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Abstract

:

Images acquired by different sensors exhibit different characteristics because of the varied imaging mechanisms of sensors. The fusion of visible and infrared images is valuable for specific image applications. While infrared images provide stronger object features under poor illumination and smoke interference, visible images have rich texture features and color information about the target. This study uses dual optical fusion as an example to explore fusion detection methods at different levels and proposes a multimodal decision-level fusion detection method based on category probability sets (CPROS). YOLOv8—a single-mode detector with good detection performance—was chosen as the benchmark. Next, we innovatively introduced the improved Yager formula and proposed a simple non-learning fusion strategy based on CPROS, which can combine the detection results of multiple modes and effectively improve target confidence. We validated the proposed algorithm using the VEDAI public dataset, which was captured from a drone perspective. The results showed that the mean average precision (mAP) of YOLOv8 using the CPROS method was 8.6% and 16.4% higher than that of the YOLOv8 detection single-mode dataset. The proposed method significantly reduces the missed detection rate (MR) and number of false detections per image (FPPI), and it can be generalized.
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1. Introduction


Target detection is a typical computer vision problem, and because of their broad application potential in image processing and pattern recognition, target detectors have been widely used in various safety systems over the past few decades, such as safe autopilot and drone detection [1,2,3]. To overcome the impact of smoke interference and illumination damage during the detection of ground targets by UAV [4,5], we studied the use of visible and infrared dual-light pods for multimodal target detection as they can provide stronger object features in the case of smoke interference and insufficient illumination [6].



The core problem of multimodal detection is multimodal information fusion, which can be divided into pixel-, feature-, and decision-level fusion according to different multimodal fusion stages [7], as shown in Figure 1. Pixel-level fusion forms a four-channel output by superimposing three-channel RGB and one-channel IR, which then produces the detection result through the detector [8]. Feature-level fusion involves inputting visible and infrared images into the feature extractor and then merging the extracted features into the subsequent detection network [8,9]. Decision-level fusion refers to the fusion of detection results obtained by separately detecting visible and infrared modalities using a fusion decision based on mathematical theorems [10].



In practical applications, pixel- and feature-level fusion often require a large number of image pairs of different modes with high alignment accuracy for training, which results in a significant workload [11,12], and the advantages of non-learning decision-level fusion are self-evident. Figure 2 illustrates the fusion strategy for multimodal detection by fusing the detection results of the single-mode detector. (a) A simple method involves averaging the scores of overlapping tests; however, this results in lower confidence scores for the test results [13]. (b) To avoid score degradation, non-maximum suppression (NMS) can be applied to suppress overlapping detections from different modes, which always obtains the detection with the highest confidence. Although NMS is a simple and effective fusion strategy, it can only avoid a reduction in confidence scores and cannot effectively improve it [14]. (c) A strategy that can effectively enhance confidence scores is the D-S evidence theory, which can improve the multimodal detection and detection accuracy of targets [15,16]. However, D-S can only improve the scores of test results with high confidence and cannot be applied to test results with low confidence. (d) Therefore, a simple fusion strategy—CPROS—is derived in this study; it fuses a set of category probabilities of the test results to improve the scores for tests with strong evidence from multiple modes.



The aim of this study is to obtain detection results under different modes through efficient single-mode detectors trained on different modal datasets and to fuse the detection results of different modes according to fusion strategies designed by mathematical theorems to obtain optimal decision results. Our non-learning CPROS is not only more interpretable than fusion algorithms that need to be learned but also better than previous work. Although this concept is simple, its effectiveness is good.



The main contributions of this study are summarized below. (1) A multimodal decision-level fusion detection method (CPROS) based on category probability sets is proposed. Experimental results on benchmark datasets prove the effectiveness of CPROS. (2) Ablation studies were conducted to verify the superiority of the CPROS by combining different confidence and detection box fusion methods. The experimental results show that CPROS can achieve higher detection accuracy than the three most advanced fusion decisions. (3) The proposed decision-level fusion method, CPROS, is applied to different single-mode detectors, and it is found that the multimodal detector using CPROS has better detection performance than the single-mode detector, proving the generality of CPROS. The remainder of this article is organized as follows. The second section describes the recent progress of research on decision-level fusion. In the third section, the two aspects of probability fusion and box fusion are discussed. In the fourth section, the validity, superiority, and generality of the proposed CPROS method are verified using the VEDAI dataset. Finally, the fifth section presents conclusions and prospects for future work.




2. Related Works


2.1. Multimodal Fusion


Currently, research on multimodal fusion mainly focuses on pixel- and feature-level fusion, with relatively little research on decision-level fusion, which requires strict logic. Pixel-level fusion can achieve fine operations on an image in image processing, but the information of each pixel needs to be considered. Therefore, it requires high computational resources and processing power and is easily affected by noise, resulting in unstable results. Additionally, pixel-level fusion uses relatively little spatial information, which may result in a lack of visual coherence and structure in processed images [17]. Feature-level fusion can better capture the abstract information of an image, reduce data dimensions, and improve computational efficiency. Additionally, the semantic information of the images can be better retained, making subsequent image recognition and classification tasks more accurate and reliable [18]. Most importantly, feature-level fusion can better adapt to inputs of different sizes and shapes, has greater generalization ability, and is suitable for a broader range of image-processing tasks [19].



