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Abstract. To operate in complex and dynamic environments, intelligent systems require multiple sensors. Traditional deep 
learning models are difficult to interpret, and therefore cannot meet the transparency requirements for audit trails in safety-
critical applications. This study proposes a novel transparent deep learning framework for multi-sensor perception. To 
achieve high performance and interpretability, the framework adopts a modular fusion architecture and embeds 
interpretability modules. For the above tests, over 160,000 synchronized samples of heterogeneous sensor data were 
collected from urban driving and industrial inspection datasets. According to the experimental results, the proposed method 
achieved an accuracy of 96.4% and a macro F1-score of over 91% in the case of partial sensor failures. The method also 
improved accuracy by 4.1% compared to the classical fusion baseline and robustness by 5.8%. According to the 
interpretability consistency score, the system reduces attribution stability and cross-class misclassification by 23%. The 
results indicate that the framework can adaptively adjust the weights of different sensors and can also function normally 
under various adverse conditions. The explainable multi-sensor perception framework is expected to be used in high-safety 
fields such as medical diagnosis, autonomous driving, and industrial automation, enhancing the reliability and transparency 
of intelligent systems. 
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Introduction 
Multisensor perception has recently been used to develop various intelligent systems, such as robots, 
autonomous vehicles, and other types of automated equipment. In order to expand the world model and 
enhance the robustness of AI agents in complex and unstable environments, data is collected using gyroscopes 
and other data sources. A large number of diverse and redundant sensors can be used to reduce uncertainty 
and the consequences of individual sensor failures [1]. As systems become more complex, determining which 
behaviors are reasonable, normal, or safe also becomes increasingly difficult [2]. Due to the powerful nonlinear 
classifiers, deep learning models excel in object recognition, environment mapping, and event recognition [3]. 
Despite these improvements, the black-box nature of deep neural networks still cannot be fully understood and 
verified. This makes debugging or compliance testing for high-assurance applications more difficult [4]. In order 
to ensure the safe, fair, and efficient human-machine collaborative control of high-risk, multimodal applications, 
regulatory agencies and industry practitioners have begun to demand the development of more interpretable 
and explainable artificial intelligence systems [5]. 

Many researchers have recently published papers studying the issues of multi-sensor fusion and model 
interpretability. Early fusion, late fusion, and hybrid fusion are the three components of fusion strategies. More 
and more researchers are able to leverage the spatiotemporal dependencies of sensor channels [6]. Attention 
visualization, hierarchical relevance propagation, and saliency mapping are methods used to study the decision-
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making processes of neural networks in explainable artificial intelligence (XAI) [7]. These techniques improve the 
interpretability of deep learning systems, but there are still significant shortcomings in the practical application 
within heterogeneous sensor networks [8]. For example, since most current models do not provide structured 
explanations at the decision or fusion layers, auditors, operators, and users find it difficult to gain trust [9]. 
Sensor dropouts, input channel failures, or noise can exacerbate the problem, potentially leading to significant 
failures in applications such as autonomous driving in harsh weather, medical devices processing multiple 
physiological signal sources, or distributed anomaly detection in industrial monitoring [10]. In light of these 
circumstances, transparent model inference and system health monitoring mechanisms are no longer the ideal 
goals of research. On the contrary, it helps with human-machine collaboration and meeting regulatory standards. 

This paper introduces a novel explainable deep learning framework for transparent multi-sensor perception 
based on the above analysis. The three objectives of the new system are as follows: first, to construct an open 
and modular fusion model that allows both algorithms and humans to inspect all parts of the integration process; 
second, to provide layered and context-aware explanations for system developers and end users to enhance the 
understanding, trust, and auditability of The main achievements of this study include the introduction of 
architectural redesign, the explicit incorporation of interpretability at key points in the model, the creation of 
new evaluation metrics based on transparency, and the demonstration of cross-domain transferability and 
application in a wide range of sensor fields. The research and application of transparent multi-sensor perception 
under explainable deep learning will be established by this paper. To support the aforementioned goals, 
theoretical foundations and technical solutions will be provided. 

