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Abstract. Computer-based multi-sensor fusion can enhance the perception capabilities of drones (UAVs) in a new way, 
enabling them to tackle complex navigation and target recognition problems in the real world. This paper proposes a modular 
drone platform that combines visible spectrum RGB and thermal infrared cameras to mitigate the limitations of single-modal 
systems under adverse weather, fluctuating lighting conditions, and complex backgrounds. The system uses precise 
hardware synchronization, stable spatial calibration, and a multi-level fusion structure that combines pixel-level and feature-
level data. For experimental evaluation, over 218,000 different synchronized image pairs were collected under bright, dim, 
dark, and low visibility conditions. According to the benchmark data, the proposed fusion method achieved an average 
accuracy of 87.6% under foggy and rainy conditions, which is 13% higher than the single-sensor baseline. The recall rate is 
also higher; in other words, the ratio of true positives to false negatives is relatively high, and the fusion system performs 
better in the challenge. In order to achieve real-time operation of drones, the detection delay should not exceed 90 
milliseconds. According to comparisons of different scales, urban and rural areas are relatively common. The above results 
indicate that in order to achieve reliable and high-confidence identification under complex aerial monitoring conditions, 
multiple sensors need to be used. These advancements have made drones more practical in fields such as security, 
environmental monitoring, and industrial inspection. 
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Introduction 
Drones (UAVs) have been widely used in the following fields [1]: traffic monitoring, emergency response, 
precision agriculture planning, environmental observation, and remote and hard-to-reach locations. In order to 
achieve autonomous situational awareness and timely decision-making in flight using UAV technology, it is 
essential to continuously improve onboard perception and recognition systems [2]. Although the resources of 
embedded hardware in drones are limited, significant progress has been made in object detection. However, 
currently, the best computer vision algorithms are usually based on deep learning frameworks [3]. However, 
platforms that use only a single visible spectrum camera typically cannot handle all real-world situations, such 
as low light, complex backgrounds, harsh weather, or partially occluded objects [4]. Therefore, to overcome the 
limitations of single-modal observation and enhance the richness and stability of data in non-ideal environments, 
various multi-sensor perception technologies have been recently adopted [5]. In environments where visible 
light images lack distinct distinguishing features, combining thermal infrared sensors with visible light cameras 
can improve detection stability, thus attracting widespread attention [6]. In multimodal systems, utilizing 
spectral complementarity can enhance the separation between the target and background clutter. This method 
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is applicable to various situations, such as day-night cycles, different weather conditions, and occlusions [7]. 
Therefore, the new generation of intelligent drone platforms all use powerful multi-sensor systems [8]. 

High-performance multi-sensor UAV systems need to consider factors such as sensor synchronization, spatial 
calibration, and real-time fusion algorithms during design, as these factors remain challenging in engineering [9]. 
For constantly moving and shaking drones, accurately synchronizing the time and space of their different 
channels is also a challenge [10]. Fusion algorithms must address issues of heterogeneous data representation, 
noise characteristics, and uncertainties brought by dynamic environments and changes in perspective [11]. Pixel-
level (early), feature-level (mid), and decision-level (late) fusion are some of the proposed fusion strategies. 
These strategies have different considerations in terms of computational cost, latency, and adaptability [12]. In 
addition, with the development of deep learning, new adaptive fusion frameworks have been developed. 
Attention mechanisms and dynamic weighting schemes are also used to adjust the contribution of sensors based 
on environmental changes [13]. However, recent benchmark studies have found that large, diverse, and well-
annotated multi-sensor drone datasets are insufficient for effective model evaluation [14]. Moreover, few 
studies conduct comprehensive comparisons of fusion strategies; most research focuses only on specific 
synthetic benchmarks or scenarios, making them difficult to apply broadly in real operational environments [15]. 