Pixel- and feature-level fusions based on deep learning require a large amount of alignment data for training to achieve good results in practical image-processing tasks [20,21]. Pixel-level fusion involves the consideration of the information of each pixel; therefore, it requires training data that contain rich image details and data samples from various scenes to ensure that the model can accurately capture and fuse pixel-level information. This means that large-scale image datasets are required for training pixel-level fusion models, and it is necessary to ensure the diversity and representativeness of datasets to improve the generalization ability and adaptability of the models. Although feature-level fusion can reduce the data dimension compared with pixel-level fusion, large-scale image data are still needed to train the feature extractor or feature fusion model [22].



In actual situations, the amount of data in different modes is often unequal, sometimes not even of the same order of magnitude, and the need to obtain image pairs of different modes with high alignment accuracy brings more significant challenges to the training of pixel- and feature-level fusion, and the advantages of non-learning decision-level fusion are self-evident.




2.2. Decision-Level Fusion


Decision-level fusion is the fusion of single-mode detection results, which have been the subject of few research studies and are currently difficult to achieve. For multisensor systems, information is diverse and complex; therefore, the basic requirements for decision-level fusion methods are robustness and parallel processing capabilities. Other requirements include the speed, accuracy, and information sampling capabilities of the algorithm. Generally, mathematical methods based on nonlinear systems can be used as decision-level fusion methods if they exhibit fault tolerance, adaptability, associative memory, and parallel processing capabilities [23]. The following mathematical methods are commonly used.



	
Weighted average method [13,24]: The most straightforward and intuitive method is the weighted average method, which weighs the redundant information provided by a group of sensors, and the result is used as the fusion value. This method operates directly utilizing a data source.



	
Multi-Bayesian estimation method [25,26]: Each sensor is regarded as a Bayesian estimator, and the associated probability distribution of each object is synthesized into a joint posterior probability distribution function. By minimizing the likelihood function of the joint distribution function, the final fusion value of the multisensor information is obtained, and a prior model of the fusion information and environment is developed to provide a feature description of the entire environment.



	
D-S evidence reasoning method [27]: This method is an expansion of Bayesian reasoning; its reasoning structure is top-down and divided into three levels. The first level is the target synthesis, and its role is to synthesize the observation results from the independent sensor into a total output result. The second stage is inference, whose function is to obtain the observation results of the sensor, make inferences, and expand the observation results to the target report. The third level is updated, and the sensors are generally subject to random errors. Therefore, a set of successive reports from the same sensor that is sufficiently independent in time is more reliable than any single report. Therefore, before inference and multisensor synthesis, it is necessary to update the sensor observation data.






Additionally, fuzzy set theory [28,29], rough set theory [30], Z-number theory [31], and D-number theory [32] have been proposed. Among the various decision-level fusion methods using mathematical theory proposed at the present stage, a more straightforward decision-level fusion method is used to aggregate the detection of each mode and then weight the average scores of overlapping detection rather than the less inhibited detection, such as non-maximum suppression; however, this operation will inevitably reduce the reported scores compared with NMS. Intuitively, if two patterns agree on candidate detection, the score of one should improve [13,14,24]. For this reason, Chen et al. introduced the D-S evidence theory into fusion decision-making [33]. When detectors of different modes detect the same object, D-S can gracefully deal with the missing information and significantly improve multimodal detection and the detection accuracy of the target. However, D-S can only improve the scores of detection results with high confidence and is not applicable to detection results with low confidence. Moreover, when the categories detected by the detector are inconsistent, no concrete or feasible decision methods are provided.



In summary, all the fusion decision methods mentioned above use only confidence information in the detection results, focus more on the fusion of confidence, and do not provide effective fusion strategies for categories. Additionally, confidence fusion is less effective at low confidence levels. Accordingly, a decision-level fusion method based on a category probability set is proposed in this study, aiming to make full use of the output of a single-mode detector to provide more efficient and interpretable detection results.





3. Fusion Strategies for Multimodal Detection


An overview of the detection pipeline using CPROS is presented in Figure 3. First, the visible and infrared images and their corresponding labels were input into the YOLOv8 detection network for training, and a single-mode detector suitable for different modes with good detection performance was developed. In subsequent practical tasks, the detector can obtain detection results based on the characteristics of the target in various modes, and then we can apply our decision-level fusion method to achieve more accurate detection.



We derive our fusion method, CPROS, from multiple theorems and rules, which combine the advantages of various fusion decisions proposed at this stage and innovatively introduce the improved Yager formula to solve the problem of poor fusion effects under low-confidence conditions [34,35]. Importantly, CPROS can gracefully handle “missing detection” through probabilistic integration. Because the CPROS is a non-learning strategy based on mathematical rules, it does not require multimodal data for training. Therefore, the CPROS is a general-purpose technology used for integrated detectors.



