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Abstract: Understanding where drivers direct their visual attention during driving, known as gaze 

behavior, is important for developing next-generation advanced driver-assistance systems and 

improving road safety. This paper addressed this challenge as a semantic identification task from road 

scenes captured by a vehicle’s front-view camera. Specifically, the collocation of gaze points with 

object semantics was investigated using three distinct vision-based approaches: direct object detection, 

segmentation-assisted classification, and query-based vision-language models. The results 

demonstrate that the direct object detection and vision language model–based approach outperformed 

other approaches, achieving macro F1-scores exceeding 0.84. The larger vision-language model, in 

particular, exhibited better robustness and performance for identifying small, safety-critical objects 

such as traffic lights, especially in nighttime conditions. Conversely, the segmentation-assisted 

paradigm suffers from a part-versus-whole semantic gap, which led to low recall. The results reveal a 

trade-off between the real-time efficiency of traditional detectors and the contextual understanding and 

robustness offered by large vision-language models. These findings provide guidance for the design 

of future human-aware driver monitoring systems. 

Keywords: gaze object identification; advanced driver-assistance systems (ADAS); vision-language 

models (VLMs); object detection; driver attention 

 

1. Introduction 

Despite decades of technological advancements in vehicle engineering and infrastructure, 

ensuring road safety remains a major global challenge. Each year, road traffic incidents result in a large 

number of fatalities and injuries. The U.S. National Highway Traffic Safety Administration projected 

39,345 traffic fatalities in the United States for 2024, a figure that, while representing a slight decrease, 
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remains high compared to levels from a decade prior [1]. On a global scale, road traffic injuries are the 

leading cause of death for individuals aged 5 to 29, with an estimated 1.19 million lives lost 

annually [2]. A significant contributor to this problem is driver inattention, a multifaceted issue 

encompassing any activity that diverts a driver’s focus from the primary task of safely operating a 

vehicle [3,4]. Driver distraction, a subset of inattention, is implicated in a substantial portion of police-

reported crashes, with estimates suggesting its involvement in 8% of fatal crashes and 13% of injury 

crashes in 2023 alone [5]. 

Naturalistic driving studies have provided quantitative evidence linking inattention to increased 

crash risk. Research has shown that engaging in visually or manually complex secondary tasks can 

increase the near-crash or crash risk by a factor of three compared to attentive driving [6]. In addition, 

a single glance away from the forward roadway lasting more than two seconds has been found to 

increase this risk by at least twofold [7]. The proliferation of in-vehicle infotainment systems and 

personal mobile devices has increased this problem, introducing additional sources of visual, manual, 

and cognitive distraction into the cockpit [8]. 

In response to this safety issue, the automotive industry and regulatory bodies have promoted the 

development and deployment of driver monitoring systems (DMS). These systems utilize in-cabin 

sensors and artificial intelligence to assess a driver’s state in real time, detecting conditions such as 

drowsiness, distraction, and impairment [9]. More broadly, recent studies have shown that machine 

learning–based methods can effectively leverage monitored transportation data to support detection, 

prediction, and decision-making under complex real-world conditions[10,11]. While current DMS 

technologies are effective at identifying overt signs of inattention, such as prolonged eye closure or 

cell phone use, a remaining challenge is achieving a more detailed understanding of the driver’s 

situational awareness. This requires moving beyond simple distraction detection to proactively 

assessing the driver’s perception of the dynamic environment. 

Central to this task is the analysis of the driver’s gaze. A driver’s point of gaze is a direct indicator 

of their visual attention, providing information about their cognitive state, intentions, and awareness 

of surrounding traffic elements [12,13]. By precisely identifying the semantic object at which a driver 

is looking, it becomes possible to build human-centric vehicle systems. The applications of this 

capability can be extensive and transformative. 

First, in the domain of advanced driver-assistance systems (ADAS), it enables the creation of 

context-aware warning systems. An ADAS that knows a driver has failed to visually register an 

approaching pedestrian can issue a timely alert, whereas a system that confirms the driver is already 

monitoring the hazard can suppress a redundant and potentially annoying warning, thereby reducing 

alarm fatigue [13]. This shifts the focus from vehicle-centric perception, where the system only knows 

what it sees, to human-centric perception, where the system understands what the driver sees. 