Therefore, we propose an end-to-end multi-sensor fusion system for target recognition based on drones, with 
a focus on building a system that can reliably operate in various complex environments. High-fidelity 
synchronization, calibrated data acquisition, and a scalable fusion module for a single drone system are our three 
modules. We have carefully studied various state-of-the-art fusion methods, which have been conducted on 
large-scale real-world datasets that have been expanded to maximize environmental and target category 
diversity. Based on the aforementioned quantitative and qualitative analyzes, we have determined that 
multimodal fusion is more suitable than single-sensor baselines for developing robust drone perception systems. 

Literature Review 

Target Recognition in UAV Systems 

The demand for autonomous perception in the real world has also led to rapid development in the field of drone 
target recognition [16]. Template matching and background subtraction algorithms initially helped with aerial 
detection; however, they are not suitable for the complexities of multi-scale scenes, high-speed motion, or 
changes in lighting conditions [17]. YOLO and Faster R-CNN have been used in recent years to improve the 
detection accuracy of deep convolutional neural networks (CNNs) within limited onboard computing capabilities, 
indicating that CNNs have made significant progress [18]. Model pruning and quantization techniques have 
recently been widely used to meet the specific requirements of drones, such as image noise, flexible flight, and 
altitude variation [19]. In order to achieve better generalization capabilities outside of controlled laboratory 
environments, researchers continuously optimize the structure of public drone datasets to adapt to various 
weather and occlusion conditions [20]. 

Methods based on transformers can address the spatial and temporal dependencies in aerial videos. Recently, 
researchers have begun to focus on these methods [21]. However, practitioners still report difficulties in reliably 
identifying targets under low-contrast conditions or in cluttered nighttime scenes [22]. Due to the 
aforementioned shortcomings, the current focus is on achieving high operational stability and low-latency 
inference in dynamic environments [23]. 

Multi-Sensor Fusion for Environmental Adaptation 

Multisensor fusion is currently widely used to improve the shortcomings of single-modal systems in drones [24]. 
Early integration is usually a simple method of pixel-level fusion. Although they are convenient to implement, 
they cannot handle highly heterogeneous scenes or provide semantic understanding [25]. Currently, most 
research focuses on more complex feature and decision-level strategies to better integrate various signals and 
enhance contextual awareness [26]. Adaptive fusion pipelines based on neural attention or ensemble learning 
have been used to dynamically adjust information combination methods to adapt to significant changes in the 
environment. Improving the calibration and real-time integration capabilities of aerial platforms remains an 
engineering challenge. Therefore, research is being conducted to achieve the goal of high-precision synchronous 
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acquisition from multiple sensors [27]. By using environment-dependent strategies to process cross-modal data, 
recent Transformer-based fusion methods have made progress. Research shows that the detection robustness 
and illumination invariance of fusion models significantly increase in cases of occlusion or insufficient lighting 
[28]. 

Methodology 

System Configuration and Sensor Layout 

This article uses a modular drone multi-sensor platform that can operate normally in various environments. An 
RGB visible light camera and a long-wave infrared (thermal imaging) sensor are mounted on the body, with the 
latter located on a shockproof gimbal. Since both sensors are rigidly co-mounted with known relative external 
parameters, accurate spatial correlation can be achieved. The CPU organizes the sensors to collect, store, and 
communicate data, and then communicates with the ground station via a high-speed radio frequency link. 
Spatial separation and good installation geometry can ensure large field-of-view overlap and reduce parallax 
errors. 

The spatial configuration can be formalized as follows. Given the transformation matrix 𝐓𝐓𝑉𝑉𝑉𝑉  mapping the 
thermal sensor to the visible camera coordinate system, the position of a target point in the RGB frame 𝐱𝐱𝑉𝑉 can 
be written as: 

𝒙𝒙𝑉𝑉 = 𝑹𝑹𝑉𝑉𝑉𝑉𝒙𝒙𝑇𝑇 + 𝒕𝒕𝑉𝑉𝑉𝑉 Eq.(1) 
where 𝐑𝐑𝑉𝑉𝑉𝑉  is the rotation matrix and 𝐭𝐭𝑉𝑉𝑉𝑉 is the translation vector between the modalities. 