3.1. Fusion Strategy for Detection Boxes


We explored four methods for fusing the detection boxes, as shown in Figure 4. The first method, “NMS”, eliminates redundant detection results by comparing the confidence scores of targets in the overlapping region, but it is not applicable to the problem of box size imbalance, which may lead to missing detection of small targets. The second method, “average”, is equivalent to simply averaging bounding box coordinates, which can reduce the bias of a single detection box and improve the overall position estimation accuracy, but it ignores the differences between different detection boxes. For detection boxes with low overlap or significant size differences, the averaging method may not be applicable. The third method, “union”, can cover the overall position and size of the target more comprehensively, but it will lead to the final detection box being too large, and the box is selected not to belong to the target area. The fourth method, “intersection”, can determine the location and size of the target more accurately but results in the final detection box being too small to cover the entire area of the target entirely. Different methods are suitable for different detection scenarios, so we created a plug-and-play module to obtain the most accurate detection results.




3.2. Fusion Strategy for Category Probability Set (CPROS)


The decision-level fusion method of CPROS proposed by us is mainly aimed at solving four problems: (1) the single-mode detector has serious missed detections, (2) we hope to obtain higher confidence for the detection results with high confidence, (3) the existing fusion methods have poor fusion effect for the detection results with low confidence, and (4) we aim to solve the category conflict detected by the single-mode detector. In the previous discussion, we knew that when using D-S evidence theory to identify targets by multimodal fusion, there may be abnormal recognition results; that is, it is considered that highly conflicting evidence cannot make a reasonable decision. Therefore, we introduced the improved Yager formula and proposed a more effective fusion decision.



Suppose that    m 1  ,  m 2  , ⋯ ,  m t    is a detector of different modes, and the corresponding evidence set (probability distribution) is    F 1  ,  F 2  , ⋯ ,  F t   , then    A t    represents the decision result of    A t    (single category) in the evidence set    F t   , and    m t     A t      is the mass function of    A t   . To quickly describe the degree of conflict in the detection results of different mode detectors, we defined the conflict factor  k  as follows:


  k = 1 −   ∑   A i  ∈  F i  ,  ∩  i = 1  t   A i  ≠ ϕ     m 1     A 1    ⋅  m 2     A 2    ⋯  m t     A t      .  



(1)







The magnitude of the conflict between the detection results of the modes    m i    and    m j    is:


   k  i j   = 1 −   ∑   A i  ∈  F i  ,  A j  ∈  F j  ,  A i  ∩  A j  ≠ ϕ     m i     A i    ⋅  m j     A j      .  



(2)







Here,  ε  is defined as evidence credibility and   ε =  e  −  k ⌢     , where    k ⌢  =   1  t   t − 1   / 2      ∑  i < j ≤ t     k  i j      ,   i , j ≤ t  , and  t  are the number of pieces of evidence.   k ⌢   is the average sum of the  t  evidence sets, reflecting the degree of conflict between evidence pairs.  ε  is a decreasing function of   k ⌢  , reflecting the credibility of the evidence; that is, the credibility of the evidence decreases as the conflict between the pieces of evidence increases.



When a conflict is detected between categories, we believe that the statement “  a %   belongs to category  A ,     1 − a   %   belongs to category  B ” is unreasonable because there should be a portion of the probability that is wavering, which we call uncertainty probability. Therefore, the statement should be changed to “  a %   belongs to category  A ,   b %   belongs to category  B ,     1 − a − b   %   is the uncertainty probability, and other decision rules need to be introduced to determine which category this part of the probability belongs to”. The uncertainty probability depends on the degree of conflict and credibility of the evidence and is calculated as follows:


  C o n f i d e n c  e  u n c e r t a i n t y   = k ×   1 − ε   .  



(3)







In addition to calculating the uncertainty probability, we must also calculate the certainty probability, which is the   a %   and   b %   in “  a %   belongs to category  A ,   b %   belongs to category  B ”. It depends on two parts. Part of this is the agreement of the evidence of the different modes in category  A ; we define it as   p  A   , and the calculation formula is as follows:


  p  A  =   ∑   A i  ∈  F i  ,  ∩  i = 1  t   A i  = A     m 1     A 1    ⋅  m 2     A 2    ⋯  m t     A t      .  



(4)







Part is the average support of the evidence for different modes for category  A ; we define it as   q  A   , and the calculation formula is as follows:


  q  A  =   1 t     ∑  i = 1  t    m i   A    .  



(5)







Then, the certainty probability is calculated as follows:


  C o n f i d e n c  e  c e r t a i n t y   =   1 − k      p  A    1 − k    + k × ε × q  A  , A ≠ ϕ , X .  