Related Work 

Multi-Sensor Perception Techniques 

Multi-sensor perception is the cornerstone of many intelligent technologies such as autonomous driving, smart 
manufacturing, and medicine. The initial solutions assumed that sensor attributes and the environment were 
stable, using simple weighted averages or rule-based heuristic methods [11]. Early, late, and hybrid fusion 
models were proposed as the system's complexity increased; these models each have their own advantages in 
terms of modularity and the use of relevant data [12]. Hybrid fusion combines features at multiple levels of 
abstraction; early fusion focuses on joint integration of features at the raw data level; late fusion combines the 
results of different independent pipelines. The environmental recognition and production quality monitoring of 
autonomous vehicles is an example of the success of the aforementioned methods in many aspects [14]. Specific 
modal noise, semantic ambiguity, and synchronization mismatches remain issues. The stability and 
interpretability of dynamic or noisy systems decline [15]. 

Explainable Deep Learning Approaches 

The demand for explaining deep learning models is also increasing. Class Activation Maps (CAM), Layer-wise 
Relevance Propagation, Saliency Maps, and attention-based visualizations are all significant achievements that 
help identify the features used by models for prediction [16]. The application of Explainable Artificial Intelligence 
(XAI) technology helps in making important decisions [17]. Despite some improvements, there are still some 
limitations. For example, high-dimensional data and redundant features may make interpretations unreliable 
[18]. Deep and complex architectures may lead to inconsistent model attribution. Due to the low transferability 
of many XAI methods, they are only applicable to specific models and data [19]. Current research has begun to 
integrate interpretability modules into model construction and improve the mathematical metrics of 
explanation quality, but interpretability remains difficult to achieve for critical task systems [20]. 

Transparency in AI Systems 

Ensuring AI transparency means that all participants can understand and examine the models, processes, and 
results. This is closely related to the auditability and contestability of system accountability [21]. The 
transparency of developing safe-use systems according to international standards is becoming increasingly 
important [22]. In the real world, verifying the results of medical analyzes and tracking the logical processes of 
autonomous vehicles are both necessary [23]. Due to the complexity of multi-sensor environments, achieving 
transparency will be a challenge. Otherwise, the computational cost of multi-channel data recording will be very 
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high, and real-time interpretability tools will be needed [24]. Currently, most solutions only offer partial 
transparency, lacking a complete system to provide clear structure, process demonstration, and comprehensive 
results. The next models should be more transparent and open [25]. 

Methodology 

Framework Overview 

In order to ensure the transparency of multi-sensor perception in safety-critical applications, this study proposes 
the modular structure and interpretability of a deep learning framework. Perform time synchronization and 
spatial normalization to process raw data streams from different sensors, such as images, LiDAR, radar, and 
environmental modules. Three different data types each enter the multi-head attention mechanism. The 
encoder of a specific modality maps the input to a single high-dimensional latent space that supports general 
cross-modal representation learning. 

The system introduces interpretable checkpoints and information-sharing modules, which are located at the 
intersections of all components. This is a typical innovation of the system. The interface supports the following 
functions: runtime data inspection, progressive debugging tracking, and targeted human intervention, all of 
which have high computational efficiency. The feature extraction layer, context-adaptive fusion core, and 
hierarchical interpretation module are the three fully integrated modules of the architecture. The perception 
core organizes the different semantic representations obtained from all sensors and guides a series of local and 
global fusion interactions. The system can simultaneously use multiple sources of evidence, thereby promptly 
identifying or eliminating contradictions and redundancies in the signals. 

At a later time, the design will add interpretability. In order to transmit data between multiple nodes in the 
network, a multi-stage attribution analysis module has been integrated into the architecture. Supports layer-
wise and modality-level diagnostics, ensuring strict traceability of the decision-making process, and practically 
supports engineering audits and compliance. Figure 1 shows the entire design, including data flow, feature 
embedding, fusion, and interpretability modules. 

 
Figure 1. Overall Framework Architecture 

Mathematically, let 𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑁𝑁  represent the processed outputs from 𝑁𝑁 synchronized sensor streams, each 
passed through a non-linear encoder 𝐸𝐸𝑘𝑘( ), producing modality-specific vectors 𝑓𝑓𝑘𝑘. These are integrated by a 
fusion operator ℱ, managed by adaptive cross-modal weights 𝛼𝛼𝑘𝑘(𝑥𝑥), yielding the joint feature 𝑧𝑧 : 
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𝑧𝑧 = ℱ(𝑓𝑓1, 𝑓𝑓2, … , 𝑓𝑓𝑁𝑁;𝛼𝛼1, … ,𝛼𝛼𝑁𝑁) Eq.(1) 
Unlike traditional structures, the output decision is fully Bayesian, achieved by maximizing the conditional 
posterior distribution of the fused features and model parameters. 