Second, for the development of human-centered autonomous vehicles, analyzing human gaze 

patterns provides useful data for designing more intuitive and trustworthy artificial intelligence (AI) 

driving policies [14]. During safety-critical handover events in semi-autonomous vehicles, confirming 

that the driver’s attention is appropriately directed toward the relevant hazard is important for ensuring 

a safe transition of control [15,16]. Furthermore, gaze behavior serves as a robust, implicit measure of 

a driver’s trust in the automated system, a key factor in technology acceptance and safe operation [17]. 

Third, this technology can improve in-vehicle human–machine interfaces (HMIs). HMIs can be 

designed to adaptively present information in the driver’s line of sight or to use subtle cues to guide 

attention toward critical information, improving situational awareness without increasing cognitive 

load [18]. 
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Finally, for driver behavior analysis, such as in post-accident forensics, driver training, or 

insurance telematics, identifying gazed objects provides detailed information about a driver’s risk 

perception and decision-making processes that is not captured by current metrics like speed and 

acceleration data [19]. 

Formally, the research problem addressed in this paper is point-of-gaze object identification: 

given an image frame from a vehicle’s forward-facing camera and a corresponding time-synchronized 

gaze coordinate of the driver on the image plane, the task is to determine the semantic class of the 

object at that gaze point; in other words, which object in the driving scene the driver is paying attention 

to at a particular time (frame). Despite its clear definition, this task has several technical challenges 

that stem from the dynamic nature of real-world driving. 

A primary challenge is the variability of driving scenes. The performance of any vision-based 

system must be robust across a wide spectrum of environmental conditions. Adverse weather, such as 

rain, snow, and fog, can severely degrade image quality, introducing noise and obscuring object 

features [20]. Similarly, lighting conditions vary dramatically, from the bright glare of direct sunlight 

to the low-light and high-contrast environments of nighttime driving, each posing unique difficulties 

for perception algorithms [21]. The objects of interest themselves, such as pedestrians, vehicles, and 

traffic signals, exhibit a wide range of appearances, scales, and orientations. They can be partially 

occluded by other road users or infrastructure, making their complete and accurate identification a 

difficult problem [22]. 

Another challenge lies in the inherent ambiguity of a single gaze point. Geometrically, a 

coordinate is ambiguous. It may fall on a small, distinct object like a distant traffic light, on a specific 

component of a larger object like the wheel of a truck, or in the empty space between two adjacent 

vehicles [23]. This ambiguity also has a semantic dimension: a driver looking at a car’s taillight is 

semantically attending to the car as a whole entity, not just the taillight. Any effective system must 

resolve this part-versus-whole relationship to correctly infer the driver’s focus of attention. This 

technical challenge is related to well-documented phenomena in cognitive psychology, such as 

inattentional blindness and looked-but-failed-to-see (LBFTS) errors [24]. LBFTS incidents occur 

when a driver’s gaze is directed at a hazard, yet they fail to consciously perceive it, often due to a lack 

of expectation or cognitive overload [25,26]. This shows that the problem is not merely one of 

geometric localization but of inferring a latent human cognitive state, where the ground truth is the 

driver’s semantic intent. 

Finally, for these applications to be practical, particularly those involving real-time warnings or 

control transitions (e.g., between human driving and automated driving), the entire identification 

process must be executed with minimal latency. This imposes a limited computational budget on the 

system, favoring architectures that are both accurate and efficient [27]. The necessity of balancing high 

accuracy under diverse conditions with the demands of real-time performance makes point-of-gaze 

object identification a challenging problem involving computer vision, human factors, and automotive 

engineering. 