(6)







The first item that can be found,   p  A  /   1 − k    , is precisely the D-S evidence theory synthesis formula. Thus, the new composition formula is actually a weighted sum form, where   1 − k   and  k  are the weighting coefficients. In the first term of the formula, the result of synthesis is similar to that of D-S synthesis. When   k = 0  , the new synthesis formula is equivalent to the D-S synthesis formula. When   k → 1  , the evidence is highly conflicting, and the resultant result will be determined mainly by A. Therefore, for highly contradictory evidence, the consequent results are primarily determined by the evidence confidence   ε × q  A    and the mean support of the evidence   q  A   .



The uncertainty probability is not discarded, and its attributes depend on the size of different categories of certainty probability. The uncertainty probability belongs to the category with the largest certainty probability. Therefore, the final confidence calculation formula is


  C o n f i d e n c  e  f i n a l   = C o n f i d e n c  e  u n c e r t a i n t y   + M a x   C o n f i d e n c  e  c e r t a i n t y     .  



(7)








3.3. Fusion


After determining the fusion method, we combined the detection results of the two modalities. We assume that the detection results for the different modalities are      x 1  ,  y 1  ,  w 1  ,  h 1  ,  a 1  ,  a 2  , ⋯  a n      and      x 2  ,  y 2  ,  w 2  ,  h 2  ,  b 1  ,  b 2  , ⋯  b n     . In order to make the probability sum of detection result categories for each detector equal to 1, we introduce the “background” category, as shown in Table 1.



Among them,     ∑  i = 0   n + 1     a i    = 1   and     ∑  i = 0   n + 1     b i    = 1  . In practical situations, the detection probabilities of specific categories are extremely low. To simplify the calculation process, we kept all probabilities to two decimal places. The specific implementation process of the algorithm is shown in Algorithm 1.



	
Algorithm 1. Fusion Strategies for Multimodal Detection




	
1

	
Input: detections from multiple modes. Each detection d = (pro, box, cls, conf) contains category probability set pro = (p1, p2…pn), box coordinates box = (x, y, w, h), tag cls = (0/1/…/n) and confidence conf = (x).




	
2

	
Integrate the detection results of the same image corresponding to different modes. Set D = (d1, d2, … dn).




	
3

	
Traverse the set and place boxes with IOU greater than the threshold together to form a detection set at the same position. Set H = {D1, D2, …, Dn}.




	
4

	
if len(Di) > 1:




	
5

	
  Take the two elements with the highest confidence in Di




	
6

	
  Fusion strategy for detection boxes




	
7

	
  Fusion strategy for category probability set(CPROS)




	
8

	
if len(Di) = 1:




	
9

	
  No need for fusion




	
10

	
return set F of fused detections











4. Experiments


In this section, we briefly introduce the evaluation metrics used to measure the algorithm performance, dataset, and experimental settings. The single-mode detector YOLOv8 with good detection performance was selected as the baseline to validate the effectiveness and generalization ability of the proposed CPROS on the public dataset VEDAI, which was captured from a drone perspective [36]. A series of ablation studies were conducted under the same conditions for evaluation.



4.1. Evaluating Indicator


The accuracy of the prediction depends on whether the IoU between the predicted and actual boxes is greater than 0.5. The calculation method for the IoU is shown in Figure 5, which illustrates the intersection union ratio between the predicted and actual boxes. The subsequent calculations of the evaluation metrics were based on this.



For the proposed decision-level fusion method, we calculated the mAP, missed detection rate, and false detections per image FPPI for each image based on the final detection results and label files, which is different from typical evaluation index calculation methods. We used the 11-point interpolation method to calculate the average precision (AP) using the following formula:


  A P =   1  11      ∑  r ∈   0 , 0.1 , 0.2 , … 1.0      M A  X   r ^  :  r ^  ≥ r   P   r ^      



(8)







The 11-point interpolation calculation method selects 11 fixed thresholds     0 , 0.1 , 0.2 , ⋯ , 1.0     because only 11 points are involved in the calculation,   V = 11  , and  v  is the threshold index. The   M A  X   r ^  :  r ^  ≥ r   P   r ^     is the maximum value in the sample after the sample point corresponding to the vth threshold.



Assuming that the detection results contain TP (true positives), FN (false negatives), TN (true negatives), and FP (false positives),


  M R =    F N   T P + F N     



(9)






  F P P I =    F P   N u m ( I m a g e s )     



(10)








4.2. Experiment Settings and Datasets


In this study, we employed VEDAI, a well-known dataset for vehicle detection in aerial imagery, as a tool for benchmarking automatic target recognition algorithms in an unconstrained environment. The VEDAI dataset is a dual-mode image dataset containing 1246 pairs of 512 × 512 pixel visible and infrared remote sensing images, which are divided into 935 pairs of training set images and 311 pairs of validation set images. The VEDAI dataset for a single mode contains six categories of vehicle targets that, in addition to their small size, exhibit various variabilities such as multiple orientations, lighting/shadow changes, specular reflection, and occlusion. The number of targets in each category is shown in Figure 6.