𝑦̂𝑦 = arg max
𝑦𝑦∈𝒴𝒴

 𝑃𝑃(𝑦𝑦 ∣ 𝑧𝑧,𝜃𝜃) Eq.(2) 

where 𝒴𝒴 is the output space and 𝜃𝜃 denotes model parameters. 

For transparency, the sparse optimization framework uses static attribution at the sensor level and feature level. 
Explanation relevances 𝑟𝑟 are solved via: 

𝑟𝑟 = arg min
𝑟𝑟

{‖Ψ(𝑧𝑧, 𝑟𝑟) − 𝑦̂𝑦‖22 + 𝜆𝜆‖𝑟𝑟‖1} Eq.(3) 
where Ψ(𝑧𝑧, 𝑟𝑟) specifies a reconstruction mapping from fused features and the attribution mask to the decision 
estimate, with 𝜆𝜆 controlling interpretability sparsity and parsimony. 

Multi-Sensor Data Fusion 

The core of the robust perception system within this framework is a high-fidelity multi-sensor fusion module. 
This module is used to integrate various types of data at different times and locations. Adaptively gate control 
and align each sensor modality to address sampling asynchrony, sensor drift, and domain-specific noise. By 
embedding synchronized and preprocessed features into optimized dedicated interaction modules, these 
modules can separate redundant evidence and enhance complementary information between different 
modalities. This makes a unified and reliable representation the foundation for subsequent reasoning steps. 

Calculate the contribution of each sensor stream based on feature correlation and environmental dynamics. At 
each time step 𝑡𝑡, for sample 𝑖𝑖, the global fused feature 𝑧𝑧𝑖𝑖𝑡𝑡 is produced by a context-dependent operator guided 
by the current sensor activity mask 𝑆𝑆𝑖𝑖𝑡𝑡. To enforce the stability and consistency of this integration, the following 
loss is adopted: 

𝐿𝐿fusion = � 
𝑖𝑖,𝑡𝑡

 �𝑧𝑧𝑖𝑖𝑡𝑡 − Φ�𝑓𝑓𝑖𝑖,1𝑡𝑡 , … , 𝑓𝑓𝑖𝑖,𝑁𝑁𝑡𝑡 ; 𝑆𝑆𝑖𝑖𝑡𝑡��2
2 + 𝜆𝜆ℒreg Eq.(4) 

where Φ( ) denotes a learnable fusion module and ℒreg captures additional regularization constraints ensuring 
smooth behavior and resiliency to incomplete modalities. 

In order to maximize information extraction and reduce noise and redundancy, sensor attention calibration 
employs an optimization scheme to enhance the fusion process: 

min
𝛼𝛼
 ℒmix = 𝔼𝔼𝑡𝑡[Var({𝛼𝛼𝑘𝑘(𝑥𝑥)}𝑘𝑘=1𝑁𝑁 ) − Corr({𝑓𝑓𝑘𝑘𝑡𝑡})] Eq.(5) 

Dynamically adjust based on environmental conditions and sensor reliability. 

To verify the reliability of the fusion, the following formula can be used to determine the degree of difference 
between the collective model's decision and the individual sensor's decision: 

Δ = −�  
𝑁𝑁

𝑘𝑘=1

 𝑝̂𝑝𝑘𝑘log (𝑝̂𝑝) Eq.(6) 

where 𝑝̂𝑝𝑘𝑘 is the prediction confidence from the 𝑘𝑘-th sensor, and 𝑝̂𝑝 is the joint output after fusion. 

Optimize all objectives through comprehensive loss: 

𝐿𝐿total = 𝐿𝐿task + 𝛽𝛽𝐿𝐿fusion + 𝛾𝛾𝐿𝐿explain Eq.(7) 
In order to achieve fine-grained adjustments between fusion consistency, interpretability, and perception 
accuracy. 

Figure 2 shows the workflow and integration logic of the entire multi-sensor fusion and interpretability pipeline. 
It is a complete visual overview, showing the alignment stage, the adaptive attention recalibration process, local 
and global fusion modules, and the two output branches generated for high-precision reasoning and structured 
interpretation. How the raw data is organized and standardized, how the relative contributions from different 
sources are adjusted, and how to ensure that the system reliably meets prediction accuracy and interpretability 
requirements at every level in an integrated and auditable manner. 
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Figure 2. Multi-Sensor Fusion and Explainability Flow. 

