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Abstract— This work investigates missing-modality-tolerant
multimodal classification of aerial targets using infrared (IR), vis-
ible (V), and acoustic (AUDIO) sensors. Using the public Drone
Detection Thesis Dataset, seven unimodal and multimodal sensing
scenarios were evaluated through record-level feature represen-
tations. Missing sensors were handled by feature imputation and
explicit modality-presence indicators. Classical classifiers with
early fusion, late fusion, weighted fusion, and stacking were com-
pared with deep architectures over ten independent repetitions.
The best result was obtained with IR+V+AUDIO early fusion and
HistGradientBoosting, achieving balanced accuracy of 0.9005,
macro-F1 of 0.9002, and weighted-F1 of 0.9082. AUDIO was the
strongest unimodal source, while the evaluated classical models
outperformed the deep architectures. These results indicate that
feature-level fusion with explicit missing-modality handling is
effective for small, heterogeneous multisensor datasets.

Keywords— Drones, multimodal fusion, machine learning.

I. INTRODUCTION

Drone detection and classification are relevant to defense,
public security, and critical infrastructure protection. Their
automatic identification remains challenging due to small
target size, similarity to birds, and environmental variability.
Visible, infrared, and acoustic sensors provide complementary
information but are affected by illumination, thermal contrast,
noise, distance, and atmospheric conditions [1]-[5]. Radar and
RF approaches face additional limitations related to low radar
cross-section, clutter, autonomous operation, and encrypted
links [4]-[6]. These limitations motivate multimodal fusion.

This work uses the public Drone Detection Thesis Dataset,
containing infrared and visible videos and audio clips from the
classes airplane, bird, drone, helicopter, and background [3].
Unlike the original YOLOv2 and MFCC+LSTM approach,
we evaluate feature-based multiclass classification using IR,
V, and AUDIO data.

Seven sensing scenarios are evaluated: IR, V, AUDIO,
IR+V, IR+AUDIO, V+AUDIO, and IR+V+AUDIO. Missing
modalities are handled through feature imputation and sensor-
presence indicators. Classical classifiers, early and late fusion,
weighted fusion, stacking, and deep models are compared.
Since modality indicators may encode dataset-availability pat-
terns, their isolated effect is considered a limitation and left for
future ablation studies. The main contribution is a comparative
evaluation of missing-modality-tolerant multimodal fusion for
multiclass aerial target classification on a public multisensor
dataset.
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II. RELATED WORK

Automatic drone detection has been studied using optical,
thermal, acoustic, radar, radio-frequency, and multisensor ap-
proaches. Recent surveys highlight its relevance to airport
security, critical infrastructure protection, and surveillance of
sensitive areas [7]-[9]. The main challenges include small
target size, similarity to birds, distance variation, limited
public datasets, and integration of heterogeneous sensors.

In the visual domain, convolutional networks and object
detectors have been applied to drone localization in images
and videos [10]-[13]. Other studies address drone-bird dis-
crimination to reduce false alarms in open environments [14],
[15]. Despite good performance under favorable conditions,
visual methods remain sensitive to illumination, distance,
occlusion, and target similarity.

Acoustic sensors exploit the sound signature of motors and
rotors, providing a complementary alternative to cameras. Pre-
vious studies investigated acoustic identification using hand-
crafted features, deep neural networks, and data augmentation
techniques [16]-[19]. However, acoustic performance may
degrade under ambient noise, distance, wind, and interference
from other sound sources.

Sensor fusion is a promising strategy to improve the robust-
ness of counter-drone systems [8], [9]. Previous works com-
bined acoustic and visual information or proposed multimodal
deep learning frameworks [20]-[22]. These approaches ex-
ploit the complementarity among modalities: cameras capture
shape and motion, thermal sensors exploit infrared contrast,
and acoustic sensors represent rotor sound patterns.

The work by Svanstrom et al. [23] is particularly relevant
because it proposes a real-time system using visible, thermal,
and acoustic sensors, while also releasing a public multisensor
dataset with infrared videos, visible videos, and audio clips
[24]. More recent datasets, such as MMAUD [25], extend
this direction by incorporating multiple modalities, including
stereo vision, LiDAR, radar, and acoustic arrays.