The system environment of this study was Ubuntu 22.04LTS, and the software environments were CUDA 11.7 and cuDNN 8500. All models were trained on the PyTorch 2.0.1 framework using a single GPU and an NVIDIA GeForce RTX 3070. The number of epochs was set to 300, and the batch size to 4. SGD was used as the optimizer with a learning rate of 0.01.




4.3. Experimental Results


In this section, we present comparative experiments on single-mode detection, pixel-level fusion detection, feature-level fusion detection, and decision-level fusion detection to evaluate the effectiveness of fusion detection at different stages. Meanwhile, the evaluation of the proposed CPROS and several existing fusion strategies was mainly conducted in the form of ablation studies on the VEDAI using YOLOv8, which has good detection performance and was selected as the baseline method. Finally, we applied the proposed CPROS method to different single-mode detectors to verify its generality. In the tables, the best results for each column are highlighted in bold orange, the second best in bold blue, and the third best in bold green. The decision-level fusion detection results obtained using the proposed method are highlighted in gray in the tables.



4.3.1. Comparative Experimental Results


From Table 2, Table 3 and Table 4, it can be seen that the mAP of YOLOv8 using the CPROS method was 8.6% and 16.4% higher than that of YOLOv8 in detecting single-mode datasets. The missed detection rates were reduced by 3.6% and 8.4%, respectively. The number of false detections per image was reduced by 0.032 and 0.019 (32 and 19 false detections per 1000 frames). From a single-category perspective, our method significantly reduced the missed detection rate, with a maximum reduction of 35.8%. Meanwhile, for most categories, our method can also improve the mAP and reduce the number of false positives per image (the maximum improvement in average detection accuracy can reach 35.1%, and the maximum reduction in false positives per image can reach 0.061). Additionally, by comparing the effects of single-mode detection, pixel-level fusion detection, feature-level fusion detection, and decision-level fusion detection, we found that pixel-level and feature-level fusion detection were only effective for certain specific targets. Overall, the detection effect was not as good as decision-level fusion detection, and the generalization ability was also not as good as decision-level fusion detection.



However, as shown in Figure 7, when we focus on the category of camping cars, we find that single-mode detectors generate numerous false alarms when detecting visible and infrared images in the VEDAI dataset. On this basis, if we apply our method again, only the false alarms will increase. In this regard, our algorithm is not as effective as some pixel- or feature-level fusion detection algorithms such as SeAFusion and YDTR. We found a high similarity in shape and color between real shopping car targets and house targets that were falsely detected as camping cars in some VEDAI datasets, which was not conducive to distinguishing between the two. Moreover, there are few camping car targets available for training single-mode detectors in the dataset, and the detectors have not learned enough features, which may lead to an insufficient generalization ability of the model. In practical applications, in addition to improving the detection performance of single-mode detectors, solving such problems can also be considered using Kalman filtering to eliminate false alarms, thereby achieving better fusion results.



Figure 8 shows a visualization of the real labels and the results of our algorithm. The yellow line represents the fusion of low-confidence detection results, the green line represents the fusion of high-confidence detection results, the blue line represents the fusion of detection results with missed detections, and the red line represents the fusion of detection results with category conflicts. This corresponds to the four issues mentioned in Section 3.2, which must be addressed. From the graph, it can be observed that our method can significantly improve confidence when the categories detected by the detector are identical. When the categories detected by the detector are different, the proposed method eliminates the impact of erroneous detection and improves confidence. Meanwhile, our method can elegantly handle “missing detection” through probability integration.



Figure 9 shows a visualization of the results of the fusion detection algorithms for each stage. Comparing the visualization of real labels in Figure 8, it can be seen that our algorithm has fewer missed detections and false positives than the other algorithms, and overall has a higher confidence in object detection.




4.3.2. Results of Ablation Experiment


To verify the superiority of CPROS, we conducted ablation studies by combining four confidence fusion methods and four detection box fusion methods. From Table 5, it can be seen that when the detection box fusion method is fixed, the mAP of the detection results using the four probability fusion methods of average, max, D-S, and our CPROS improves overall in sequence. Taking the averaging method for detection box fusion as an example, the CPROS method for confidence fusion increased by 1%, 0.8%, and 0.6% compared to the average, maximum, and D-S methods, respectively. However, Table 6 and Table 7 show that when the detection box fusion method is fixed, changes in the probability fusion method do not affect the MR and FPPI. The reason behind this is that among the three indicators of mAP, MR, and FPPI, only mAP was affected by changes in confidence. The experimental results show that the proposed CPROS is a reliable decision-level fusion method that improves the detection accuracy of objects compared to the other three methods.