Explainability Modules 

The model's behavior is demonstrated by a few modules. All sensors receive attention maps 𝐴𝐴𝑘𝑘 to determine 
the extent to which each input stream will be used in the prediction. The core of the internal explanation is a 
gradient-based relevance propagation framework that backpropagates global decisions through the network: 

𝑅𝑅(𝑙𝑙) = �
𝜕𝜕𝜕𝜕
𝜕𝜕ℎ(𝑙𝑙)�

⊤

⋅ 𝑅𝑅(𝑙𝑙+1) Eq.(8) 

where ℎ(𝑙𝑙)  are activations at layer 𝑙𝑙 , and 𝑅𝑅(𝑙𝑙+1)  the propagated relevance from the subsequent layer. To 
demonstrate the transparency of the original sensor data level, recursively propagate this point. 

To improve the model's interpretability, simulate the ablation of virtual sensors. When each sensor is turned off, 
the expected increase in task loss is as follows: 

𝑄𝑄𝑘𝑘 = 𝔼𝔼𝑥𝑥[𝐿𝐿task(𝑥𝑥) − 𝐿𝐿task(𝑥𝑥 ∖ mask𝑘𝑘)] Eq.(9) 
where mask𝑘𝑘  denotes removal of the 𝑘𝑘-th sensor's data. When a small error occurs, the magnitude of the 
output change is this value. 

In order to ensure the reliability and stability of the explanations after retraining or model updates, an auxiliary 
consistency loss has been added: 

𝐿𝐿explain = � 
𝑖𝑖

 �𝑟𝑟𝑖𝑖cur − 𝑟𝑟𝑖𝑖
prev�

2
2
 Eq.(10) 

where 𝑟𝑟𝑖𝑖cur  and 𝑟𝑟𝑖𝑖
prev  are attribution profiles for current and prior checkpoints. This will help ensure that the 

network is consistent and reliable over a period of time, thereby supporting the authentication audit of multi-
sensor perception. 

Experimental Setup 

Datasets and Protocols 

The two multi-sensor datasets in the experiment are complete, showcasing the various differences of the 
perception system in the real world. The first dataset includes urban autonomous driving scenarios, containing 
data from RGB cameras, point cloud LiDAR, millimeter-wave radar, and GPS-IMU units. The collected data 
includes various weather conditions over different time periods, with a focus on urban intersections and 
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dynamic object occlusions. By setting the synchronized acquisition frequencies of visual flow at 10 Hz, LiDAR at 
20 Hz, and radar at 50 Hz, the inter-modal delay after time alignment will be minimized. 

The two multi-sensor datasets in the experiment are complete, showcasing the various differences of the 
perception system in the real world. The first dataset includes urban autonomous driving scenarios, containing 
data from RGB cameras, point cloud LiDAR, millimeter-wave radar, and GPS-IMU units. The collected data 
includes various weather conditions over different time periods, with a focus on urban intersections and 
dynamic object occlusions. By setting the synchronized acquisition frequencies of visual flow at 10 Hz, LiDAR at 
20 Hz, and radar at 50 Hz, the inter-modal delay after time alignment will be minimized. 

The second set of data is the industrial inspection scenario of a complex production line. Here, anomaly 
detection based on hyperspectral images, structured light profiles, and inertial measurements is being 
conducted. Through spatial alignment of internal and external calibration functions, the maximum resolution of 
the image is 2048 × 1080 pixels, with a misalignment of within 2 pixels. The labels are created based on real 
benchmarks and verified technician logs, which include binary defect states, fine-grained material property 
categories, and multi-label surface topology qualifiers. 

In the experimental protocol, the data sequences are divided into independent batches based on environmental 
and temporal order. The training and testing locations and object sets must also not overlap. During the entire 
training process, each batch should be randomly shuffled to minimize sampling bias. In each of the three 
completely independent runs of each method, the demographic data of all key metrics must be reported. To 
ensure the results are fully reproducible, all baseline and ablation methods will use the same preprocessing, 
augmentation, and folding procedures. 

Implementation Details 

The neural network constructed using the above method consists of a twelve-layer residual attention network. 
Each sensor branch consists of four deep unit blocks, which are designed based on the statistical characteristics 
of the modalities. Horizontal batch normalization and adaptive dropout regularization enhance generalization 
ability. Sensor fusion is divided into two stages. The cross-modal exchange in the early layer and the contextual 
joint selection in the late layer are the two stages of this process. The fusion block calibrates the channels based 
on the uncertainty of the input. 