Despite these advances, many studies prioritize visual
detection, isolated acoustic classification, or decision-level
fusion. Systematic evaluations of multiclass classification with
missing modalities are still less common in public datasets
containing infrared, visible, and acoustic sensors. Therefore,
this work complements the literature by comparing early
fusion, late fusion, and stacking across seven sensing sce-
narios: IR, V, AUDIO, IR+V, IR+AUDIO, V+AUDIO, and
IR+V+AUDIO.



III. MATERIALS AND METHODS

This section describes the dataset, sensing scenarios, feature
representation, classical and deep models, fusion strategies,
and experimental protocol. Fig. 1 summarizes the overall
architecture of the implemented pipeline.

A. Dataset

The  experiments were conducted wusing the
public Drone Detection Thesis Dataset, available at
https://github.com/DroneDetectionThesis/
Drone-detection—-dataset. This dataset was
originally proposed for drone detection and tracking
using visible, thermal, and acoustic sensors [23], [24].

The dataset contains thermal infrared videos, visible-
spectrum videos, and audio clips. The video modalities in-
clude the classes airplane, bird, drone, and helicopter, while
the acoustic modality includes drone, helicopter, and back-
ground. In this work, these labels were mapped to the global
class space AIRPLANE, BACKGROUND, BIRD, DRONE,
and HELICOPTER.

B. Proposed Pipeline

Fig. 1 presents the general workflow. First, tabular feature
files from the IR, V, and AUDIO sensors are loaded and
standardized. Then, unimodal and multimodal scenarios are
constructed. For classical models, unimodal classification,
early fusion, late fusion by averaging, weighted late fusion,
and stacking are evaluated. For deep models, evaluation is
restricted to the IR+V+AUDIO scenario using early feature
fusion.
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Figure 1. Compact pipeline for multiclass classification using classical and
deep learning models.

C. Sensing Scenarios

Seven experimental scenarios were evaluated, as shown
in Table I. Classical models were evaluated in all sce-
narios, whereas deep models were evaluated only in the
IR+V+AUDIO scenario, since it is the most complete mul-
timodal setting.

TABLE I
EVALUATED SENSING SCENARIOS

Scenario Modalities Evaluation
IR Infrared Classical
\Y% Visible Classical
AUDIO Audio Classical
IR+V Infrared + Visible Classical
IR+AUDIO Infrared + Audio Classical
V+AUDIO Visible + Audio Classical
IR+V+AUDIO IR + Visible + Audio  Classical and Deep

Because not all classes are available in all modalities,
a sample-union strategy was adopted. Thus, a sample is
included in a multimodal scenario if it is present in at least one
of its modalities. When a modality is unavailable, its features
remain missing and are handled by imputation. In addition,
explicit sensor-presence indicators, namely has_IR, has_V,
and has AUDIO, were added to distinguish an unavailable
sensor from a valid observed feature vector. Since modality
availability is not uniformly distributed across all classes in the
dataset, these indicators may also encode dataset-availability
patterns. Their isolated contribution is not evaluated in the
present work and is therefore considered a limitation to be
addressed through dedicated ablation studies in future work.

Therefore, the proposed formulation should be interpreted
as a missing-modality-tolerant feature-level fusion protocol
over heterogeneous sensor-derived samples, rather than as a
strictly synchronized multisensor fusion setting.

D. Feature Representation

The experiments used three pre-extracted tabular fea-
ture files: features_IR.csv, features_V.csv, and
features_AUDIO.csv. Each file contains one fixed-
dimensional representation per dataset record, identified by
sample_key, together with the class label class_name
and the numerical attributes associated with the corresponding
sensor. Consequently, the classifiers evaluated in this study op-
erate on record-level feature vectors rather than on individual
video frames or raw audio samples.

The IR file contains 365 samples and 2124 features,
covering AIRPLANE, BIRD, DRONE, and HELICOPTER.
The visible file contains 285 samples and 2124 features for
the same four classes. The audio file contains 90 samples
and 178 features, covering BACKGROUND, DRONE, and
HELICOPTER. No missing feature values were observed
within the original unimodal files.