Table 8 presents the comparison results of different single-mode detectors before and after using the CPROS method. The results indicate that the experimental results using the CPROS decision-level fusion method are superior to that of single-mode detectors for all indicators. Specifically, by using CPROS to fuse the results obtained from YOLOv8 for detecting visible images with those obtained from YOLOv8 for detecting infrared images, the mAP was 8.6% and 16.4% higher, the MR was 3.6% and 8.4% lower, and the FPPI was 0.032 (reduced by 32 false positives every 1000 frames) and 0.019 lower, respectively. Using CPROS to fuse the results obtained from YOLOv5 detection of visible images with those obtained from YOLOv5 detection of infrared images, the mAP was 6.8% and 12% higher, the MR was 2.1% and 7.7% lower, and the FPPI was 0.045 and 0.051 lower, respectively. Using CPROS to fuse the results obtained from YOLOv8 in detecting visible images with those obtained from YOLOv5 in detecting infrared images, the mAP was 6.8% and 12.3% higher, the MR was 4.1% and 8.9% lower, and the FPPI was 0.003 and 0.067 lower, respectively. The experimental results show that the proposed CPROS is a reliable decision-level fusion method with plug-and-play capabilities and can be widely used for fusion processing between different mode detectors, significantly improving detection performance.






5. Conclusions


This study followed the approach of first detection and then fusion. The performance of a single-mode detector directly affects the fusion performance in multimodal detection. Based on this, we first explored different fusion strategies for multimodal detection in visible and infrared images using highly tuned YOLOv8 trained on large-scale single-mode datasets and proposed a multimodal decision-level fusion detection method based on category probability sets (CPROS). Numerous experimental results show that our proposed decision-level fusion method based on CPROS is significantly better than a single-mode detector without the decision-level fusion method in terms of detection accuracy. Moreover, it gracefully handles the missed detections of specific modes, significantly reducing the MR and FPPI.



Second, to prove the superiority and generality of the proposed decision-level fusion method, we combined different confidence and detection box fusion methods to perform ablation experiments. We also applied the proposed method to different single-mode detectors to compare detection performance before and after decision-level fusion. The results show that the proposed CPROS is significantly superior to previous methods in terms of detection accuracy. Compared to the single-mode detector, the mAP of multimodal detection using the fusion strategy was improved considerably, and the MR and FPPI were significantly reduced.



In the future, our goals are to (1) study object association methods so that the proposed decision-level fusion method can be applied to unaligned multimodal detection datasets; (2) mount the proposed algorithm framework on the UAV edge computing platform and apply it to real-time target detection tasks; (3) research accurate positioning methods to enable the UAV platform to achieve high positioning performance; and (4) use the Kalman filter algorithm to eliminate noise and improve the detection performance of the algorithm.
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Figure 1. Schematic diagram of fusion in different stages. 
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Figure 2. Illustration of various fusion strategies. (a) Average; (b) NMS; (c) D-S; and (d) CPROS. A single-mode detector is used to detect visible and infrared images separately, obtaining detection results (category, confidence, and detection box). They are then fused through different fusion strategies to output the final result. Different colors represent various categories. 
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Figure 3. Overall framework of CPROS. 
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Figure 4. Different fusion strategies for detection boxes. The blue and green boxes represent the detection boxes of other detectors, while the red box represents the final detection box selected for different decisions. (a) NMS, (b) average, (c) union, and (d) intersection. 
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Figure 5. Schematic diagram of intersection and union ratio calculation. 
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Figure 6. Statistical chart of the number of targets for six types of vehicles. 
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Figure 7. Analysis of experimental results for the category of camping cars. 
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Figure 8. Realistic labels and visualization of results from our algorithm. 
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Figure 9. Visualization of the results of fusion detection algorithms in each stage. 
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Table 1. Category probability set.
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	n
	Background





	RGB
	a0
	a1
	…
	an
	an+1



	IR
	b0
	b1
	…
	bn
	bn+1










 





Table 2. Comparison of experimental results between fusion detection and non-fusion detection in different stages based on the VEDAI dataset (mAP).
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AP/mAP

	
IOU = 0.5




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
RGB

	
62.3%

	
37.5%

	
35.6%

	
51.4%

	
58.0%

	
64.8%

	
51.6%




	
IR

	
62.0%

	
36.3%

	
17.0%

	
39.4%

	
45.4%

	
62.9%

	
43.8%




	
SeAFusion

	
57.0%

	
44.1%

	
38.7%

	
55.3%

	
44.2%

	
57.2%

	
49.4%




	
MMIF-CDDFuse

	
69.9%

	
38.1%

	
30.8%

	
51.2%

	
55.8%

	
63.3%

	
51.5%




	
RFN-Nest

	
56.9%

	
33.3%

	
19.4%

	
45.4%

	
57.1%

	
53.2%

	
44.2%




	
YDTR

	
49.7%

	
23.4%

	
15.4%

	
40.7%

	
49.2%

	
52.8%

	
38.5%




	
CPROS (ours)

	
71.8%

	
47.1%

	
52.1%

	
50.4%

	
70.0%

	
69.7%

	
60.2%











 





Table 3. Comparison of experimental results between fusion detection and non-fusion detection in different stages based on the VEDAI dataset (missed detection rate).
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MR