Sensor alignment is further governed by field-of-view constraints. Let 𝜃𝜃𝑉𝑉 and 𝜃𝜃𝑇𝑇 be the FOV angles for visible 
and thermal cameras, respectively. The spatial overlap 𝑂𝑂 can be heuristically defined as: 

𝑂𝑂 =
𝑚𝑚𝑚𝑚𝑚𝑚(𝜃𝜃𝑉𝑉 ,𝜃𝜃𝑇𝑇)
𝑚𝑚𝑚𝑚𝑚𝑚(𝜃𝜃𝑉𝑉 ,𝜃𝜃𝑇𝑇) Eq.(2) 

A key requirement for reliable multi-modal fusion is temporal correspondence between paired sensor frames. 
The allowable synchronization error Δ𝑡𝑡sync  can be bounded by 

𝛥𝛥𝑡𝑡sync <
1
2
⋅
𝐷𝐷fov 

𝑣𝑣𝑈𝑈𝑈𝑈𝑈𝑈
 Eq.(3) 

where 𝐷𝐷𝑓𝑓𝑓𝑓𝑓𝑓 is the diagonal of the shared field of view and 𝑣𝑣𝑈𝑈𝑈𝑈𝑈𝑈  is the UAV's maximum velocity, thus reducing 
motion-induced misalignment. Figure 1 shows the structure and organization of the system's physical layout. As 
shown below, the modular body, vibration-isolated gimbal, visible light and thermal imaging sensors, and 
integrated communication and power management hardware are the main internal modules. In order to ensure 
the stability of the aforementioned key components, synchronized data acquisition should be implemented. This 
will lay the foundation for subsequent sensor fusion and high-precision recognition. 

 
Figure 1. System Configuration of UAV Multi-Sensor Platform. 
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The visible camera is chosen for its high resolution and wide dynamic range, capturing finegrained spatial 
features essential in daylight or clear-weather scenarios. In contrast, the thermal sensor operates in the 8 −
14𝜇𝜇 m band, detecting emissivity patterns independent of visible illumination, which is particularly valuable 
under low-light and obscured conditions. Each data frame contains precise time information, as they are 
hardware-driven. During the flight, a long-lasting power supply will be used, and high-speed wireless 
transmission will be employed to quickly transfer data to the processing end. 

Data Acquisition, Synchronization and Processing Pipeline 

At the initial stage of the data acquisition pipeline, the hardware synchronization of the visible light and thermal 
sensors is digitally triggered by the onboard CPU. For subsequent multimodal processing, each acquisition cycle 
generates a pair of time-aligned RGB and thermal imaging frames. Both have synchronized timestamps. 
Temporarily store the raw sensor data in a small portion of the high-speed onboard memory, using redundancy 
to prevent data loss during communication failures. 

First, perform the initial geometric calibration for the device. The purpose of the calibration procedure is to 
determine the internal parameters of the two cameras and the relative position between their coordinate 
systems. It will achieve this by minimizing the total reprojection error of matched features from the two sensor 
modes. The pixel mapping for the calibrated pairs is as follows: 

𝒑𝒑𝑉𝑉 = 𝑲𝑲𝑉𝑉[𝑹𝑹 ∣ 𝒕𝒕]𝑷𝑷𝑊𝑊 Eq.(4) 
where 𝐩𝐩𝑉𝑉 is the homogeneous pixel coordinate in the visible image, 𝐊𝐊𝑉𝑉  is the intrinsic matrix, (𝐑𝐑, 𝐭𝐭) are extrinsic 
parameters, and 𝐏𝐏𝑊𝑊 is the 3D world point. 