For the IR and visible modalities, each complete video
record is represented by a single fixed-length vector with
2124 numerical attributes. For the acoustic modality, each
audio clip is represented by a single fixed-length vector with
178 numerical attributes. These feature vectors constitute the
direct inputs to the classification and fusion stages analyzed
in this work; therefore, no frame-level sampling is performed
by the classifiers described here. The present study focuses
on the behavior of the classification and multimodal-fusion
strategies over these pre-extracted sensor representations. A
more detailed reconstruction and evaluation of the raw-signal-
to-feature extraction stage is outside the scope of the present
experiments and is identified as an important reproducibility
extension for future work.



Feature names were standardized by sensor prefix, result-
ing in columns such as IR _fx, V_fx, and AUDIO_f«. In
multimodal scenarios, missing values arise only from the
sample-union procedure, since not all samples and classes
are available for every modality. The final input vector was
formed by concatenating the available sensor features and
explicit modality-presence indicators.

E. Preprocessing

For classical models, preprocessing was implemented
through pipelines with median imputation and, when required,
mean—standard deviation standardization. Standardization was
applied to scale-sensitive models, such as logistic regression,
support vector machines, and multilayer perceptrons. For tree-
based models, standardization was not used.

For deep models, features were also median-imputed and
standardized. The vectors were then reshaped according to the
architecture. In the ResNet-50, the tabular vector was zero-
padded to form a single-channel square map. In the Feature
Transformer, the vector was split into fixed-size tokens.

F. Classical Models

The evaluated classical models are shown in Table II.
The selection includes linear classifiers, tree-based models,
ensemble methods, and a shallow neural network. Optional
XGBoost, LightGBM, and CatBoost models were included
in the code, but remained disabled in this experimental
configuration.

TABLE II
EVALUATED CLASSICAL MODELS

Model Family
Dummy prior Baseline
Logistic Regression L2 Linear

Linear SVM
Random Forest
Extra Trees
HistGradientBoosting
MLPClassifier

Maximum margin
Tree ensemble
Randomized tree ensemble
Gradient boosting
Shallow neural network

All models were trained using the local labels of each eval-
uated scenario. After prediction, probabilities were mapped to
the global class space, enabling comparison across scenarios
with different class sets.

G. Classical Fusion Strategies

In multimodal scenarios, four main fusion strategies were
evaluated, as summarized in Table III. Early fusion directly
concatenates sensor features, including missing values and
modality indicators. Late fusion combines probabilities es-
timated by classifiers trained separately for each sensor.
Stacking uses these probabilities as input to a logistic meta-
classifier.

The late-fusion strategies combine probabilistic outputs
from classifiers trained separately for each modality. First,
unimodal classifiers produce probability distributions in
the global class space, namely pir(y|z), pv(y|z), and
paupio(y|z). These probabilities are then integrated using
simple averaging, out-of-fold (OOF) performance-weighted
averaging, or stacking with a meta-classifier. The final multi-
class prediction is obtained from the aggregated output.

TABLE III
EVALUATED FUSION STRATEGIES

Strategy Description
Unimodal Sensor-specific training
Early concat missing  Concatenation with missing modalities
Late mean Simple probability averaging

Late weighted OOF
Late stacking

OOF-performance-weighted averaging
Logistic meta-classifier

H. Deep Learning Models

In addition to the classical models, two deep architectures
were evaluated in the IR+V+AUDIO scenario. The first was
a ResNet-50 adapted to feature maps, in which the multi-
modal tabular vector is reorganized as a single-channel two-
dimensional map. The second was a Feature Transformer,
which represents the attributes as a sequence of tabular to-
kens. These architectures allowed classical models and neural
approaches to be compared under the same experimental
protocol.

Fig. 2 shows the organization of the two deep models.
ResNet-50 receives the tabular vector converted into a two-
dimensional map, while the Feature Transformer receives a
sequence of tokens extracted from the feature vector.

IR+V+AUDIO tabular vector
with imputation and standardization

v

Segmentation
tokens of dimension 64
Feature Transformer
CLS token + encoder

v
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Figure 2. Representation of the deep models evaluated in the IR+V+AUDIO
scenario.