	
IOU = 0.5




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
RGB

	
20.2%

	
43.0%

	
39.4%

	
25.0%

	
36.7%

	
21.3%

	
24.8%




	
IR

	
23.2%

	
48.7%

	
65.6%

	
41.5%

	
43.3%

	
20.9%

	
29.6%




	
SeAFusion

	
27.6%

	
36.7%

	
35.3%

	
28.6%

	
40.0%

	
25.9%

	
29.0%




	
MMIF-CDDFuse

	
18.0%

	
44.2%

	
50.0%

	
28.9%

	
26.7%

	
18.8%

	
23.7%




	
RFN-Nest

	
27.9%

	
45.9%

	
67.7%

	
25.3%

	
26.7%

	
24.9%

	
30.2%




	
YDTR

	
30.6%

	
52.7%

	
77.4%

	
41.8%

	
33.3%

	
23.4%

	
34.1%




	
CPROS (ours)

	
17.7%

	
34.9%

	
29.8%

	
19.1%

	
28.1%

	
19.7%

	
21.2%











 





Table 4. Comparison of experimental results between fusion detection and non-fusion detection in different stages based on the VEDAI dataset (the number of false detections per image).
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FPPI

	
IOU = 0.5




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
RGB

	
0.186

	
0.087

	
0.055

	
0.096

	
0.006

	
0.167

	
0.598




	
IR

	
0.170

	
0.080

	
0.048

	
0.077

	
0.013

	
0.196

	
0.585




	
SeAFusion

	
0.273

	
0.087

	
0.051

	
0.074

	
0.023

	
0.170

	
0.678




	
MMIF-CDDFuse

	
0.177

	
0.077

	
0.048

	
0.096

	
0.029

	
0.196

	
0.624




	
RFN-Nest

	
0.238

	
0.103

	
0.029

	
0.141

	
0.032

	
0.222

	
0.765




	
YDTR

	
0.257

	
0.132

	
0.023

	
0.061

	
0.026

	
0.222

	
0.720




	
CPROS (ours)

	
0.164

	
0.087

	
0.045

	
0.129

	
0.006

	
0.135

	
0.566











 





Table 5. Comparison of mAP between fusion methods with different confidence levels and detection box fusion methods.
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Score

-Fusion

	
Box

-Fusion

	
AP/mAP (IOU = 0.5)




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
Avg

	
NMS

	
73.3%

	
45.7%

	
43.7%

	
49.4%

	
66.9%

	
70.7%

	
58.3%




	
Avg

	
71.5%

	
46.2%

	
51.7%

	
49.4%

	
66.9%

	
69.2%

	
59.2%




	
Max

	
61.5%

	
46.2%

	
51.7%

	
49.4%

	
66.9%

	
61.2%

	
56.2%




	
Min

	
73.6%

	
45.7%

	
43.7%

	
49.4%

	
66.9%

	
70.1%

	
58.2%




	
Max

	
NMS

	
73.4%

	
46.0%

	
43.9%

	
50.2%

	
66.9%

	
70.9%

	
58.6%




	
Avg

	
71.5%

	
46.8%

	
51.8%

	
50.2%

	
66.9%

	
69.4%

	
59.4%




	
Max

	
61.5%

	
46.8%

	
51.8%

	
50.2%

	
66.9%

	
61.3%

	
56.4%




	
Min

	
73.6%

	
46.0%

	
43.9%

	
50.2%

	
66.9%

	
70.4%

	
58.5%




	
D-S

	
NMS

	
73.7%

	
46.4%

	
44.0%

	
50.2%

	
66.9%

	
71.1%

	
58.7%




	
Avg

	
71.9%

	
47.1%

	
51.8%

	
50.2%

	
66.9%

	
69.7%

	
59.6%




	
Max

	
61.9%

	
47.1%

	
51.8%

	
50.2%

	
66.9%

	
61.6%

	
56.6%




	
Min

	
73.8%

	
46.4%

	
44.0%

	
50.2%

	
66.9%

	
70.6%

	
58.7%




	
CPROS

(ours)

	
NMS

	
73.6%

	
46.4%

	
44.2%

	
50.4%

	
70.0%

	
71.0%

	
59.3%




	
Avg

	
71.8%

	
47.1%

	
52.1%

	
50.4%

	
70.0%

	
69.7%

	
60.2%




	
Max

	
61.9%

	
47.1%

	
52.1%

	
50.4%

	
70.0%

	
61.7%

	
57.2%




	
Min

	
74.0%

	
46.4%

	
44.2%

	
50.4%

	
70.0%

	
70.5%

	
59.3%











 





Table 6. Comparison of missed detection rates between fusion methods with different confidence levels and detection box fusion methods.
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Score

-Fusion

	
Box

-Fusion

	
MR (IOU = 0.5)