To address the task of point-of-gaze object identification, several distinct methodological 

paradigms can be adapted from the broader fields of computer vision and scene understanding. These 

can be broadly categorized into object detection-based, segmentation-assisted, and approaches based 

on vision-language models (VLMs). 
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1.1. Object detection-based approaches 

The most direct method involves using off-the-shelf object detectors such as the you-only-look-

once (YOLO) family or region-based convolutional neural networks (R-CNNs) [28,29]. These models 

have been extensively applied to traffic scene understanding and driver monitoring, showing high 

efficiency in the case of single-stage detectors like YOLO and high accuracy from two-stage detectors 

like Faster R-CNN [30]. The operational principle is straightforward: if a driver’s gaze coordinate falls 

within a predicted bounding box, the gazed object is identified by that box’s class label. However, this 

approach has several limitations in the context of gaze analysis. First is the gaze-in-the-gap problem: 

the method fails if the gaze point lands on the background or between detected objects, providing no 

information even if the driver is looking at an undetected target object [31]. Second, standard detectors 

often struggle with small, distant, or partially occluded objects, which are frequent in driving 

scenes [32]. Finally, a bounding box provides only a coarse localization, meaning a gaze point could 

fall near the boundary or a corner of a bounding box, where the gazed pixel belongs to the background 

rather than the object of interest, leading to an incorrect prediction. 

1.2. Segmentation-assisted classification approaches 

To address the issue with bounding boxes and achieve pixel-level localization, a two-stage 

approach can be employed, first using an image segmentation model to isolate the object at the gaze 

coordinate, followed by a classification model to identify the resulting image crop. Semantic 

segmentation networks can provide pixel-level segmentation of driving scenes, delineating drivable 

areas and common object categories with high accuracy [33]. The recent development of foundation 

models for segmentation, most notably the segment anything model (SAM), offers a useful tool [34]. 

SAM can generate high-quality segmentation masks for arbitrary objects based on point or box 

prompts, showing strong zero-shot generalization capabilities [35]. However, this paradigm also has 

drawbacks. A primary limitation is its class-agnostic segmentation: it produces a mask but provides 

no semantic label, necessitating a second classification stage [36]. This two-stage pipeline introduces 

additional computational overhead, compromising real-time performance. This approach is also 

susceptible to the part-versus-whole problem described above. For instance, if a driver’s gaze lands on 

a car’s wheel, SAM may segment only the wheel rather than the whole car. 

1.3. VLM-based approaches 

A recent paradigm involves the use of large VLMs. These models, which are pre-trained on vast 

datasets of paired images and text, have demonstrated capabilities in joint visual and linguistic 

reasoning [37]. For the task of gaze object identification, a VLM can be prompted with the full image, 

the gaze coordinate, and a natural language query such as, “What is the object at coordinate (x, y)?” 

This reframes the problem as a form of visual question answering (VQA) [38]. Modern open-source 

VLMs, such as the Qwen-VL series, have shown strong performance in spatial understanding, fine-

grained object recognition, and answering complex queries about traffic scenarios [39]. Their ability 

to perform visual grounding, linking textual concepts to specific image regions, is relevant [40]. This 

end-to-end, query-based approach can use image context and directly output a semantic label for the 

task. However, the application of VLMs to this specific, granular problem has not been systematically 

evaluated in the literature. 



119 
 

Applied Computing and Intelligence                                                                 Volume 6, Issue 2, 115–137. 

 

1.4. Research gap and contributions 

Although these paradigms have different advantages and disadvantages, there is a lack of 

systematic, comparative studies that evaluate their performance for the specific task of identifying 

objects at drivers’ points of gaze. No unified benchmark exists to assess these different paradigms on 

equal footing, particularly under diverse environmental conditions in real-world driving. Furthermore, 

the potential of modern, large VLMs as a direct, query-based solution against established computer 

vision pipelines for this granular task remains an open question. 

This paper aims to address this research gap by presenting a systematic comparison of different 

vision-based paradigms for identifying the semantic object at a driver’s gaze point. In this study, five 

distinct methods, derived from the three paradigms previously introduced, were evaluated on a 

benchmark designed to test performance in realistic driving scenarios. The main contributions of this 

work are as follows: 

1) The design and implementation of a comprehensive framework for systematically evaluating 

and comparing three distinct paradigms (object-detection-based, segmentation-assisted, and 

VLM-based) for driver gaze–based object identification. 