In the ResNet-50 feature-map model, the initial convolu-
tional layer was modified to receive a single-channel input.
The final layer was replaced to output the number of local
classes in the scenario. The network weights were initialized
from scratch, without pretraining. The feature vector was zero-
padded to form a square map of size [v/d] x [V/d], where d
is the number of attributes.

In the Feature Transformer, the feature vector was seg-
mented into tokens of dimension 64. Each token was projected
to a latent dimension of 128, followed by a classification
token, learnable positional encoding, and three Transformer
encoder layers. The model used four attention heads, an
intermediate dimension of 256, and a dropout rate of 0.15.

1. Training of Deep Models

The deep models were trained with weighted cross-entropy
to account for class imbalance. The optimizer was AdamW,



with a learning rate of 3 x 10~* and weight decay of
10~*. Cosine learning-rate scheduling, gradient clipping with
maximum norm 3.0, and automatic mixed precision were also
used when a GPU was available.

Training was limited to 50 epochs, with early stopping after
10 epochs without improvement in the validation metric. For
each repetition, the training set was split into internal training
and validation subsets, using 20% of the training data for
validation whenever stratification was possible. The monitored
metric was validation macro-F1.

J. Experimental Protocol

The protocol used ten independent repetitions with different
random seeds. In each repetition, record-level feature vectors
(sample_key) were stratified into 70% training and 30%
testing sets. Thus, frames from the same video were not
independently split across sets.

Classical models were evaluated using unimodal inputs,
early fusion, late fusion, weighted late fusion, and stacking.
Deep models were evaluated only for IR+V+AUDIO using
early fusion with missing-modality handling.

K. Metrics and Computational Effort

Performance was assessed using accuracy, balanced accu-
racy, macro-precision, macro-recall, macro-F1, and weighted-
F1, with macro-F1 as the main metric over classes present in
each test set.

Training and inference time, model size, deep-model pa-
rameter count, training epochs, and memory usage were
also recorded. Per-repetition results, statistical summaries,
predictions, leaderboards, and confusion matrices were saved.

IV. RESULTS AND DISCUSSION

This section presents the results for the IR, V, AUDIO,
IR+V, IR+AUDIO, V+AUDIO, and IR+V+AUDIO scenarios.
The comparison uses balanced accuracy (BA), macro-F1, and
weighted-F1. Since not all sensors contain all global classes,
macro-F1 was computed only over the classes present in the
test set of each scenario; global macro-F1 was kept only for
auditing.

Since different sensing scenarios contain different subsets
of the global label space, cross-scenario comparisons should
be interpreted as performance under each available-label con-
dition rather than as strictly identical classification tasks.

A. Evaluation Metrics

Accuracy may favor majority classes in imbalanced
datasets. Therefore, balanced accuracy was also adopted,
defined as the average recall across classes. The F1-score
combines precision and recall:

2 Precision - Recall

F1l= . 1
Precision + Recall M
In multiclass problems, macro-F1 is computed as:
1 c
Flmacro - = Flc; 2
. 2::1 )

where C' is the number of evaluated classes. This metric was
used as the main criterion because it assigns equal weight to
each class present in the test set.

B. Best Results by Scenario

Table IV presents the best result for each scenario. The best
overall performance was obtained in IR+V+AUDIO with early
fusion and HistGradientBoosting, reaching BA of 0.9005 and
macro-F1 of 0.9002.

Fig. 3 shows the aggregated confusion matrix of the best
model. The BACKGROUND and DRONE classes were clas-
sified without errors, with 90 and 470 correct predictions,
respectively. The main confusions occurred among BIRD,
AIRPLANE, and HELICOPTER, although the largest values
remained on the main diagonal.

The confusion matrix confirms strong overall perfor-
mance for the IR+V+AUDIO HistGradientBoosting model,
with most predictions on the main diagonal. BACK-
GROUND and DRONE were classified without errors, while
the main confusions occurred among BIRD, AIRPLANE,
and HELICOPTER. Under the available-label evaluation,
IR+V+AUDIO achieved higher macro-F1 than the unimodal
scenarios, with gains of 0.0698 over IR, 0.1689 over V, and
0.0192 over AUDIO.