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
Avg

	
NMS

	
15.7%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.5%

	
20.4%




	
Avg

	
17.7%

	
34.9%

	
29.8%

	
19.1%

	
28.1%

	
19.7%

	
21.2%




	
Max

	
20.3%

	
34.9%

	
29.8%

	
20.2%

	
28.1%

	
20.2%

	
22.5%




	
Min

	
15.1%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.9%

	
20.3%




	
Max

	
NMS

	
15.7%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.5%

	
20.4%




	
Avg

	
17.7%

	
34.9%

	
29.8%

	
19.1%

	
28.1%

	
19.7%

	
21.2%




	
Max

	
20.3%

	
34.9%

	
29.8%

	
20.2%

	
28.1%

	
20.2%

	
22.5%




	
Min

	
15.1%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.9%

	
20.3%




	
D-S

	
NMS

	
15.7%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.5%

	
20.4%




	
Avg

	
17.7%

	
34.9%

	
29.8%

	
19.1%

	
28.1%

	
19.7%

	
21.2%




	
Max

	
20.3%

	
34.9%

	
29.8%

	
20.2%

	
28.1%

	
20.2%

	
22.5%




	
Min

	
15.1%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.9%

	
20.3%




	
CPROS

(ours)

	
NMS

	
15.7%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.5%

	
20.4%




	
Avg

	
17.7%

	
34.9%

	
29.8%

	
19.1%

	
28.1%

	
19.7%

	
21.2%




	
Max

	
20.3%

	
34.9%

	
29.8%

	
20.2%

	
28.1%

	
20.2%

	
22.5%




	
Min

	
15.1%

	
36.1%

	
31.9%

	
20.2%

	
28.1%

	
18.9%

	
20.3%











 





Table 7. Comparison of false positives per image using fusion methods with different confidence levels and detection box fusion methods.
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Score

-Fusion

	
Box

-Fusion

	
FPPI (IOU = 0.5)




	
Car

	
Trucks

	
Tractors

	
Camping Cars

	
Vans

	
Pickup

	
All






	
Avg

	
NMS

	
0.135

	
0.090

	
0.048

	
0.129

	
0.006

	
0.122

	
0.531




	
Avg

	
0.164

	
0.087

	
0.045

	
0.129

	
0.006

	
0.135

	
0.566




	
Max

	
0.196

	
0.087

	
0.045

	
0.129

	
0.006

	
0.141

	
0.605




	
Min

	
0.125

	
0.090

	
0.048

	
0.129

	
0.006

	
0.125

	
0.524




	
Max

	
NMS

	
0.135

	
0.090

	
0.048

	
0.129

	
0.006

	
0.122

	
0.531




	
Avg

	
0.164

	
0.087

	
0.045

	
0.129

	
0.006

	
0.135

	
0.566




	
Max

	
0.196

	
0.087

	
0.045

	
0.129

	
0.006

	
0.141

	
0.605




	
Min

	
0.125

	
0.090

	
0.048

	
0.129

	
0.006

	
0.125

	
0.524




	
D-S

	
NMS

	
0.135

	
0.090

	
0.048

	
0.129

	
0.006

	
0.122

	
0.531




	
Avg

	
0.164

	
0.087

	
0.045

	
0.129

	
0.006

	
0.135

	
0.566




	
Max

	
0.196

	
0.087

	
0.045

	
0.129

	
0.006

	
0.141

	
0.605




	
Min

	
0.125

	
0.090

	
0.048

	
0.129

	
0.006

	
0.125

	
0.524




	
CPROS

(ours)

	
NMS

	
0.135

	
0.090

	
0.048

	
0.129

	
0.006

	
0.122

	
0.531




	
Avg

	
0.164

	
0.087

	
0.045

	
0.129

	
0.006

	
0.135

	
0.566




	
Max

	
0.196

	
0.087

	
0.045

	
0.129

	
0.006

	
0.141

	
0.605




	
Min

	
0.125

	
0.090

	
0.048

	
0.129

	
0.006

	
0.125

	
0.524











 





Table 8. Comparison of performance between different single-mode detectors before and after using the CPROS method.
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Detector

	
IOU = 0.5




	
mAP

	
MR

	
FPPI






	
YOLOv8(RGB)

	
51.6%

	
24.8%

	
0.598




	
YOLOv8(IR)

	
43.8%

	
29.6%

	
0.585




	
YOLOv8(RGB)

	
YOLOv8(IR)

	
60.2%

	
21.2%

	
0.566




	
YOLOv5(RGB)

	
51.3%

	
24.0%

	
0.656




	
YOLOv5(IR)

	
46.1%

	
29.6%

	
0.662




	
YOLOv5(RGB)

	
YOLOv5(IR)

	
58.1%

	
21.9%

	
0.611




	
YOLOv8(RGB)

	
51.6%

	
24.8%

	
0.598




	
YOLOv5(IR)

	
46.1%

	
29.6%

	
0.662




	
YOLOv8(RGB)

	
YOLOv5(IR)

	
58.4%

	
20.7%

	
0.595
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