2) An investigation into the application of large VLMs (specifically, Qwen-VL) for this task, 

providing a direct performance comparison against state-of-the-art computer vision techniques. 

3) The development and introduction of a new, manually annotated benchmark dataset based on 

BDD100K, featuring varied driving conditions (day/night, clear/rainy) to support evaluation 

under different conditions. 

4) A detailed analysis of the performance trade-offs, strengths, and weaknesses of each method 

across different environmental scenarios and object categories, offering practical insights for 

developing future driver monitoring and scene perception systems. 

The remainder of this paper is organized as follows: Section 2 details our methodology, covering 

the benchmark dataset, the compared vision paradigms, and the evaluation metrics. Section 3 presents 

a systematic analysis of the experimental results. Section 4 discusses the key findings, including the 

practical implications and the practical trade-off between performance and efficiency. Finally, 

Section 6 concludes the paper with a summary of our findings and outlines directions for future 

research. 

2. Benchmark dataset 

To conduct a rigorous evaluation of the different vision-based paradigms, a diverse and realistic 

benchmark dataset is essential. For this study, a benchmark dataset was created from the BDD100K 

dataset [41], which covers a wide range of driving scenarios, including a wide variety of weather 

conditions, times of day, and scene types. These characteristics provide a realistic and challenging 

basis for assessing the performance and robustness of different methods. 

The benchmark dataset was created by selecting images exclusively from the city street scene 

category. These images were then filtered to construct four distinct and challenging environmental 

conditions: clear daytime, clear night, rainy daytime, and rainy night. The annotation protocol involved 

a manual process where points were placed on objects of interest within each selected image. This 

procedure was designed to simulate driver gaze points. The final dataset is composed of a collection 

of image-coordinate-label triplets, which serve as the ground truth for all subsequent experiments. 

Figure 1 presents representative examples from each of the four annotated scenarios, illustrating 

the annotation method and the visual complexity of the task. Each scenario presents unique challenges 

to vision algorithms. The clear daytime condition, shown in Figure 1(a), features good visibility but 
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can include harsh shadows and glare. The clear night condition in Figure 1(b) is characterized by low 

ambient light and high contrast from artificial sources such as streetlights and vehicle headlights. In 

the rainy daytime scenario, shown in Figure 1(c), image quality is degraded by reduced visibility, 

reflections on wet surfaces, and occlusions from raindrops on the windshield. The rainy night scenario, 

depicted in Figure 1(d), is most challenging as it combines the difficulties of nighttime driving with 

the image degradation effects of rain. The red markers shown in each image are examples of the 

simulated gaze point annotations used for model evaluation. 

 

Figure 1. Representative examples from the four annotated scenarios and annotation protocol. 

Five target object classes were selected for this study: person, car, bus, truck, and traffic light. 

These classes, corresponding to class IDs 0, 2, 5, 7, and 9, respectively, in the original dataset, were 

chosen based on their prevalence and safety importance in typical urban driving environments. The 

class IDs align with the COCO dataset [42], providing a standardized basis for evaluation. To ensure 

a fair and consistent assessment across all methods, a label mapping process was required. This was 

necessary to harmonize the different class definitions used by the pre-trained models, specifically the 

COCO-based taxonomy of the YOLOv13 object detector [43] and the ImageNet-1K-based taxonomy 

of the EfficientNetV2 classifier [44]. 

Table 1 details the mapping used to align the ImageNet-1K classes with the five broader target 

categories. The table shows how multiple, more granular ImageNet-1K classes were consolidated into 

a single target class. For example, ImageNet-1K classes such as beach wagon, cab, and convertible 

were all mapped to the Car category. This mapping process introduces a potential challenge for the 

classifier-based method. The definitions for the Person class in ImageNet-1K, for instance, include 

categories like ballplayer and groom, which are not representative of typical pedestrians in a driving 

context and could potentially limit the classifier’s performance on that specific class. 

