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EMPIRICAL ANALYSIS OF RGB-IR
FEATURE FUSION FOR UAV-BASED
OBJECT DETECTION
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Abstract

Object detection based on Unmanned Aerial Vehicles (UAVs) plays a crucial role in
applications such as surveillance, disaster management, and military operations. However,
traditional methods relying solely on visible Red-Green-Blue (RGB) imagery often perform
poorly under low-light conditions and occlusions. To overcome these challenges, recent
studies have explored the fusion of RGB and infrared (IR) images, leveraging their
complementary properties. Among various fusion strategies, feature-level fusion has gained
increasing attention due to its flexibility and superior performance compared to pixel-level
and decision-level approaches. Despite its potential, the impact of the specific stage within
the network where modality-specific features are integrated remains insufficiently
investigated. This study focuses on feature-level fusion and conducts a comprehensive
empirical analysis within a unified dual-stream detection framework to examine how fusion
at different depths-early, middle, and late-affects detection performance. Additionally, we
evaluate multi-position fusion schemes by combining features from multiple levels.
Experimental results on the DroneVehicle dataset reveal that middle fusion achieves the best
balance between detection accuracy and efficiency among single-layer fusion
configurations. Furthermore, early-middle multi-position fusion further improves
localization precision, albeit with moderate computational overhead. These findings offer
practical insights into designing more effective and efficient RGB-IR fusion networks for
UAV-based object detection systems.

Index terms
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1. Introduction

UAVs have emerged as a powerful platform for real-time object detection in a wide
range of applications, including surveillance, disaster response, traffic monitoring, and
and military reconnaissance [1]-[3]. However, accurate object detection in UAV imagery
remains a challenging task due to factors such as varying altitudes, dynamic lighting
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conditions, and complex backgrounds. Traditional methods that rely solely on RGB
images often suffer from performance degradation in low-visibility scenarios, such as
nighttime or foggy environments [4], [5].

To address these challenges, recent research has explored the fusion of RGB and IR
imagery, leveraging the complementary strengths of both modalities. While RGB images
provide fine-grained texture and color information, IR images offer thermal cues that
are resilient to lighting variations and can reveal obscured objects. Combining these
modalities has demonstrated significant potential for improving detection robustness
under low-light conditions [6], [7]. RGB-IR fusion can be applied at various levels
of the processing pipeline, typically categorized into three main strategies: pixel-level
fusion, feature-level fusion, and decision-level fusion. Among them, feature-level fusion
is increasingly favored for its compatibility with deep learning and its effectiveness in
balancing modality-specific and complementary information [8].

Despite the progress achieved, one important aspect remains underexplored: the
position at which feature fusion occurs within the network architecture. Specifically,
the impact of fusing features at early, middle, or late stages of the backbone on
detection performance has not been systematically and comprehensively evaluated.
Moreover, while some works have considered multi-scale or hierarchical fusion
strategies, there is still a lack of empirical analysis regarding the trade-offs between
fusion position, model complexity, and detection accuracy.

In this paper, we aim to fill this gap by conducting a structured and systematic
empirical study on feature-level fusion positions for UAV-based RGB-IR object
detection. Specifically, we investigate the impact of early, middle, and late feature
fusion strategies within a unified dual-stream YOLOv1I-based framework [9].
Furthermore, we extend our analysis to multi-position fusion schemes to explore the
benefits of hierarchical feature integration. All experiments are conducted on the
DroneVehicle dataset, which contains paired RGB-IR UAV images captured under
diverse and challenging conditions. Our findings reveal that the fusion position
significantly impacts detection accuracy and computational efficiency. Middle fusion
achieves the best performance among single fusion points, while early-middle
multi-position fusion further enhances localization precision. These insights offer
practical guidance for designing more effective and efficient RGB-IR fusion networks
in UAV-based object detection applications.

The main contributions of the paper are as follows:

- Dual-stream architecture design: We extend the YOLO framework to support dual-
stream RGB-IR input, enabling modality-specific feature extraction and flexible fusion
control across the network.

- Comprehensive feature fusion analysis: We conduct a systematic empirical study
comparing early-, middle-, late-, and multi-position feature fusion strategies under a
unified detection framework.
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- Insights and guidance: Our experimental results identify the most effective fusion
positions and offer practical guidance for designing robust RGB-IR object detectors for
UAV applications.

2. Related work
2.1. RGB-IR image fusion strategies

The fusion of RGB and IR imagery has emerged as a powerful approach to enhance
object detection performance, particularly under challenging conditions such as poor
lighting, and occlusion. By leveraging the complementary properties of the two
modalities-where RGB images provide rich texture and color information while IR
images capture thermal signatures and are less sensitive to lighting variations-fusion
techniques aim to build more robust and discriminative feature representations.
Depending on the stage at which the integration occurs within the processing pipeline,
RGB-IR image fusion strategies are generally categorized into three main types:
pixel-level fusion, feature-level fusion, and decision-level fusion (Figure 1). Each
approach offers distinct advantages and challenges, influencing the final detection
performance in different ways. In the following sections, we provide a detailed
overview of these fusion strategies [8].
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Fig. 1. Fusion levels [8].