Using Scaled He normalization for weight initialization, the AdamW optimizer is employed during training, with 
an initial learning rate set to 1.5×10⁻⁴ and decoupled weight decay of 2×10⁻⁵. The learning rate schedule uses a 
cosine annealing scheme, with dynamic warm-up added in the first twenty epochs. Training uses 120 epochs 
and maintains a batch size of 24 hours to save resources. 

The data augmentation process includes dividing the input sequence into 48-frame windows and randomly 
shifting them in space and time. The validation set will be specifically designed for early stopping and 
hyperparameter selection. Category balancing must be performed at both the global and batch levels, and the 
6:1:1 ratio of training, validation, and test sets must be strictly maintained. To prevent data leakage, the 
normalization of each modality is calculated based solely on the training set of running statistics. 

In order to distinguish the impact of each part of the architecture, a full coverage ablation set has been 
developed. The baseline consists of a set of isolated unimodal subnetworks, such as camera-only, LiDAR-only, 
or radar-only. Then there are dual-branch modules, such as vision-LiDAR, vision-LiDAR, and vision-LiDAR. Finally, 
there is a simple post-fusion integration, without using any cross-modal compensation modules. In order to 
determine whether a control group requires stable sensor attribution, there is no interpretability module. All 
models, including the ablation experiment models, use the same grid search optimization and follow the same 
early stopping and checkpoint protocols. 

Evaluation Metrics 

The suggested methodology is evaluated using a strict set of sophisticated measures that are intended to capture 
robustness and explainability in the setting of multi-sensor fusion in addition to standard recognition quality. To 
highlight the subtleties of varied sensor contributions, temporal coherence, and attribution traceability, each 
metric is specifically modified rather than simply adopted. 
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Currently, the metrics for measuring perception capabilities include basic accuracy and the samples and 
modalities in multi-sensor fusion outputs. For a prediction tensor 𝑦̂𝑦 and its corresponding labels 𝑦𝑦, an adaptive 
weighted accuracy is defined as 

Acc =
1
𝐾𝐾
�  
𝐾𝐾

𝑘𝑘=1

 �𝜔𝜔𝑘𝑘 ⋅
1
𝑁𝑁𝑘𝑘

�  
𝑁𝑁𝑘𝑘

𝑖𝑖=1

 𝕀𝕀�𝑦̂𝑦𝑖𝑖
(𝑘𝑘) = 𝑦𝑦𝑖𝑖

(𝑘𝑘)�� Eq.(11) 

where 𝜔𝜔𝑘𝑘  denotes the reliability weight for sensor modality 𝑘𝑘,𝑁𝑁𝑘𝑘  is the number of tested samples for that 
modality, and 𝕀𝕀( ) is the indicator function. 

To deepen insights into class-wise performance and explicitly mitigate the impact of imbalance across 
heterogeneous object types, a generalized macro F1 -score is introduced, simultaneously incorporating 
attribution relevance 𝜌𝜌𝑖𝑖𝑖𝑖  for each class 𝑐𝑐 in sample 𝑖𝑖 : 

𝐹𝐹1macro+ =
1
𝐶𝐶
�  
𝐶𝐶

𝑐𝑐=1

 �
2∑  𝑁𝑁

𝑖𝑖=1  𝜌𝜌𝑖𝑖𝑖𝑖 ⋅ Prec𝑖𝑖𝑖𝑖 ⋅ Rec𝑖𝑖𝑖𝑖
∑  𝑁𝑁
𝑖𝑖=1  𝜌𝜌𝑖𝑖𝑖𝑖 ⋅ (Prec𝑖𝑖𝑖𝑖 + Rec𝑖𝑖𝑖𝑖) + 𝜖𝜖

� Eq.(12) 

where Prec𝑖𝑖𝑖𝑖  and Rec𝑖𝑖𝑖𝑖  are sample-weighted precision and recall, and 𝜖𝜖 ensures numerical stability in rare-class 
regimes. 