The final benchmark dataset consists of 1355 manually annotated instances distributed across a 

total of 400 images. To facilitate a balanced comparison of model performance across different 

conditions, an equal number of images (100) was selected for each of the four environmental scenarios 

described previously. 

Figure 2 illustrates the distribution of these annotated instances across the five target classes. The 

distribution reveals a significant class imbalance, with car being the most frequent class (429 instances) 

and bus being the least frequent (75 instances). This imbalance is considered representative of real-

world urban driving, where certain vehicle types are encountered more often than others. This 
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characteristic underscores the importance of using evaluation metrics, such as the macro F1-score, that 

are robust to imbalanced class distributions. 

Table 1. Class label mapping. 

COCO class ID COCO class name ImageNet-1K class ID ImageNet-1K class name 

0 Person 981 Ballplayer 
  

982 Groom 
  

983 Scuba diver 

2 Car 436 Beach wagon 
  

468 Cab 
  

511 Convertible 
  

627 Limousine 
  

661 Model T 
  

705 Passenger car 
  

751 Racer 
  

817 Sports car 

5 Bus 654 Minibus 
  

779 School bus 
  

874 Trolleybus 

7 Truck 555 Fire engine 
  

569 Garbage truck 
  

675 Moving van 
  

717 Pickup 
  

864 Tow truck 
  

867 Trailer truck 

9 Traffic light 920 Traffic light 

 

Figure 2. Distribution of annotated instances per class. 

A more detailed analysis of the instance distribution and density across the four scenarios is 

provided in Figure 3. While the number of images per scenario is balanced, the number of annotated 

objects within them varies. Figure 3(a) shows the total instance count for each scenario. Figure 3(b) 

presents a more nuanced view by showing the average number of instances per image. This analysis 

reveals that the clear night and rainy daytime scenarios have the highest object density, with an average 
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of 3.57 and 3.56 instances per image, respectively. This suggests that these scenes are more visually 

cluttered, which could pose a greater perceptual challenge to the evaluated models. 

 

Figure 3. Distribution and density of instances across scenarios. 

3. Assessment of paradigms 

We evaluate and compare three vision-based paradigms, ranging from simple object detection 

approaches to those enhanced by segmentation-assisted object classification and VLM-based 

approaches. 

3.1. Comparison of vision-based approaches 

This section describes the three paradigms considered in this study and systematically compares 

five methods: one under Paradigm 1, two under Paradigm 2, and two under Paradigm 3. 

1) Paradigm 1 (object detection–based): A direct identification approach utilizing the YOLOv13 

model. 

2) Paradigm 2 (segmentation-assisted classification): A two-stage pipeline evaluated through two 

specific methods: SAM2 combined with EfficientNetV2 and SAM2 combined with YOLOv13. 

3) Paradigm 3 (VLM-based): A query-based approach assessed using two model scales (referred 

to as two methods): the 7-billion parameter version (Qwen2.5-VL-7b) and the 32B parameter 

version (Qwen2.5-VL-32b). 

Figure 4 provides a high-level schematic that visually summarizes the core workflow of each of 

the three paradigms. The object detection–based paradigm, shown in Figure 4(a), is a single-step 

process where an object detection model processes the input image and the coordinate to directly 

output the class of the object containing the coordinate. The segmentation-assisted paradigm, depicted 

in Figure 4(b), is a two-stage pipeline. The first stage uses a segmentation model to isolate the object 

at the gaze coordinate, and the second stage uses a classification model to identify the resulting crop. 

The vision-language model paradigm, illustrated in Figure 4(c), is an end-to-end process where the 

input image, coordinate, and a structured text prompt are fed into a VLM, which directly outputs the 

semantic class. 



123 
 

Applied Computing and Intelligence                                                                 Volume 6, Issue 2, 115–137. 

 

 

Figure 4. Visualization of the three methodological paradigms. 