The calibration target detection in both sensors can be formulated as a feature matching problem: 

𝒞𝒞match = � 
𝑀𝑀

𝑗𝑗=1

�𝑓𝑓𝑗𝑗𝑉𝑉 − 𝑓𝑓𝑗𝑗𝑇𝑇�2
2
 Eq.(5) 

where 𝑓𝑓𝑗𝑗𝑉𝑉 and 𝑓𝑓𝑗𝑗𝑇𝑇 denote the descriptors for matched features in visible and thermal data, and 𝑀𝑀 is the total 
number of correspondences. 

For optimal calibration, an overall cost function is minimized: 

ℒcalib = 𝜆𝜆1𝒞𝒞proj + 𝜆𝜆2𝒞𝒞match  Eq.(6) 
where 𝒞𝒞proj  is the sum of squared reprojection errors, 𝒞𝒞match  is the feature descriptor matching loss, and 𝜆𝜆1, 𝜆𝜆2 
are task-dependent weights. 

After calibration, the synchronized data will undergo online preprocessing to reduce noise, enhance contrast, 
and crop the sensitive detection areas to improve the reliability of the detection. Only when the preprocessed 
data meets the above conditions can the data be sent to the fusion stage: 

‖𝑡𝑡𝑉𝑉 − 𝑡𝑡𝑇𝑇‖ < 𝛿𝛿𝑡𝑡 Eq.(7) 
where 𝑡𝑡𝑉𝑉 and 𝑡𝑡𝑇𝑇 are timestamps of visual and thermal frames, and 𝛿𝛿𝑡𝑡 is the allowable time deviation for fusion 
input eligibility. 

The data pipeline structure is used for synchronized collection, calibration, buffering, and preprocessing, as 
shown in Figure 2. The diagram clearly depicts the preparation process of the multimodal sensor stream for 
subsequent recognition. 
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Figure 2. Workflow of Data Acquisition and Alignment. 

Fusion Methods and System Workflow 

The accuracy, flexibility, and theoretical validity of multi-sensor target recognition depend on the design of the 
fusion algorithm. In order to enhance the robustness of detection in dynamic operational environments, this 
paper establishes a structured multi-level fusion framework to integrate at the pixel and feature levels. A fusion 
architecture is proposed, aiming to convert the raw heterogeneous data from multiple sensors into a consistent 
target hypothesis. 

Central to this pipeline is the geometric alignment of visible and thermal imagery. Given a preestimated 
transformation matrix 𝐓𝐓𝑉𝑉𝑉𝑉, spatial warping projects thermal data onto the visible sensor plane. The registered 
thermal image 𝐼𝐼𝑇𝑇  at pixel (𝑢𝑢, 𝑣𝑣) is computed as: 

𝐼𝐼𝑇𝑇(𝑢𝑢, 𝑣𝑣) = 𝐼𝐼𝑇𝑇 �𝑨𝑨 �
𝑢𝑢
𝑣𝑣
1
�� Eq.(8) 

where 𝐼𝐼𝑇𝑇(⋅) denotes the thermal image and 𝐀𝐀 is the affine matrix derived from 𝐓𝐓𝑉𝑉𝑉𝑉. 

Local refinement operations reduce the feature differences in the neighborhood window to correct minor 
misalignments and maintain the stability of cross-modal correspondences: 

𝑚𝑚𝑚𝑚𝑚𝑚
𝛥𝛥𝛥𝛥,𝛥𝛥𝛥𝛥

  �  
(𝑖𝑖,𝑗𝑗)∈𝒩𝒩(𝑢𝑢,𝑣𝑣)

�𝐼𝐼𝑉𝑉(𝑖𝑖, 𝑗𝑗) − 𝐼𝐼𝑇𝑇(𝑖𝑖 + 𝛥𝛥𝛥𝛥, 𝑗𝑗 + 𝛥𝛥𝛥𝛥)� Eq.(9) 

where (Δ𝑢𝑢,Δ𝑣𝑣) are local adjustment parameters and 𝒩𝒩(𝑢𝑢, 𝑣𝑣) denotes the neighborhood around pixel ( 𝑢𝑢, 𝑣𝑣 ). 