Interpretability is assessed by the Attributive Consistency Score (ACS), a gradient-based measure reflecting the 
stability and alignment of attribution profiles between network instantiations. Let 𝑟𝑟𝑖𝑖

(𝑎𝑎)  and 𝑟𝑟𝑖𝑖
(𝑏𝑏)  denote the 

attribution vectors for sample 𝑖𝑖 under two network seeds 𝑎𝑎 and 𝑏𝑏, respectively. The ACS is defined as the mean-
cosine similarity across all pairs: 

ACS =
1
𝑁𝑁
�  
𝑁𝑁

𝑖𝑖=1

 
�𝑟𝑟𝑖𝑖

(𝑎𝑎), 𝑟𝑟𝑖𝑖
(𝑏𝑏)�

�𝑟𝑟𝑖𝑖
(𝑎𝑎)�

2
⋅ �𝑟𝑟𝑖𝑖

(𝑏𝑏)�
2

 Eq.(13) 

where ⟨ , ⟩ denotes the inner product, and 𝑁𝑁 is the sample count. This quantifies attribution map reproducibility 
irrespective of stochastic training factors. 

To evaluate resilience under sensor perturbations, the Modal Failure Robustness Index (MFRI) is formulated as 
the expected task loss differential when any subset 𝒮𝒮 of sensor channels is ablated, normalized by the number 
of ablations and global variance: 

MFRI = 1 −
1

|𝒫𝒫| ⋅ 𝜎𝜎task
� 
𝒮𝒮∈𝒫𝒫

 𝔼𝔼𝑥𝑥[𝐿𝐿task(𝑥𝑥 ∖𝒮𝒮) − 𝐿𝐿task(𝑥𝑥)] Eq.(14) 

where 𝒫𝒫 is the power set of all sensor modalities except the null set and 𝜎𝜎task is the overall standard deviation 
of task loss. This structure robustly penalizes perceptual degradation proportional to sensor failure severity. 

These strict metrics, when combined, establish a comprehensive and technically reliable evaluation system. The 
evaluation system covers all aspects of the proposed method in the context of transparent and interpretable 
multi-sensor perception research. 

Results and Discussion 

Quantitative Results 

Empirical tests conducted on autonomous driving and industrial inspection datasets indicate that the proposed 
multi-sensor explainable framework outperforms existing top baselines and traditional fusion methods. The top 
three performance metrics are accuracy, macro F1 score, and area under the precision-recall curve (AUC-PR). 
All three improve task stability and overall predictive capability. 

As shown in Figure 3(a), the accuracy metrics of fusion based on advanced attention mechanisms reach 96.4% 
in urban driving scenarios and 95.1% in industrial anomaly detection. These metrics are significantly higher than 
the classic weighted averages (92.3%, 90.6%) and the later stitching models (89.7%, 87.9%). Stratified sampling 
based on the environment indicates that the proposed method still has defects of 5% to 8% under nighttime and 
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adverse weather conditions. The sensor has wide applicability and high stability, with a statistical confidence 
interval of 0.6% [26]. 

Figure 3(b) shows the precision-recall curves under typical driving, rainy, and occlusion conditions. In the case 
of severe occlusion, the AUC-PR of the interpretable architecture exceeds 0.91; in contrast, the AUC-PR of the 
black-box CNN ensemble is below 0.80. PR curve analysis indicates that due to modal attribution calibration 
during inference, sensor interference leads to a slight decrease in rare category detection (from 1% to 3%) [27]. 

Figure 3(c) shows the results of the robustness F1-score analysis for simulated sensor failures. In the case of 50% 
sensor failure, naive late fusion and unimodal baselines reduced the F1 score by up to 13.2 points, while the 
explainable system only decreased by 4.8 points. If there is no appropriate ablation, the dynamic gating 
mechanism will not be able to adjust the importance of sensors in real-time, as the macro F1 will remain above 
0.91. 

 
Figure 3. Model Performance Comparison Across Scenarios: (a) Accuracy for different fusion methods; (b) Precision-Recall curves by 

scenario; (c) F1-score variation with sensor dropout. 
 

Figure 4(a) shows a comparison of the average global XAI scores and their confidence intervals for five model 
variants based on interpretability evaluation. The average score of the explainable framework is significantly 
higher (0.89 ±0.03), while all single-model and black-box baselines are below 0.72. This indicates that it has a 
significant advantage in terms of average explainability. The layer-by-layer analysis in Figure 4(b) still shows a 
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strong attribution pattern, peaking at the model's intermediate fusion layer, indicating that the architecture 
focuses on intermediate information exchange. 