3.1.1. Paradigm 1: Object detection-based 

This paradigm represents the most direct and computationally efficient solution. The specific 

implementation, Method 1, utilizes a pre-trained YOLOv13 model. The process begins by running the 

YOLOv13 model on the full input image, which generates a list of predicted bounding boxes, each 

associated with a class label and a confidence score. The decision logic then checks if the provided 

gaze coordinate falls within the geometric boundaries of a detected box. If it does, the class label of 

that box is assigned as the final prediction. A prediction of class ID -1 is recorded under three specific 

conditions: (1) the gaze coordinate does not fall within any detected bounding box, (2) the confidence 

score of the bounding box containing the coordinate is below a threshold of 0.4, or (3) the predicted 

class is not one of the five pre-defined target categories. This value indicates that the method did not 

identify a valid object at the designated point. 

3.1.2. Paradigm 2: Segmentation-assisted classification 

This paradigm aims to achieve higher precision by using pixel-level segmentation to isolate the 

object of interest prior to classification. The approach involves a two-stage pipeline common to two 

different methods. In the first stage, the SAM2 model is employed. The driver’s gaze coordinate is 

provided to SAM2 as a positive point prompt, which guides the model to generate a precise pixel-level 

segmentation mask for the object at that location. Following segmentation, a standardized image 

preparation step is performed. The object is cropped from the original image based on the generated 

mask. To create a uniform input for the subsequent classification stage, a square image is constructed. 



124 
 

Applied Computing and Intelligence                                                                 Volume 6, Issue 2, 115–137. 

 

This new image places the cropped object at its center, and all background areas within the square are 

filled with a neutral white color. The two methods within this paradigm differ only in the second stage: 

1) Method 2-1 (SAM2+EfficientNetV2): The prepared square image of the isolated object is 

passed to a pre-trained EfficientNetV2 model, which performs the final classification. If the 

class predicted by EfficientNetV2 does not correspond to one of the five target categories 

according to the mapping in Table 1, the final prediction of class ID is set to -1. 

2) Method 2-2 (SAM2+YOLOv13): This method serves as a control experiment. The process is 

identical to Method 2-1, but the classification model is replaced with the YOLOv13 model. 

A prediction of class ID -1 is assigned if the class predicted by the YOLOv13 model is not 

one of the five target categories. This design allows for an analysis of whether performance 

limitations in this paradigm originate from the initial segmentation stage or the subsequent 

classification model. 

3.1.3. Paradigm 3: VLM-based 

The third paradigm explores the capabilities of large-scale VLMs to solve the task through 

contextual reasoning. This approach reframes the problem as a visual question answering task. The 

full input image, the (x, y) gaze coordinate, and a carefully structured text prompt are provided as a 

single, combined input to the VLM. The text prompt, detailed in Figure 5, is designed to explicitly ask 

the model to identify the object at the given coordinate. The prompt also constrains the possible 

answers to the predefined list of five target classes plus an “unsure” option. This “unsure” category 

effectively functions as the “-1” class, providing a designated output for cases of uncertainty and 

ensuring the model’s responses are directly comparable to the other methods. 

 

Figure 5. The prompt used for the VLM-based methods. 

Two methods were evaluated to investigate the impact of model scale on performance: 

1) Method 3-1 (Qwen2.5-VL-7b) utilizes the 7-billion parameter version of the Qwen-VL model. 
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2) Method 3-2 (Qwen2.5-VL-32b) utilizes the much larger 32-billion parameter version of the 

model. 

The comparison between these two models is intended to provide insight into how model scale 

affects performance on this specific and fine-grained visual identification task. 

3.2. Evaluation metrics 

To quantitatively assess the performance of the compared methodologies, a comprehensive set of 

standard classification metrics was adopted. The primary metrics used for evaluation were accuracy, 

precision, recall, and F1-score. Accuracy is defined as the ratio of all correct predictions to the total 

number of instances. For a more detailed analysis of error types, precision, recall, and F1-score were 

computed by Eqs (1)–(3), respectively. 

 Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, (1) 

 Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, (2) 

 F1-score = 2 ×
Precision⋅Recall

Precision+Recall
, (3) 

where 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 represent the counts of true positives, false positives, and false negatives for a 

given class, respectively. Precision measures the model’s ability to avoid making false positive 

predictions, while recall measures its ability to find all ground truth instances. The F1-score provides 

a single, balanced measure of performance by taking the harmonic mean of precision and recall. 