2.1.1. Pixel-level fusion

Pixel-level fusion is a straightforward strategy that has been explored for integrating
RGB-IR images. In this approach, the two modalities are combined directly at the input
stage using techniques such as channel concatenation to form a four-channel image [10],
weighted averaging [11], or channel substitution [12]. The resulting fused image is then
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processed by an object detection network (Figure 1a). Although easy to implement, these
fusion techniques have been shown to compromise detection performance due to the
loss of modality-specific features, particularly in complex scenarios where preserving
the complementary characteristics of both RGB and IR data is essential [13].

To address these shortcomings, more advanced fusion approaches have been
developed. For instance, Fu et al. [14] proposed a neural network that decomposes
RGB and IR images into high- and low-frequency components, which are then
selectively fused. Zhao et al. [15] introduced an auto-encoder-based fusion framework,
while Liu er al. [16] utilized a generative adversarial network with dedicated
discriminators to enhance object information from IR images and texture details from
RGB images. Despite their sophistication, these methods are not fully end-to-end, and
the generated fused images do not always lead to improved detection accuracy.
Moreover, they may suffer from challenges such as image misalignment, incorporation
of redundant information, and the introduction of noise, all of which can further
degrade performance [8], [10], [17].

2.1.2. Decision-level fusion

Decision-level fusion refers to a strategy in which RGB and IR images are
processed independently by separate object detection networks, and their outputs are
subsequently combined to produce the final detection results (Figure 1c). This type of
fusion takes place after feature extraction and classification, relying on outputs such as
bounding boxes and confidence scores. Common fusion techniques include weighted
averaging [18], [19], score-based selection [20], and ensemble-based non-maximum
suppression [21], [22]. Notably, probabilistic ensembling methods like ProbEn [23]
enhance robustness by allowing low-confidence detections from one modality to
support and strengthen predictions from the other. By aggregating high-level decisions
rather than raw features, decision-level fusion is generally more tolerant of
cross-modal misalignment and preserves complementary information across
modalities. However, its effectiveness is highly dependent on the accuracy of the
individual unimodal detectors, which can be compromised in cases of degraded or
poorly aligned inputs. Additionally, despite its simplicity, decision-level fusion may
potentially introduce higher inference latency due to the need to run multiple networks
in parallel [8], [24], [25].

2.1.3. Feature-level fusion

In feature fusion, a dual-backbone architecture is commonly adopted, where RGB
and IR images are independently processed by separate feature extractors. Each branch
captures modality-specific representations, such as texture, shape, and edges, to retain
the unique characteristics of each input. The extracted features are then merged
through a specialized fusion module, allowing the model to leverage complementary
information across modalities for improved detection performance (Figure 1b). A key
advantage of feature-level fusion is its flexibility: it provides ample room to design
customized fusion mechanisms tailored to modality characteristics. These can range
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from basic operations such as feature concatenation (channel-wise merging) and
feature weighting (e.g., weighted summation), to more advanced mechanisms such as
attention-based modules or transformer-based cross-modal fusion, which enable both
intra- and inter-modal interactions. For instance, guided attention methods can utilize
predicted semantic masks to enhance discriminative features, while transformer-based
modules employ self-attention to align and merge features across modalities more
effectively [8].

Moreover, the fusion process can be implemented at a single layer or across
multiple levels of the backbone, allowing hierarchical refinement of shared
representations. Single-layer fusion refers to the strategy where modality-specific
features are fused only once at a specific point in the network. Importantly, this fusion
can occur at different stages of the architecture: early-feature fusion, where low-level
features (closer to input) are merged early in the backbone. Mid-feature fusion, where
features are fused in intermediate layers. And late-feature fusion, where high-level
semantic features are combined after full extraction. In contrast, multi-layer
fusion-performs feature integration at multiple levels throughout the network. This
approach allows modality interaction at different semantic depths and spatial
resolutions [8], [26].

However, this flexibility and increased representational capacity come at a cost. The
incorporation of dual-branch backbones and complex fusion modules leads to greater
model complexity, increased memory consumption. Despite this, feature-level fusion
remains the most widely adopted strategy in RGB-IR object detection, due to its
superior ability to learn deep cross-modal correlations and enhance robustness in
real-world applications. This strategy has gained considerable attention in multimodal
object detection research, primarily due to its balance between flexibility and
performance. By preserving modality-specific features during the early stages of
processing and enabling interaction at the feature level, feature-level fusion allows for
the development of more sophisticated fusion mechanisms. These mechanisms can be
tailored to capture complex inter-modal relationships, thereby improving the model’s
ability to handle diverse environmental conditions such as occlusions and variable
lighting-common challenges in UAV-based scenarios [27], [28].

2.2. Deep learning for RGB-IR feature-level fusion in UAV-based object detection

The fusion of RGB and IR modalities has emerged as a powerful strategy in UAV-
based object detection, enabling systems to remain robust under challenging conditions
such as low-light, occlusion, and environmental noise. Among various fusion strategies,
feature-level fusion stands out for its ability to exploit complementary information from
both modalities while preserving spatial and semantic coherence [8].