C. Best Results by Model

Table V summarizes the best result obtained by each model.
HistGradientBoosting achieved the best overall performance.
Late stacking was competitive, but more computationally
costly. Extra Trees achieved close performance with much
faster training. The deep models remained below the best
classical models.

The best classical model achieved macro-F1 of 0.9002,
while the best deep model reached 0.8236. This gap suggests
that, for the evaluated small tabular dataset, classical models
were more suitable than deep architectures trained from
scratch.

D. Computational Effort

Table VI presents training time, inference time, number of
parameters, and model size for the main models. For deep
models, the epoch column indicates the average number of
executed epochs and the average best validation epoch.

HistGradientBoosting achieved the best overall perfor-
mance with moderate cost: 32.96 s of training and 3.95 ms per
sample. Extra Trees was the most efficient alternative in train-
ing, with macro-F1 of 0.8922 and only 1.32 s. Late stacking
was competitive, but had higher cost due to the generation of
out-of-fold predictions. Among deep models, ResNet-50 was
heavier, while the Feature Transformer achieved the lowest
latency, but with lower predictive performance.

E. Comparison with the Reference Work

Table VII compares the results with the reference work
[23]. The comparison is not direct, since the reference eval-
uates detection with YOLOV2, acoustic classification with
MFCC+LSTM, and confidence-based fusion, whereas this
work evaluates multiclass classification using tabular features.

The values in Table VII provide contextual reference points
rather than direct baselines, since the tasks, inputs, and metrics
differ. The proposed protocol achieved competitive results,
especially in the complete IR+V+AUDIO scenario, although
its macro-F1 is not directly comparable to the 78% detection-
opportunity rate reported in the reference.



TABLE IV

BEST RESULTS BY SCENARIO

Accuracy

BA

Macro-F1

Weighted-F1

0.8655 £ 0.0175
0.7860 £ 0.0511
0.8815 + 0.0483
0.9107 £ 0.0109
0.8869 £ 0.0385
0.8826 +£ 0.0500

0.8299 £ 0.0247
0.7312 £ 0.0650
0.8815 £ 0.0483
0.8907 £ 0.0140
0.8878 £ 0.0420
0.8793 £ 0.0526

0.8304 £ 0.0228
0.7313 £ 0.0676
0.8810 + 0.0490
0.8890 + 0.0145
0.8888 £ 0.0397
0.8760 + 0.0545

0.8632 £ 0.0166
0.7809 £ 0.0540
0.8810 + 0.0490
0.9104 £ 0.0110
0.8867 £ 0.0386
0.8773 £ 0.0542

0.9091 + 0.0255 0.9005 +0.0284 0.9002 £ 0.0277 0.9082 + 0.0258

Scenario Family Mode Model
IR Classical Unimodal IR HistGradientBoosting
v Classical Unimodal V HistGradientBoosting
AUDIO Classical ~ Unimodal AUDIO Extra Trees
IR+V Classical Late stacking LogReg meta
IR+AUDIO Classical Unimodal AUDIO Linear SVM
V+AUDIO Classical ~ Unimodal AUDIO  Logistic Regression L2
IR+V+AUDIO Classical Early concat missing  HistGradientBoosting

IR+V+AUDIO | early_concat_missing | hist_gb

AIRPLANE -

BACKGROUND -

BIRD -

True

DRONE -

HELICOPTER -

Predicted

Figure 3. Aggregated confusion matrix of the best overall model, correspond-
ing to the IR+V+AUDIO scenario with early fusion and the HistGradient-
Boosting classifier.

F. Final Analysis

The results indicate that IR+V+AUDIO provided the best
overall performance, with HistGradientBoosting offering the
best performance—cost trade-off. AUDIO was the strongest
unimodal source, while classical models outperformed the
evaluated deep architectures. Extra Trees remains an efficient
alternative when training time is critical.

Since the sensors cover different class subsets, the scenarios
should be interpreted as missing-modality-tolerant feature-
level fusion rather than identical classification tasks. A key
limitation is that the modality indicators may encode dataset-
availability patterns; future work will therefore evaluate ab-
lations with and without has_IR, has_V, and has_AUDIO.
Future studies will also consider sequence-aware validation,
paired multimodal data, and external datasets to further assess
generalization.

