot study
aims to gather qualitative feedback regarding its usability and efficiency, and
the feedback will be used to refine the design of both the framework and the
interface to ensure it aligns with the operational needs of CSAE investigations.
A detailed analysis of the qualitative data will be included in a separate study
as part of our future work.

6 Discussion

6.1 Key Implications

The development of AGenCi and its associated tool not only has the potential to
improve operational efficiency for law enforcement but is also useful for broader
applications. It could be integrated into other speech processing tasks in various
contexts and support researchers and practitioners conducting similar classifi-
cation tasks. As such, its implications extend well beyond law enforcement and
could reach into wider research and practical contexts, such as the following:
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– AGenCi could significantly speed up the identification of potential CSAM by
narrowing down the subset of audio and video samples that require further
investigation. Samples that are less likely to be relevant (e.g., only contain
adult voices) can be temporarily deferred or removed from the suspected list,
thereby streamlining investigative workflows. This could save valuable time
and resources, allowing authorities to prioritise and focus their efforts more
effectively.

– AGenCi could reduce the psychological burden on investigators by allowing
them to identify potential CSAM based on audio samples rather than di-
rect exposure to large amounts of video graphics. This alternative screening
method could mitigate the emotional toll and long-term mental health risk
associated with the repetitive viewing of distressing and offensive content.

– Going beyond the law enforcement context, AGenCi can be used for more
benign or creative use cases. For instance, it could be incorporated into au-
tomated speech transcription systems to facilitate the assignment of speaker
labels (e.g., “Female speaker 1”, “Female speaker 2”) to further enhance
the readability and contextual awareness of speech transcripts. In addition,
AGenCi could be utilised in voice-activated technologies, such as home as-
sistants and voice-based authentication systems, to improve user experience
and system accuracy, allowing more personalised or context-aware interac-
tions. We wish to emphasise that we have not tested AGenCi under such
broader contexts, but encourage the wider research community to explore
these alternative avenues.

– By making AGenCi open access, we hope to encourage broader adoption
in both academic and applied settings, where researchers and practitioners
could adapt or extend it for various purposes including, but not limited to,
child protection, accessibility technologies, and socio-linguistic studies.

6.2 Limitations and Future Work

One limitation of our work is the lack of inclusivity in the training datasets.
For example, variations in language, such as accents and slang, are often under-
represented. This could cause potential biases and reduced accuracy for recog-
nising speakers from diverse linguistic backgrounds, not to mention that the
variations in children’s speech could bring yet more complexity. In addition, go-
ing beyond the scope of this study, the absence of speech data from non-binary
individuals could affect the effectiveness of gender classification models, as most
existing datasets rely on binary gender labels. However, previous studies indi-
cated that the biological differences in pre-pubescent voices are less critical com-
pared to adults, as hormonal changes during puberty (e.g., vocal cord thickening
in males) create more distinct acoustic features [21]. This considered, we would
argue that such limitation might have less impact on the gender classification
involving children.

Another limitation is that manual gender labelling of children’s speech was
conducted by a single annotator. We acknowledge that this may introduce anno-
tation bias, particularly because children’s voices can be acoustically ambiguous.



AGenCi: Age and Gender Audio Classification for Forensic Investigations 15

However, preliminary in-the-wild testing with industry partners suggests that
the current approach remains practically effective, indicating that the impact of
potential annotation bias may be limited. Future work should involve multiple
independent annotators and report inter-annotator agreement, such as Cohen’s
kappa or Krippendorff’s alpha, to validate the consistency of manually assigned
gender labels.

Third main limitation in the context of CSAM investigation is related to the
probabilistic outcome generated by ML or DL-based age and gender classification
tool, meaning that even a low false positive rate can result in significant resource
demands to differentiate true positives from false positives. This inherent non-
determinism could potentially lead to the unnecessary scrutiny of individuals
during an investigation.

Moving forward, although curating datasets from three sources helps mitigate
the limitation related to inclusivity in the training data, further work is needed
to develop 1) more inclusive datasets with broader demographic representations,
and 2) bias-aware models to promote fairness in age and gender classification. To
align with industry best practices and regulatory obligations, we also recommend
that researchers and practitioners document their efforts to minimise such biases
while designing privacy-preserving and non-discriminatory AI systems. To align
with the proposed CSAM regulations [42], AI-powered detection tools should
minimise privacy intrusion while actively reducing false positive and false neg-
ative rates. We recommend that researchers and practitioners should prioritise
these factors to ensure the effectiveness, fairness, and ethical deployment of such
technologies.

Moreover, the development of AI models for CSAM detection often faces
the challenge of the “black box” issue. The lack of transparency can affect the
trust, explainability, and traceability of the tool. To this end, we recommend
that researchers and practitioners document datasets used in the training pro-
cess, decision-making processes, and outcomes to the best possible standard, to
enhance the transparency of AI-powered CSAM tools as well as to facilitate the
development of explainable AI components. Furthermore, there are challenges to
deal with variability in children’s speech patterns in age and gender classifica-
tion tasks, as mentioned in Section 2. We believe more research could be carried
out to specifically learn how to better capture the variability and developmental
characteristics of children’s voice samples, such as exploring acoustic features
that are sensitive to vocal tract length changes or articulation patterns. This can
potentially address the “black box” challenge mentioned above.

While the AGenCi framework demonstrates promising performance, two po-
tential research directions could enhance its applicability in real-world scenarios.
First, the proposed model is not specifically designed to deal with audio samples
that have non-stationary noise, such as traffic and machinery. It is unclear how
robust the model is to distinguish human speech from such noise, and to what
extent this may impact classification accuracy. We recommend further research
into methods that can reliably separate speech from dynamic acoustic environ-
ments. Second, human conversations or voices that are partially obscured by
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background noise, or in some cases, imperceptible to the human ear, may have
critical information, particularly in CSAE investigations, yet, this remained un-
explored in this study. We recommend that additional work is needed to enhance
the detection of subtle or low-salience speech signals in noisy settings.

7 Conclusion

This study reports our work in developing the AGenCi (Age and Gender audio
Classification for forensic Investigations of CSAE) framework based on Ope-
nAI’s Whisper-medium model with a custom classification head for three dis-
tinct classification tasks: binary age classification, binary gender classification,
and multi-age classification. To address the identified research gap on the lack of
curated datasets for age and gender classification involving children, this study
also presents the detailed methodology for curating three dedicated datasets
using a combination of three existing speech corpora. To test the effectiveness
and accuracy of the proposed framework, benchmarking experiments involving
a number of selected traditional ML and DL models were carried out to com-
pare their performance against our framework, using the curated datasets. The
evaluation indicates that AGenCi consistently outperforms other models across
all classification tasks.
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