To enhance feature-level fusion in multimodal UAV detection, a variety of deep
learning approaches have been developed. Transformer-based models, such as
C2Former [29] and CALNet [30], leverage self-attention mechanisms to refine
cross-modal alignment and mitigate modality conflicts. Complementarily, methods
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like AFFCM [31] integrate Softpooling Channel Attention with a Multimodal
Adaptive Feature Fusion module to reduce feature redundancy, while CMDistill [32]
adopts a cross-modal distillation framework that incorporates semantic relation
encoding and IoU-driven optimization to effectively transfer knowledge from infrared
to RGB-based detectors. To address spatial misalignment challenges, TSRA [33]
aligns translation-sensitive features, while CAGTDet [34] compensates for scale and
orientation discrepancies across modalities. In addition, models like IG-GAN [35],
dual-attention frameworks [36], and E2E-MFD [37] contribute complementary
solutions via generative modeling, hierarchical attention strategies, and streamlined
end-to-end fusion architectures, collectively advancing the robustness and precision of
RGB-IR object detection systems.

Recent studies have advanced multimodal UAV detection toward more efficient and
robust designs. Fusion-DETR [38] integrates an attention-based interaction module
with a residual CNN block to enhance intra- and inter-modal alignment, while
maintaining real-time performance through an efficient decoding strategy.
SAMS-YOLO [39], built on the YOLO framework, combines a Group Shuffled
Multi-receptive Attention for better multi-scale representation with a Multi-modal
Supervision mechanism to handle annotation misalignment. Both approaches improve
detection under challenging conditions such as occlusion and low-light environments.
Other methods focus on addressing data imbalance and semantic alignment.
EMCFormer [40] wuses a Gumbel-softmax-based attention module and
Equalized-Adaptive Focal Loss to improve learning from long-tailed UAV datasets.
Meanwhile, LPANet [41] leverages large language models to guide progressive
semantic and spatial alignment using textual descriptions generated by ChatGPT.
Together, these approaches highlight ongoing efforts to improve fusion quality,
robustness to real-world challenges, and performance in complex aerial scenarios.

However, while feature-level fusion has shown great potential, most existing studies
do not systematically explore the impact of fusion depth or position within the
network architecture. Prior works typically apply fusion at fixed stages without
thoroughly evaluating how the position of fusion affects final detection performance.
This oversight leaves open a key research question regarding the optimal fusion stage
for effective multimodal integration in UAV scenarios. The paper aims to address this
gap by conducting a systematic empirical analysis of feature-level fusion at different
network depths. Specifically, we investigate early, middle, and late feature fusion
configurations using a consistent architectural backbone, and analyze how the fusion
position influences cross-modal learning and detection accuracy in RGB-IR UAV
imagery. Our findings offer practical insights into optimizing fusion design for
improved accuracy, robustness, and generalizability in real-world UAV applications.

3. The proposed comparison methods

To investigate the role of feature-level fusion in multispectral UAV-based object
detection, we design a set of controlled fusion strategies based on a unified
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dual-stream YOLOv11 backbone. All configurations integrate modality-specific
features from the RGB and IR branches at designated positions within the feature
extraction hierarchy. To ensure architectural neutrality and isolate the impact of fusion
position, we employ a simple channel-wise concatenation scheme as the sole fusion
operation across all configurations. This avoids confounding effects introduced by
more complex mechanisms such as weighting, or attention.

We categorize our fusion designs into two groups: Single-level feature fusion, where
the integration occurs once at a specific semantic depth, and Multi-position feature
fusion, where feature merging is conducted at multiple levels throughout the backbone.
This design enables us to systematically examine how the timing and granularity of
fusion influence cross-modal representation learning.

3.1. Single-level feature fusion

In the single-level fusion paradigm, features from the RGB and IR streams are
integrated once at a specific stage of the backbone. This controlled setup enables
isolation of the effects of fusion depth on detection performance, while maintaining a
consistent overall architecture and training protocol. To this end, we define three
representative configurations based on the semantic depth at which fusion occurs, as
illustrated in Figure 2:

Early fusion: In this configuration, the RGB and IR feature maps are fused shortly
after passing through the initial convolutional layers of the backbone, specifically after
the second stage. This timing ensures that each modality has already captured
fundamental low-level features-such as edges, textures, and local intensity
variations-prior to integration. Following the fusion point, the network continues with
a unified feature stream, without maintaining separate modality-specific branches.

From a structural perspective, early fusion enables cross-modal interaction to begin at
the shallowest level, allowing subsequent layers to learn from jointly processed features
throughout the network. This early integration may facilitate spatial alignment across
modalities and promote shared representation learning from the outset. However, since
fusion occurs prior to the formation of higher-level semantic abstractions, the combined
features may still be influenced by modality-specific noise or local inconsistencies.
This configuration provides a basis for evaluating how early fusion impacts downstream
representation learning, and whether initiating fusion at low abstraction levels supports
or hinders the exploitation of cross-modal complementarity.