In order to determine the reliability of each region, pixel-level fusion adjusts the relative weights of various 
modalities and then performs a weighted combination: 

𝐼𝐼𝐹𝐹(𝑢𝑢, 𝑣𝑣) = 𝛽𝛽(𝑢𝑢, 𝑣𝑣)𝐼𝐼𝑉𝑉(𝑢𝑢, 𝑣𝑣) + [1 − 𝛽𝛽(𝑢𝑢, 𝑣𝑣)]𝐼𝐼𝑇𝑇(𝑢𝑢, 𝑣𝑣) Eq.(10) 
where 𝐼𝐼𝑉𝑉(𝑢𝑢, 𝑣𝑣) is the visible-domain intensity, and 𝛽𝛽(𝑢𝑢, 𝑣𝑣) is a spatially varying fusion coefficient computed 
from local signal statistics. 

Feature-level fusion is then realized using deep-learned representations from both channels. Let 𝐟𝐟𝑉𝑉 and 𝐟𝐟𝑇𝑇 be 
the feature vectors extracted from aligned visible and thermal images; these are projected into a shared latent 
space as follows: 

𝒇𝒇𝐹𝐹 = 𝑾𝑾1𝒇𝒇𝑉𝑉 + 𝑾𝑾2𝒇𝒇𝑇𝑇 + 𝒃𝒃 Eq.(11) 
where 𝐖𝐖1,𝐖𝐖2, and 𝐛𝐛 are trainable parameters that adaptively weight cross-modal features. 
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For hypothesis evaluation, the confidence scores of the candidates are based on the normalized softmax 
association distribution: 

𝑆𝑆 =
𝑒𝑒𝑒𝑒𝑒𝑒 (𝒇𝒇𝐹𝐹⊤𝒒𝒒)

∑  𝑗𝑗  𝑒𝑒𝑒𝑒𝑒𝑒 �𝒇𝒇𝐹𝐹,𝑗𝑗
⊤ 𝒒𝒒�

 Eq.(12) 

where 𝐪𝐪 is a query embedding and 𝐟𝐟𝐹𝐹,𝑗𝑗  enumerate fused feature candidates in the current frame. 

Temporal integration further refines recognition by synthesizing observations across time. The estimated 
trajectory state 𝐱̂𝐱𝑡𝑡 at frame 𝑡𝑡 is recursively updated through Bayesian filtering: 

𝒙̂𝒙𝑡𝑡 = �  𝒙𝒙𝑝𝑝(𝒙𝒙 ∣ 𝒟𝒟1:𝑡𝑡)𝑑𝑑𝒙𝒙 Eq.(13) 

with 𝒟𝒟1:𝑡𝑡 representing all fused observation data up to time 𝑡𝑡, and 𝑝𝑝(⋅) the corresponding posterior probability 
over state variables. 

When used together, spatial alignment, local refinement, pixel-wise fusion, deep feature abstraction, 
probabilistic target matching, temporal filtering, and spatial alignment form a powerful and scalable multi-
sensor fusion workflow for drones. The thoughtfully modular design of the pipeline can adapt to operational 
conditions of various scales and scenarios. In order to maintain a high recognition rate in controlled and 
challenging real-world environments, these pipelines are designed to adapt to various types of operating 
conditions. 

Experiments and Results 

Experimental Setup and Environmental Scenarios 

All experiments were conducted on a standardized testing platform, which integrates aligned RGB and thermal 
imaging sensors to ensure the stability and repeatability of the proposed multi-sensor recognition framework 
for drones. The NVIDIA Jetson Xavier NX onboard module has computational resources and a single storage area, 
which can be used for high-speed data processing and the storage of onboard and ground station data. 

A complete set of data was collected from 36 different flight operations, resulting in approximately 218,000 
pairs of synchronized RGB thermal imaging images. Systematically designed data collection to simulate actual 
drone operations. These data include typical variations in scene illumination, target density, background 
complexity, atmospheric turbulence, and thermal characteristics. Clear days, dusk or dawn, nighttime, and low 
visibility (fog, rain, or haze) are the four basic environments. Fly randomly within a height range of 40 to 120 
meters. The ground truth was created by experts manually annotating and GPS anchoring measurement points 
[29]. 