V. CONCLUSION

This work evaluated classical and deep learning models for
multiclass aerial target classification using infrared, visible,
and acoustic sensors under missing-modality conditions.

The best performance was achieved by IR+V+AUDIO early
fusion with HistGradientBoosting, reaching BA of 0.9005,
macro-F1 of 0.9002, and weighted-F1 of 0.9082. AUDIO

was the strongest unimodal source, while classical models
outperformed the evaluated deep architectures.

HistGradientBoosting provided the best performance—
cost trade-off, whereas Extra Trees offered faster train-
ing with comparable performance. Future work will inves-
tigate modality-indicator ablations, attention-based fusion,
sequence-aware validation, paired and external multimodal
datasets, and improved analysis of the feature-extraction stage
to strengthen reproducibility and generalization.
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TABLE V
BEST RESULT OBTAINED BY MODEL

Model Family Best scenario Mode BA Macro-F1 ~ Weighted-F1  Training (s)
HistGradientBoosting ~ Classical IR+V+AUDIO Early concat missing 0.9005 0.9002 0.9082 32.96
LogReg meta Classical IR+V+AUDIO Late stacking 0.8978 0.8980 0.9067 180.28
Extra Trees Classical IR+V+AUDIO Early concat missing 0.8912 0.8922 0.9008 1.32
Linear SVM Classical IR+V+AUDIO Unimodal AUDIO 0.8888 0.8890 0.8872 0.06
Random Forest Classical IR+V+AUDIO Early concat missing 0.8819 0.8803 0.8904 1.20
Logistic Regression L2  Classical AUDIO Unimodal AUDIO 0.8815 0.8800 0.8800 0.05
MLPClassifier Classical IR+V+AUDIO Unimodal AUDIO 0.8339 0.8312 0.8329 0.07
ResNet-50 feature-map Deep IR+V+AUDIO Deep early concat missing  0.8232 0.8236 0.8374 114.37
Feature Transformer Deep IR+V+AUDIO Deep early concat missing  0.7984 0.7959 0.8091 22.27
Dummy prior Classical AUDIO Unimodal AUDIO 0.3333 0.1667 0.1667 0.01
TABLE VI
COMPUTATIONAL EFFORT OF THE MAIN EVALUATED MODELS
Family Model Scenario / mode Training (s) Inference (ms/sample) Epochs / best Parameters Size (MB)
Classical ~ HistGradientBoosting IR+V+AUDIO / Early concat 32.96 3.95 - - 7.63
Classical LogReg meta IR+V+AUDIO / Late stacking 180.28 - - - -
Classical Extra Trees IR+V+AUDIO / Early concat 1.32 4.75 - - 8.03
Classical Linear SVM IR+V+AUDIO / Unimodal AUDIO 0.06 0.56 - - 0.06
Classical Random Forest IR+V+AUDIO / Early concat 1.20 4.09 - - 3.22
Classical Logistic Regression L2 AUDIO / Unimodal AUDIO 0.05 0.47 - - 0.01
Classical MLPClassifier IR+V+AUDIO / Unimodal AUDIO 0.07 0.63 - - 1.44
Deep ResNet-50 feature-map IR+V+AUDIO / Deep early concat 114.37 4.30 25.8/15.8 23.51 M 89.99
Deep Feature Transformer IR+V+AUDIO / Deep early concat 22.27 0.29 31.2/21.2 042 M 1.60
Classical Dummy prior AUDIO / Unimodal AUDIO 0.01 0.46 - - 0.002
Note: decimal epoch values indicate averages over experimental repetitions.
TABLE VII
COMPARISON WITH SVANSTROM ET AL. [3]
Source Scenario Method Metric Value Observation
Svanstrom et al. IR Thermal YOLOv2 F1-score 0.7601 Detection by distance
This work IR HistGradientBoosting Macro-F1 0.8304  Feature-based classification
Svanstrom et al. A% Visible YOLOv2 F1-score 0.7849 Detection by distance
This work A\ HistGradientBoosting Macro-F1 0.7313  Feature-based classification
Svanstrom et al. AUDIO MFCC + LSTM F1-score 0.9323 Three acoustic classes
This work AUDIO Extra Trees Macro-F1 0.8810 Three acoustic classes
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