Middle fusion: In this configuration, RGB and IR features are independently processed
through the early layers of the backbone up to a middle stage. Fusion is then performed
at this intermediate depth, after which the network transitions to a unified processing
stream. The first two stages thus remain modality-specific, allowing the model to extract
and retain low-level spectral characteristics before integration. At the fusion point, the
feature maps are designed to capture both spatial details and semantic patterns such
as object boundaries and contextual information. This representation facilitates effective
cross-modal interaction while retaining essential characteristics unique to each modality.
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Fig. 2. Single-level feature fusion.

From a design standpoint, middle fusion enables a delayed integration strategy that
preserves early-stage modality specialization while enabling shared representation
learning in deeper layers. This configuration allows investigation into whether fusion
at an intermediate depth offers a favorable trade-off between maintaining spectral
distinctiveness and enabling joint reasoning. Empirical evaluation of this setup is
expected to provide insights into how fusion timing influences the network’s capacity
to align and leverage complementary information across modalities.
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Late fusion: In the late fusion configuration, the RGB and IR branches are
processed independently throughout the entire backbone. Fusion is performed only at
the final stage of feature extraction, where the modality-specific features are
concatenated and passed directly to the detection head. This architecture allows each
modality to develop and refine its own high-level representations without mutual
interference. At this depth, the resulting feature maps typically encode semantic
information such as object categories, contextual relationships, and structural patterns.
The purpose of this design is to integrate complementary modality cues at the
semantic level, while preserving the distinct processing pipelines in earlier stages. This
can be especially beneficial in cases where spatial misalignment or modality-specific
noise is present.

Because the fusion is applied only at the final stage, the network lacks additional layers
to jointly refine or align the merged features. As a result, the ability to exploit cross-
modal interactions is limited to the detection head. This configuration is therefore useful
for examining whether semantic-level fusion alone is sufficient to support effective
multispectral object detection. It also provides a reference point for comparing the impact
of fusion timing on detection accuracy and robustness in UAV-based RGB-IR scenarios.

3.2. Multi-position feature fusion

To explore the effects of distributed fusion across the network hierarchy, we design
a series of multi-position feature fusion configurations. These configurations allow
cross-modal interaction to occur at multiple semantic depths, leveraging the
hierarchical structure of deep convolutional backbones. By integrating RGB and IR
features at more than one stage within the feature extraction pipeline, the network may
capture complementary information at varying levels of abstraction and spatial
resolution. All multi-position fusion schemes use channel-wise concatenation as the
fusion operation, without introducing additional parameters. The architecture, training
settings, and detection head remain fixed across all configurations to ensure that
differences in performance can be attributed solely to fusion positioning.

Three representative configurations are considered, as illustrated in Figure 3:

Early-middle fusion: In this configuration, RGB and IR features are integrated at
both shallow and intermediate stages of the feature extraction process. Following the
final fusion point, the two modality-specific branches are unified into a single feature
stream, and all subsequent processing is carried out jointly. This setup enables
progressive interaction between modalities, starting from low-level spatial alignment
and extending toward more semantically meaningful representations. By concentrating
fusion in the earlier half of the network and unifying the streams before high-level
processing, the configuration establishes a clear transition point for shared feature
reasoning in the deeper layers.
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Fig. 3. Multi-position feature fusion.

b) Middle and late feature level fusion

Middle-late fusion: In this configuration, cross-modal fusion is introduced only at
intermediate and deep stages of the network. The RGB and IR streams are processed
independently through the early layers, allowing each modality to retain its unique
characteristics before any interaction occurs. Fusion is then applied progressively in
the latter part of the backbone, with features from both modalities concatenated at
each selected stage while still maintaining dual-stream processing until the final fusion
point. This design emphasizes semantic-level integration, enabling joint reasoning over
more abstracted representations. By deferring fusion, the configuration may reduce the
risk of introducing low-level noise or misalignment that can arise when modalities are
combined too early. It also provides more time for each stream to develop
modality-specific features before being aligned.
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Early-middle-late fusion: This configuration introduces cross-modal fusion at
multiple levels across the entire feature extraction hierarchy, including shallow,
intermediate, and deep stages. At each selected point, features from the RGB and IR
branches are concatenated, while the dual-stream structure is preserved between fusion
steps and only unified near the end of the backbone. By distributing fusion throughout
the network, this design maximizes the frequency and depth of cross-modal
interaction, potentially supporting gradual alignment and refinement of shared
representations. It allows the network to leverage complementary information across
varying semantic levels, from low-level spatial patterns to high-level contextual
features. However, the increased number of fusion operations also adds to the
architectural complexity and computational cost.

4. Experimental settings
4.1. Dual-stream unified backbone

In this study, we adopt YOLOv11 [9] as a dual-stream unified backbone to investigate
the effectiveness of different fusion positions in the feature-level fusion pipeline for dual-
modal object detection using RGB and IR images. Although a newer version, YOLOv12,
has recently been released, YOLOv11 remains the preferred choice due to its greater
stability and superior performance across various scenarios-particularly where real-time
inference and model reliability are crucial.

YOLOV11 represents a significant advancement in the YOLO series, incorporating
architectural innovations such as the C3k2 block (an efficient variant of the CSP
bottleneck), SPPF (Spatial Pyramid Pooling - Fast), and the C2PSA (Cross Stage
Partial with Spatial Attention) module. These components collectively enhance the
model’s capacity to extract salient features and focus attention on critical regions of
the input image. Despite its lightweight design, YOLOv11 maintains high performance
and supports diverse computer vision tasks, including object detection, instance
segmentation, pose estimation, and oriented object detection [42].