The general division of the scene and the structure of the dataset are shown in Figure 3. The main statistical 
chart in this figure will provide an empirical basis for the subsequent comparative analysis in this paper. 

Figure 3(a) shows the distribution of samples in the environment. Among all the samples, 34% were collected 
under clear skies, 25% at dawn or dusk, 21% at nite, and 20% under fog or haze. It is worth noting that this 
dataset includes over 41% of samples collected at nite and under low visibility conditions. Therefore, this dataset 
provides modern drones (UAVs) with more samples related to complex environments [30]. 

The annotation protocol is based on an object-centered taxonomy. To better facilitate cross-domain 
comparisons, all instances are classified as vehicles, people, infrastructure, or unknown/unclassified objects. 
Figure 3(b) shows the bar chart of the target count per frame in four environments. In clear sky scenes, the 
average number of targets per frame is 5, with a maximum of 17. Under twilight and dawn conditions, the 
number is three (ranging from 0 to 11), while at nite (approximately one per frame, ranging from 0 to 6) and in 
low visibility conditions (approximately two per frame, ranging from 0 to 8), it is the lowest. The above results 
indicate that high-density scenes are more common under favorable imaging conditions; conversely, in harsh 
environments such as nighttime or low visibility, sparse or blank frames are more likely to occur. Therefore, in 
such cases, detection and tracking algorithms need to pay special attention. 

The grouped bar chart in Figure 3(c) shows the relationship between the environment and the target types. On 
sunny days, vehicles and pedestrians are usually the most numerous objects. Their numbers are 80 and 60, 
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respectively, while the numbers for infrastructure and unknown objects are 55 and 30, respectively. The most 
common types of personnel are those in twilight and dawn environments, with 55 people; followed by a reduced 
number of vehicles and a few other objects. Among the personnel flying at nite, 34 and 38 people did not find 
any objects. In low visibility conditions, the number of people and unknown objects is equal. According to the 
distribution of patterns, as the environment deteriorates, the number of visible objects and the ambiguity of 
annotations may increase. 

 
Figure 3. Dataset stratification and statistical overview. (a) Proportion of collected samples under different environmental conditions. (b) 

Distribution of target count per frame across environments. (c) Distribution of target categories within each environment. 
 

The dataset is divided at the mission level, with the environmental categories in the training, validation, and test 
sets strictly non-overlapping to prevent category leakage or overfitting to some extent. To provide transparent 
and reproducible experimental analysis, meteorological conditions, sensor parameters, and drone telemetry 
data must be recorded synchronously [31]. Unless otherwise specified, all subsequent results are reported on 
the reserved test set with complete environmental coverage. 

Performance Metrics and Comparative Analysis 

The superior baselines in many existing studies have been tested in various environments to verify the practical 
application of the multi-sensor recognition framework for drones proposed in this paper and to encourage its 
promotion. The evaluation metrics that meet the PASCAL and COCO VOC standards include recognition accuracy, 
recall rate, F1 score, and detection delay [32]. The test set covers all scenarios under low visibility conditions, 
including daytime, dusk or dawn, nighttime, and all other situations. 