The cross-scene attention bubble chart in Figure 4(c) shows the direct influence of each modality on the other 
modalities. When the sensor fails or operates under low visibility conditions such as fog or nighttime, the weight 
of the radar increases. In bad weather, radar/LiDAR will shift the maximum bubble to clear days. The 
differentiated weights in the aforementioned distinction further demonstrate that the system's transparency 
features are both interpretable and adjustable according to different situations. 

 
Figure 4. Explainability Indicators: (a) Global XAI score mean and CI by model; (b) Layer-wise relevance analysis; (c) Scene-modality 

attention weights. 

Comparative Analysis 

Directly compare it with common black-box and semi-interpretable deep learning models to demonstrate its 
multifaceted advantages, such as predictive capability, operational transparency, and system stability. As shown 
in Figure 5(a), the model system compares the robustness of three types of incremental sensor dropouts: 
interpretable, black-box, and hybrid fusion. When the sensor dropout rate increases, all models perform poorly. 
The explainable fusion model maintains an accuracy of about 88% even when the sensor rate is reduced by 60%; 
the hybrid method is at a moderate level, while the black-box model is affected the most. Increasing the 
transparency of the architecture may improve the stability of operational conditions [28]. 
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Figure 5(b) shows a summary of five different types of ablation experiments. When the interpretability, attention, 
or sensor parts are gradually removed, the corresponding performance will decline, and all of these must be. 
The complete model achieved the best accuracy. As shown in Figure 5(c), the distribution of interpretability 
scores for each ablation experiment is presented using violin plots and scatter plots. The complete model has a 
concentrated and high XAI score, but when interpretability or sensors are removed, both the mean and variance 
decrease. This indicates the need for a stable explanation mechanism. 

 
Figure 5. Robustness and Ablation Analysis: (a) Accuracy under missing sensor rates for three methods; (b) Ablation effect on accuracy; (c) 

Interpretable score distribution across five ablation schemes. 
 

Ablation studies indicate that under conditions of sensor failure or environmental changes, both interpretability 
and adaptive fusion modules are necessary to achieve reliable predictions. It can be seen that the improved 
architecture transparency and perception modality fusion mechanism are the reasons for the overall 
performance and robustness enhancement of the model. 

Figure 6 shows the analysis of scenario-based model performance and sensor contribution patterns. This 
combines these robustness results with practical applications. Figure 6(a) shows the accuracy and F1 scores of 
the black-box model and the interpretable model in five typical scenarios. In these situations, the interpretable 
system significantly outperforms the black-box model, especially in cases of sensor failure and adverse weather 
conditions. Figure 6(b) is a bubble chart showing the distribution of sensor contribution weights in different 
scenarios, indicating that vision is the most important under clear weather, but in foggy conditions or sensor 



Interpretable Deep Learning Framework for Transparent Multi-Sensor Perception 
https://doi.org/10.64972/jaat.2025v3.218p30e:405-419 

415 
 

failure, IMU and radar are the most important. This demonstrates the contextual awareness fusion and robust, 
adaptive interpretability. In the comprehensive ablation tests, adding explainability or adaptive fusion improved 
all major metrics (p < 0.01). The proposed system reduces prediction fluctuations for boundary or rare situations 
(such as sensor occlusion or rainfall), thereby exhibiting better adaptability and operational stability compared 
to the baseline [29]. 

 
Figure 6. Scenario-wise Statistics: (a) Comparison of accuracy and F1-score in five scenarios; (b) Attribution weight bubble chart for 

modality contributions across scenes. 

In-depth Discussion 

Through in-depth and complex analysis of intricate statistical charts and comprehensive performance metrics, 
explainable multi-sensor fusion has set new high standards for robust and transparent perception. Figure 7(a) 
shows the prediction performance and standardized explainability (XAI) scores of seven typical model categories 
compared by the system. These categories include explainable fusion, black-box deep learning, late fusion, 
unimodal, ensemble trees, support vector machines (SVM), and rule-based architectures. The fusion model has 
achieved the highest combined score so far and can be reasonably interpreted. The classic rule-based design has 
interpretability, but the new model's predictive capability is insufficient, creating a balance in high-risk AI 
applications [30]. 

Figure 7(b) shows the impact of these issues, such as poor visibility, sensor failures, and occlusion, on accuracy 
and XAI scores. Under normal conditions, the proposed explainable fusion method performs at its best; however, 
like all models, both metrics show a slight decline in the presence of sensor noise or poor visibility. The decline 
in XAI is relatively small compared to the decline in accuracy; the system's internal reasoning remains usable 
and stable in more complex tasks. Therefore, the structure must be transparent. Otherwise, it will not be 
possible to immediately determine the cause of the damage when a major accident occurs [31]. 