To adapt YOLOvll for the dual-modal scenario, we extend the original
single-modality design into a dual-stream structure, processing RGB and IR inputs in
parallel. This unified backbone enables a systematic investigation of fusion positions
within the feature extraction pipeline. As our primary objective is to understand where
fusion should occur-rather than how-we employ a straightforward feature
concatenation strategy for combining modality-specific representations. This
experimental setup ensures a fair comparison across different configurations while
preserving the original model’s efficiency and representational strength. To isolate the
effect of fusion depth, we keep all training settings and architectural components
identical across experiments, altering only the fusion position. This control ensures
that any observed performance differences stem solely from the fusion strategy rather
than confounding factors such as network capacity, or data preprocessing.
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In summary, the YOLOv11-based dual-stream unified backbone offers a robust and
efficient foundation for our experimental framework. Its strong balance of accuracy,
speed, and architectural clarity makes it particularly well-suited for analyzing the impact
of fusion location in dual-modal object detection systems.

4.2. Dataset

To evaluate the performance of fusion strategies in a unified and realistic
experimental setup, we employ the DroneVehicle dataset [43], a comprehensive
UAV-based benchmark specifically designed for multimodal object detection using
RGB and IR imagery. Released in 2022, the dataset consists of 56,878 images
captured by UAVs, equally divided between RGB and IR modalities. It covers a wide
range of real-world conditions, including diverse illumination scenarios, viewing
angles, and flight altitudes, making it highly suitable for testing the robustness of
fusion-based detection methods in practical applications. More specifically, the dataset
comprises 15,475 vertical-view and 12,964 oblique-view RGB-IR image pairs.
Oblique images are acquired from angles of 15°, 30°, and 45°, at flight altitudes of
80m, 100m, and 120m, offering a variety of geometric perspectives. Each image is
annotated with bounding boxes across five vehicle categories-car, truck, bus, van, and
freight car-which enables detailed and category-specific detection evaluation.

Prior to annotation, the raw image data collected by UAVs undergoes several
preprocessing steps to ensure quality and consistency. Initially, low-quality
images-such as those with severe motion blur-are discarded. The remaining images are
manually reviewed, and their resolutions are uniformly resized to 840 x 712 pixels.
After this cleaning step, distortion correction is applied to all retained images. Due to
the inherent instability in UAV flight posture during data collection, cross-modal
image pairs captured by the RGB and IR cameras often exhibit pixel-level
misalignment. To address this, an affine transformation is applied, followed by region
cropping, during the calibration phase. These operations help minimize spatial
discrepancies and ensure that the majority of RGB-IR image pairs are geometrically
aligned, facilitating reliable multimodal object detection in subsequent stages.

4.3. Metrics

In this study, we evaluate the performance of multi-modal object detection using the
COCO-style mean Average Precision (mAP) metrics. Specifically, we report mAP50 and
mAP50:95, which represent detection accuracy at a single IoU threshold and across a
range of IoU thresholds, respectively. To evaluate model complexity and deployment
feasibility, we also report the number of parameters (Params), and the inference speed
in frames per second (FPS) using 640 x 640 input resolution. FPS is computed by
averaging the per-image inference time over multiple runs after warm-up on a single
NVIDIA GPU. These combined metrics provide a comprehensive view of each model’s
accuracy and real-time applicability. They also allow fair comparison of architectures
by capturing both accuracy and efficiency-crucial for UAV applications where accuracy-
speed trade-offs matter.
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4.4. Implementation details

The experiments were conducted on a workstation equipped with an NVIDIA Tesla
P40 GPU, using CUDA version 12.2 and driver version 535.183.01 to ensure efficient
GPU acceleration. All models were implemented based on a customized version of
YOLOvV11. During training, we adopted a dual-branch feature extraction framework,
with all input images resized to 640 x 640 pixels for consistency. Mosaic
augmentation was applied during preprocessing to enhance data diversity and improve
detection performance. The models were trained for 50 epochs using the stochastic
gradient descent optimizer with a momentum of 0.937 and a weight decay of 0.0005.
The learning rate was set to 0.01 with a fixed batch size of 4.

5. Results

5.1. Comparison of single-level feature fusion strategies

Table 1 summarizes the results of three single-fusion configurations corresponding
to early-, middle-, and late-feature fusion positions. Among these, the middle fusion
configuration achieved the highest overall detection performance, with an mAP50 of
82.9% and an mAP50:95 of 61.6%. It also recorded the highest precision (79.3%)
and recall (78.8%), suggesting an effective balance between reducing false positives
and capturing true detections. The early fusion setup yielded competitive results, with
an mAP50 of 81.6%, mAP50:95 of 61.4%, precision of 78.2%, and recall of 77.7%.
Notably, it achieved the fastest inference speed (58.5 FPS) and the smallest model size
(19.2 M parameters), indicating computational efficiency despite slightly lower accuracy
compared to middle fusion. In contrast, the late fusion configuration resulted in the
lowest detection accuracy (mAPS50: 78.7%, mAP50:95: 58.4%) and precision (75.6%),
while recall (78.7%) remained comparable to other setups. It also incurred the highest
computational cost, with the largest parameter count (26.4 M) and the slowest inference
speed (51.0 FPS).