Here we present a detailed quantitative comparison of our multi-sensor fusion framework, RGB-only, thermal 
imaging-only, and post-fusion methods, as shown in Figure 4. As shown in Figure 4(a), under sunny conditions, 
our method achieves an accuracy of 92.4% and a recall rate of 91.1%, surpassing other methods by 3.5 
percentage points. As shown in Figure 4(b), although the light gradually decreases during dusk and dawn, the 
framework still achieves an accuracy of 90.2% and a recall rate of 88.6%. However, the basic accuracy of using 
only thermal imaging and only RGB decreased to 86.1% and 83.5%, respectively, while the accuracy of late fusion 
was 87.3%. Our model achieved higher average accuracy and recall rates, and its result variation was relatively 
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small, as shown in the bar chart in Figure 4(c). In this case, only the average accuracy of the RGB and thermal 
models were 74.1% and 78.2%, respectively, and the experimental results showed more variation. As shown in 
Figure 4(d), the box plot indicates that our method remains relatively stable under low visibility conditions. The 
median accuracy is 83.9%, with an interquartile range of only 2.3%. However, the performance of the unimodal 
method fluctuates less, with an RGB interquartile range of only 5.1%. 

 
Figure 4. Model performance comparisons across environmental scenarios. (a) accuracy and recall under clear day conditions; (b) accuracy 

and recall for each method in dusk/dawn; (c) distribution of recognition results at night; (d) accuracy of each baseline in low-visibility 
settings. 

 

 
Figure 5. Robustness and response time comparison across models. (a) F1 score versus environmental degradation index; (b) Kernel 

density and scatter plots of detection latency for all methods. 
 

Figure 5(a) shows the tracking of F1 scores under different levels of environmental degradation. This study used 
a comprehensive attenuation factor based on atmospheric and lighting conditions. The F1 scores of all methods 
decrease with the increase in the exponent. Nevertheless, our multi-sensor fusion model declines more slowly, 



Multi-Sensor Fusion of Thermal and Visible Cameras for UAV Navigation Target Recognition Applications 
https://doi.org/10.64972/jaat.2025v3.213p25e:335-347 

343 
 

with a slope of -0.22, and in the worst case, our F1 score still remains above 0.75. The thermal imaging-only and 
RGB-only models quickly drop below 0.6, while the performance of the late fusion model consistently remains 
below our 0.08 to 0.15. At severe degradation levels (above 0.7), the differences are statistically significant (𝑝𝑝 <
0.01) [33]. 

Drone applications require higher detection speeds. Figure 5(b) shows the distribution of all detection delay 
methods. Our framework is nearly real-time, with an average delay of 85 milliseconds and a standard deviation 
of 11 milliseconds. More than 95% of the detection times are 105 milliseconds. The average latencies for the 
RGB, thermal, and late-fusion baselines, which are 111 milliseconds, are 108 milliseconds, 108 milliseconds, and 
106 milliseconds, respectively. These baselines have greater variance and longer tails, especially in complex or 
low-visibility scenarios. 

Robustness and Method Comparison 

In order to ensure that drone-based visual intelligence systems can operate normally, object detection 
algorithms must be able to handle various challenges and unpredictable situations in the real world. This section 
includes comprehensive testing and comparative analysis conducted under natural environments and controlled 
laboratory conditions, as well as other recently published studies [34]. 

In Figure 6, the quantitative results obtained by all detection models under environmental stress are summarized. 
First, regarding detection accuracy, Figure 6(a) shows that the proposed multi-sensor fusion framework achieved 
accuracy values of 88.3%, 87.1%, and 87.6% under fog, rain, and low-light conditions, respectively. The average 
accuracy value for each scene is 87.6%. The baseline using only RGB is 74.2%, 76.1%, and 72.4%, with an average 
of 74.2%. The average accuracy of the thermal imaging and post-fusion methods alone are 79.2% and 79.5%, 
respectively. Combining these two sources improves accuracy by over 13% compared to using RGB alone, and 
by about 8% compared to using thermal imaging alone. This improvement can be seen in all adverse weather 
conditions. Therefore, to address the ongoing issue of environmental pollution, various methods can be 
employed [35]. 

Figure 6(b) shows the composition of recall rates to further investigate the reasons for detection errors. The 
fusion method achieved 81 true positives; RGB, thermal imaging, and post-fusion achieved 65, 69, and 71 true 
positives, respectively. The number of false negatives was 10 for the fusion method, 19 for RGB, 14 for thermal 
imaging, and 15 for post-fusion. The fusion framework had nine missed detections, while other models had 
between fourteen to seventeen. Due to the reduction in missed detections and false negatives caused by dense 
fog and heavy rain, sensor fusion improved the recall rate [36]. 