Figure 7(c) can be used to display the confusion matrix. The misclassification patterns of five different object 
categories were studied. The aforementioned method leads to an increase in out-of-corner errors under low 
light or occlusion conditions. More interpretable models reduce the average cross-class confusion by 23% 
compared to general fusion methods. So, better class separation has already been achieved. This may be due to 
the dynamic, context-aware sensor stream weighting. In the above five scenarios, the heatmap of sensor 
importance is shown in Figure 7(d). The contribution distribution is uneven; visual sensors perform well during 
the day under good visibility conditions, but poorly in foggy or nighttime conditions, which makes LiDAR and 
radar relatively prominent. Under the guidance of the system fusion module, these adaptive changes align with 
human intuition and physical perception, providing global and local interpretations of situational awareness, 
rather than merely black-box performance [32]. 
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Figure 7. Comprehensive Model and Scenario Evaluation: (a) Accuracy and normalized XAI scores for seven model types; (b) Accuracy-XAI 

plot across seven operational scenarios; (c) Confusion matrix (sample); (d) Sensor importance heatmap by scenario. 
 

Despite the advantages, there are also disadvantages. In high noise or sensor-poor conditions, the explanation 
layer may temporarily overemphasize degraded modalities, thereby reducing accuracy. Tracking advanced 
stability metrics, such as the Average Consistency Score (ACS) and Model Fidelity under Rare Inputs (MFRI), 
indicates that issues with rapid sensor loss and boundary condition disturbances still persist, despite 
performance surpassing traditional black-box methods [33]. The adjustment of the modular framework 
architecture is relatively simple. By using extended augmentation or retraining with sensor quality-aware 
filtering, the defects of these edge issues can be quickly reduced. This improvement indicates that the 
framework is now suitable for practical applications. Closely related to industries such as logistics, autonomous 
vehicles, health monitoring, and collaborative robots, as these industries have high demands for robustness, 
accuracy, transparency, and auditability [34]. 

The newly proposed explainable multi-sensor fusion framework here can improve the overall accuracy and 
robustness of the system while making the system fully interpretable. It will provide a reliable and validated 
intelligent perception foundation for safety-critical real-world applications, consistently surpassing current top 
performers in all key areas and offering specific guidance for difficult or adverse situations [35]. 

Conclusion 
This paper introduces a novel explainable deep learning framework. This framework aims to address the issues 
of accuracy and interpretability in safety-critical applications of advanced artificial intelligence through 
transparent multi-sensor perception. By engineering modular fusion mechanisms and embedding context-aware 
interpretability modules, the proposed architecture achieves a rare synergy of predictive strength, operational 
robustness, and system auditability. By providing well-structured, hierarchically clear, and easily understandable 
algorithms and explanations, the modularity within black-box models can be reduced. It will provide excellent 
support for compliance, real-time monitoring, and fault diagnosis. 

A large number of experiments have been conducted to verify the applicability and accuracy of the above 
concepts in industrial inspection and autonomous driving. According to empirical results, interpretable fusion 
methods outperform black-box and simple fusion methods in terms of stability; under adverse and error-prone 
conditions, both accuracy and robustness are significantly improved. Scene-specific sensor attribution analysis 
has been conducted to confirm that the model can dynamically respond to uncertainty and novelty. Fine-grained 
interpretability metrics, such as score consistency and attribution reproducibility, also show that the model's 
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transparency and reliability have significantly improved. The above results provide a strong support system for 
the promotion of industrial applications and cross-domain applications. 

There are still many other development directions that need to be researched. The current framework provides 
new standards for interpretable multi-sensor perception, but there are still issues with handling rare event 
boundary cases, maintaining stable calibration under extreme sensor failures, and extending interpretability 
methods to large-scale datasets and graph-structured sensor networks. Future improvements will focus on the 
combination of adaptive learning, continuous improvement cycles, and human-machine audit strategies to 
enhance the reliability and safety of models in operation. In the fields of precision medicine, environmental 
monitoring, and collaborative robotics, these areas all require transparent and reliable perception systems. The 
principles and technologies proposed in this paper are expected to inspire new research and applications in the 
fields of autonomous vehicles and industry. 
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