Table 1. Comparison of single-level fusion positions in the feature extraction pipeline

Position Params Precision Recall mAP50 (%) mAP50:95 (%) FPS
Early 19.2M 78.2 71.7 81.6 61.4 58.5
Middle 20.8M 79.3 78.8 82.9 61.6 53.8
Late 26.4M 75.6 78.7 78.7 58.4 51.0

An analysis of these results reveals several key observations:

- Early fusion integrates RGB and IR features at a stage dominated by low-level
spatial and structural information. This early cross-modal interaction enables the
network to progressively refine shared representations through deeper layers,
enhancing feature alignment across modalities. Furthermore, the compact architecture
resulting from early fusion contributes to higher computational efficiency and faster

153



Section on Information and Communication Technology - Vol. 14, No. 01, June-2025

inference. However, because low-level features are less semantically rich, early fusion
may limit the exploitation of higher-order inter-modal relationships, potentially
explaining its slightly lower accuracy compared to middle fusion.

- Middle fusion introduces cross-modal interaction at an intermediate stage where
modality-specific representations have developed sufficiently complex semantic
abstractions but have not yet become fully specialized. This stage appears to offer a
favorable trade-off between intra-modal feature learning and inter-modal integration,
enabling the network to better exploit complementary information from both
modalities. Consequently, middle fusion produced the highest overall detection
accuracy in our experiments.

- Late fusion delays the integration of RGB and IR features until the final stages of
the backbone, at which point each modality has already undergone deep, independent
feature extraction. As a result, the learned representations from the two streams are
highly modality-specific and semantically divergent. This separation limits the network’s
ability to exploit cross-modal complementarity, as much of the lower- and mid-level
structural and contextual information-where RGB and IR could support and enhance
one another-has already been processed in isolation.

Moreover, because fusion occurs near the detection head, there is little to no
opportunity for the network to refine or align the combined features through shared
downstream layers. This late-stage merging leads to suboptimal feature interaction and
hinders the model’s ability to resolve inconsistencies between modalities, such as
spatial misalignments or differing contrast patterns. Consequently, despite having the
highest model complexity among the three configurations, late fusion fails to deliver
proportional improvements in accuracy. Instead, it exhibits the lowest detection
performance (mAP50 of 78.7%), suggesting that deferring fusion too far in the
network sacrifices early integration benefits while introducing unnecessary
computational overhead.

Overall, these findings suggest that the timing of cross-modal fusion plays a crucial
role in multispectral object detection. Introducing fusion at earlier or intermediate feature
stages is more beneficial than fusing at deeper stages, both in terms of detection accuracy
and computational efficiency. Future network designs for RGB-IR fusion could further
benefit from carefully selecting the integration depth based on the specific application
requirements and resource constraints.

5.2. Comparison of multi-position feature fusion strategies

Table 2 shows that the early-middle fusion strategy achieved the highest mAPS0
(82.7%) and mAP50:95 (62.3%), with a moderate model size (25.4 M parameters)
and a relatively high inference speed (48.5 FPS). The middle-late fusion configuration
demonstrated a comparable mAP50 (82.4%) and the highest recall (78.9%), while
achieving the fastest inference speed (48.8 FPS), albeit with a larger parameter count
(30.0 M). Meanwhile, the early-middle-late fusion, despite involving multiple fusion
points, resulted in no additional performance gains. Instead, it slightly reduced the
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mAP50 to 82.0%, incurred the highest model complexity (30.3 M parameters), and
led to the lowest inference speed (47.2 FPS).

Table 2. Comparison of multi-position fusion in the feature extraction pipeline

Position Params Precision Recall mAP50 (%) mAP50:95 (%) FPS
Early-middle 25.4M 79.6 78.6 82.7 62.3 48.5
Middle-late 30.0M 78.6 78.9 82.4 62.1 48.8
Early-middle-late 30.3M 78.5 78.4 82.0 62.0 47.2

These findings suggest that while multi-level fusion can benefit detection performance
by integrating features across different semantic stages, an excessive number of fusion
points may introduce redundancy and computational overhead without yielding further
accuracy improvements. In particular, early-middle fusion strikes a favorable balance
between detection accuracy, model size, and inference efficiency, making it a practical
choice for real-time UAV object detection applications.

5.3. Comparison between single-level and multi-position feature fusion

By comparing the results in Table 1 and Table 2, we can observe distinct trade-offs
between single-level and multi-level fusion strategies. Single-level fusion at the middle
stage achieved the highest mAPS50 (82.9%) overall, indicating superior localization
performance for objects when evaluated with a loose IoU threshold. In contrast,
multi-level fusion configurations produced slightly lower mAP50 scores (82.7% for
early-middle fusion and 82.4% for middle-late fusion), suggesting a minor reduction
in coarse detection accuracy.