Figure 6(c) shows that in rural, suburban, and urban environments, robustness increases the complexity of the 
scene. The proposed method's missed detection rate is slightly higher in rural areas, at 9.2%; in urban areas, it 
is slightly higher, at 12.7%. However, the error rate of using only the RGB method is relatively high, reaching 26% 
in areas with more buildings. When the scene density and overlap increase, the methods using only thermal 
imaging and post-fusion become more unstable. Due to the aforementioned stability, multimodal fusion can be 
used for complex real-world drone operations [37]. 

Figure 7 shows a more detailed examination of the robustness levels for failure cases. Figure 7(a) shows that the 
multi-sensor fusion method has fewer detection failures in all the aforementioned categories (sensor occlusion, 
motion blur, and target scale variation). Compared to other baselines, occlusion-related failures were reduced 
by over 40%. Figure 7(b) shows that under low visibility conditions, the fusion method achieved the highest and 
most stable detection confidence, with a median close to 0.84 and a small interquartile range. In the unimodal 
and post-fusion baseline methods, the median confidence level is lower and the degree of dispersion is smaller, 
approximately 0.77-0.81. 

Finally, due to the increase in environmental issues, the above methods were subjected to fault detection 
robustness testing. As shown in Figure 7(c), even under the most adverse conditions, the proposed model still 
achieves a relatively high true positive rate of 0.86. The values for RGB only, thermal imaging only, and post-
fusion only are 0.73 and 0.77, respectively. Therefore, as the problem became more complex, a more reliable 
multi-sensor fusion method was adopted [38]. 
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Figure 6. Quantitative comparison of detection methods in challenging environmental scenarios. (a) Detection precision across fog, rain, 

and low-light conditions (b) Recall composition by detection result (c) Miss rate as a function of scene complexity 
 

 
Figure 7. Statistical analysis of failure cases and robustness. (a) Sources of detection failure (b) Dispersion of confidence scores in low-

visibility condition (c) Robustness index as environmental challenge increases 
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Conclusion 
This paper conducts an in-depth study on robust target detection through multi-sensor fusion in drone-based 
visual intelligence systems. This study includes various harsh and degraded environmental conditions. Through 
multiple ordered comparisons of the best-performing unimodal and fusion baseline models, all proposed 
experiments indicate that the multi-sensor framework can significantly improve detection accuracy, recall rate, 
and robustness. The model performed well in tests, operating effectively in controlled environments such as fog, 
rain, and low-light conditions. In addition, it can reliably operate in various complex real-world environments. 
The above results indicate that combining sensor fusion methods will reduce the drawbacks of single sensors 
and ensure reliable operation in all weather conditions. 

Although this study has some significant advantages, it is still not perfect. The experimental data includes various 
environments and targets, but the number and diversity of extreme or rare weather events are still limited. The 
current framework is modular and interpretable, but it does not consider the computational lightweighting for 
low-power devices. In resource-limited situations, the real-time deployment of large-scale fleet operations 
needs further optimization to reduce power consumption and model latency. Data representation and learning 
strategies need optimization, as detection algorithms still have shortcomings in fast traffic areas and high-
density cities. 

Future research will focus on three key directions. First, efforts will be made to expand the range and diversity 
of data by incorporating more complex and rare weather phenomena, as well as other target species types. The 
model architecture will be further optimized to achieve real-time onboard processing, thereby deploying robust 
fusion algorithms on embedded drone hardware without compromising performance. The research will aim to 
explore adaptive and uncertainty-aware fusion strategies that can dynamically adjust to cope with unpredictable 
real-world scenarios. These steps will pave the way for scalable, reliable, and energy-efficient aerial perception 
systems that can support critical tasks in civil and industrial drone applications. 
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