However, when considering the stricter mAP50:95 metric, which emphasizes precise
localization across a range of IoU thresholds, multi-level fusion methods consistently
outperformed single-level fusion. Specifically, early-middle fusion achieved the highest
mAP50:95 (62.3%), compared to 61.6% in the best single-level setting (middle fusion).
This indicates that multi-level fusion enhances the network’s ability to accurately align
and delineate object boundaries, likely due to the richer and more complementary feature
interactions across different semantic stages. In terms of computational efficiency, early
single-level fusion offered the highest inference speed (58.5 FPS), while multi-level
fusion strategies, although slower (around 48.5-48.8 FPS), still maintained acceptable
real-time performance for UAV applications.

These findings suggest that the choice between single-level and multi-level fusion
should be guided by the specific requirements of the target application. For scenarios
prioritizing high-speed detection with moderate precision, such as real-time UAV
surveillance, single-level early or middle fusion would be preferable. Conversely, for
applications requiring higher localization precision under strict evaluation conditions,
such as UAV-based search and rescue or infrastructure inspection, multi-level fusion
may provide better detection reliability, despite a slight sacrifice in inference speed.
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5.4. Comparison with single-modality baselines

To further demonstrate the effectiveness of RGB-IR feature fusion, we compare our
dual-modal model with two single-modality baselines that process either RGB or IR
inputs independently, both using the same YOLOvI11 backbone. All models are trained
under identical conditions to ensure a fair and meaningful comparison. As presented in
Table 3, the proposed dual-stream model achieves superior detection performance, with
mAP50 reaching 82.9% and mAP50:95 reaching 61.6%, outperforming both unimodal
variants by a noticeable margin.

Table 3. Comparison with single-modality baselines

Base Input Type Precision Recall mAPS0 (%) mAP50:95 (%)
YOLOvI1 RGB Only 74.4 72.0 76.2 54.9
YOLOv11 IR Only 75.6 76.6 79.4 59.2
Dual-YOLO11 RGB+IR (middle) 79.3 78.8 82.9 61.6

The RGB-only baseline benefits from rich texture and color details, which are
advantageous under well-lit conditions. However, its performance tends to degrade in
challenging lighting environments such as nighttime. Conversely, the IR-only baseline
maintains greater robustness in low-visibility scenarios but suffers from limited spatial
detail and object texture, which affects overall precision. By effectively combining
complementary features from both modalities, the fusion-based approach significantly
enhances the model’s ability to detect objects accurately and consistently across
diverse UAV imagery conditions. These results highlight the robustness and
practicality of our proposed RGB-IR fusion strategy for real-world UAV-based object
detection tasks.

5.5. Comparison with state-of-the-art fusion techniques

Recent studies have proposed various sophisticated fusion strategies to address
challenges in RGB-IR object detection, including modality inconsistency, semantic
conflict, and misalignment. For example, He et al. proposed CALNet [30] with
Cross-Modal Conflict Rectification and Selected Cross-Modal Fusion modules,
achieving 75.4% mAP50 on the DroneVehicle dataset. Yuan and Wei introduced
C2Former [29], which leverages Inter-modality Cross-Attention and Adaptive Feature
Sampling modules, reaching 74.2% mAP50. Similarly, Yuan et al. developed
CAGTDet [34] featuring Translation-Scale-Rotation Alignment and Complementary
Fusion Transformer modules, resulting in 74.6% mAPS50. DDCINet [44] achieved
78.4% mAPS0 through dynamic cross-modal feature interaction.

Although these methods utilize complex fusion modules, our experiments reveal
that a simple feature concatenation strategy combined with an adapted strong
backbone achieves higher performance (Table 4). Specifically, all fusion levels in our
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method, even when relying solely on straightforward concatenation, consistently
surpass the mAP50 results of the aforementioned methods, achieving over 82%
mAP50 on the DroneVehicle dataset. This remarkable performance can be attributed
to several factors. First, although we use simple concatenation, it is integrated into the
network at an appropriately selected stage, enabling effective combination of
modality-specific information while preserving critical spatial details. Second, the
adapted YOLOvI11 backbone, which we modify to simultaneously process dual input
streams (RGB and IR), provides strong feature extraction capabilities that facilitate
effective multimodal learning even without complex fusion operations. Third, while
complex fusion modules aim to model intricate cross-modal interactions, they may
inadvertently introduce noise, redundancy, or optimization difficulties, especially in
UAV scenarios with weakly aligned modalities. In contrast, a simpler concatenation
approach avoids unnecessary complexity, allowing the network to learn modality
interactions more naturally through end-to-end training.

Table 4. Comparison of state-of-the-art fusion techniques on the DroneVehicle dataset

Models Modality Car Truck Bus Freight Van mAP50(%)
YOLO11 (RGB only) [9] RGB 97.0 75.8 95.3 54.3 58.5 76.2
YOLO11 (IR only) [9] IR 98.4 78.2 95.0 66.0 59.2 79.4
CALNet (2023) [30] RGB+IR 90.3 76.2 89.1 63.0 58.5 754
C2Former (2024) [29] RGB+IR 90.2 68.3 89.8 64.4 58.5 74.2
CAGTDet (2024) [34] RGB+IR 90.8 69.7 90.5 66.3 55.6 74.6
DDCINet (2025) [44] RGB+IR 91.0 78.9 90.7 66.1 65.5 78.4
Early fusion (Ours) RGB+IR 98.6 81.8 96.4 69.2 61.8 81.6
Middle fusion (Ours) RGB+IR 98.6 83.3 96.6 72.3 63.6 82.9
Early-middle fusion (Ours) RGB+IR 98.6 82.9 96.7 71.2 64.1 82.7

Beyond achieving the highest mAP50 across all evaluated categories, the proposed
dual-stream RGB-IR fusion models exhibit strong robustness under diverse
environmental conditions. As shown in Table 4, models utilizing both RGB and IR
modalities consistently outperform their single-modality counterparts. In favorable
lighting conditions, RGB-only models benefit from rich texture and color details, but
their performance drops in low-visibility scenes. Conversely, IR-only models retain
reasonable detection capability in poorly lit environments by leveraging thermal
signatures, yet lack spatial detail in complex scenes. The proposed fusion models
effectively combine these complementary strengths.

Although the proposed fusion model achieves high overall performance with an
mAP50 of up to 82.9%, its accuracy across object categories is not entirely uniform.
Notably, the Van class records a relatively low mAP50 of 63.6%, which is
significantly lower than other categories such as Car or Truck. This suggests that the
model has not yet fully leveraged the complementary strengths of RGB and IR
modalities in detecting objects that are small, have varying shapes, or are frequently
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occluded. These characteristics make such objects more challenging to identify,
especially in complex aerial scenes.

It is important to highlight that the main objective of the study is to investigate
where feature fusion should occur within the network, rather than to develop a new
fusion mechanism. Therefore, while the current results validate the effectiveness of the
chosen fusion position, future research will aim to improve the fusion strategy itself.
Specifically, enhancing the model’s ability to capture difficult object classes-like Van-
will be a key focus, especially for real-world UAV applications where these targets are
operationally important but easily missed.

6. Conclusion and future work

The study analyzed the impact of fusion depth and configuration on UAV-based
object detection using RGB and IR images. Our experiments showed that middle
fusion outperforms early and late fusion in detection accuracy, precision, and recall.
Early fusion, while slightly less accurate, provided faster inference and smaller model
size, making it suitable for real-time applications. Multi-position fusion strategies,
particularly early-middle fusion, struck the best balance between accuracy, model size,
and inference speed. However, the early-middle-late fusion configuration offered no
additional performance gains and increased computational costs. These findings
highlight the importance of selecting an appropriate fusion depth to balance detection
performance and computational efficiency in UAV-based object detection systems.

Future research could explore the integration of advanced fusion techniques, such as
attention mechanisms or multi-modal transformers, to further improve feature alignment
and performance. Additionally, investigating adaptive fusion strategies that dynamically
adjust based on input conditions or task requirements could provide more efficient
solutions for UAV-based detection systems.
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PHAN TICH THUC NGHIEM VIEC KET HOP
PAC TRUNG CUA ANH RGB-IR TRONG PHAT HIEN

150)| TUONG TREN ANH UAV

Nguyén Thi Lan, Tran Cao Trudng

Tém tat

Phat hién ddi tugng dua trén UAV dong vai trd quan trong trong nhiéu tng dung nhu
giam sat, quan ly thién tai va hoat dong quan sy. Tuy nhién, cic phuong phap truyén thong
thuong gdp kho khén trong diéu kién 4nh sing kém hodc khi doi tugng bi che khuit. D&
khic phuc nhiing han ché nay, cic nghlen cuiu gan day da tap trung vao viéc két hdp gitta
4nh nhin thiy (RGB) va anh hong ngoai (IR) nhiam khai thac cic uu diém bo sung cuda hai
loai dit liéu nay. Trong s6 cdc chién ludc két hop anh hién c6, két hop & cap do dac trung
(feature-level fuszon) nhéan dugc nhiéu su quan tim nhg tinh linh hoat trong viéc Iva chon vi
tri két hop va kha nang tn dung cac m6 hinh hoc séu, dan dén hiéu sut thudng vudt troi so
v6i phuong phap két hdp G cap do plxel hoic cip do quyet dinh. Trong bai bao nay, chung
toi tién hanh phan tich thuc nghiém cé hé thong dudi cung mot framework nhim danh gia
4nh hudng ctia vi tri két hgp déc trung dén hiéu suit phat hién. Két qua thuc nghlem trén bd
du liéu DroneVehicle cho thiy: khi thuc hién két ‘'hop tai mot vi tri duy nhat, viéc tich hop 6
tang gitta (middle Jfusion) mang lai sy can bang t6i uu g1u‘a dd chinh xdc phat hién va téc do
suy luén, trong khi chién lugc két hdp da vi tri & giai doan early -middle tiép tuc ning cao
do chinh xdc dinh vi d6i tugng, dii di kém v6i mic ting nhe vé do phiic tap tinh toan.

Tu khoa

Phat hién d6i tuong trén anh UAV; két hop anh mic dic trung; hoc sau; két hop anh
RGB-IR.
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