A special consideration was made for handling model outputs that did not correspond to a target 

class. A prediction of class ID of “-1” signifies a failure by a model to assign one of the five target 

categories. Such failures can occur due to various method-specific conditions, including low 

confidence scores, the gaze point falling outside a valid detection region, or an out-of-scope 

classification. In the evaluation, any instance resulting in a “-1” prediction was treated as a false 

negative for its true ground truth class. This approach correctly penalizes a model’s recall for its failure 

to identify a valid object, as the ground truth dataset contains labels for only the five target object 

classes. 

Furthermore, to account for the significant class imbalance in the dataset, as established in 

Figure 2, macro-averaged metrics were used as the primary indicators of overall performance. Macro-

precision, macro-recall, and the macro F1-score are calculated by computing the metric independently 

for each of the five target classes and then taking the unweighted average. This method gives equal 

weight to each class, regardless of its frequency, thereby providing a more fair and robust assessment 

of a model’s ability to perform well across all object categories. 

4. Results 

This section presents a systematic evaluation of the five compared methodologies on the 

developed benchmark dataset. The analysis begins with an overview of the overall performance, 

followed by detailed investigations into model robustness across different scenarios and effectiveness 

on various object categories. 
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4.1. Overall performance comparison 

First, the overall performance of the five vision-based methods was evaluated on the benchmark 

dataset. To ensure a comprehensive and fair assessment in the presence of inherent class imbalance, 

four evaluation metrics were considered: overall accuracy, macro-precision, macro-recall, and the 

macro F1-score. 

Figure 6 presents the overall results of the study, comparing the evaluated methods in terms of 

overall accuracy and the more robust macro F1-score. As shown in Figure 6(a), the overall accuracy 

results clearly reveal the top two performers. The Qwen2.5-VL-32b model achieved the highest 

accuracy at 0.815, closely followed by the YOLOv13 model at 0.808. In contrast, the other three 

methods performed significantly worse, with the two SAM2-based approaches scoring below 0.201. 

Nonetheless, the overall accuracy can be misleading in the presence of class imbalance. A more 

suitable and robust metric for a class-imbalanced dataset is the macro F1-score, as plotted in 

Figure 6(b) . Using this metric, the YOLOv13 model (0.872) demonstrates a slightly better 

performance than the Qwen2.5-VL-32b model (0.845), while there is still a large performance gap for 

the other three methods. 

 

Figure 6. Overall performance comparison. 

To gain a deeper understanding of the models’ behavior, their performance was further assessed 

using macro-precision and macro-recall; the results are shown in Figure 7. Macro-precision quantifies 

the proportion of predicted positive instances that are correct. The analysis in Figure 7(a) reveals a 

crucial observation: the top three methods (YOLOv13 at 0.932, Qwen2.5-VL-32b at 0.905, and 

Qwen2.5-VL-7b at 0.913) all achieve very high macro-precision values above 0.90. This indicates that, 

across classes, when these models assign an object label, the prediction is highly likely to correspond 

to a true positive. In contrast, macro-recall measures the proportion of ground truth positive instances 

that are successfully identified, capturing a model’s ability to comprehensively detect objects present 

in the scene. As shown in Figure 7(b), a clear difference in macro-recall is observed. While YOLOv13 

(0.839) and Qwen2.5-VL-32b (0.808) maintain strong macro-recall, the other three methods exhibit 

very low macro-recall values, with the two SAM2-based pipelines achieving macro-recall values of 

only 0.260 and 0.218. This suggests that, despite producing relatively accurate predictions when 

detections occur, these methods fail to identify a substantial fraction of ground-truth objects. 
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Figure 7. Performance comparison. 

4.2. Performance analysis by scenario 

To evaluate the robustness of these methods, their performance was analyzed across the four 

environmental scenarios. The overall accuracies are shown in Figure 8. A primary observation is that 

for nearly all methods, the highest performance is achieved under clear daytime conditions, while the 

rainy night condition proves to be the most challenging scenario. Across all four conditions, the 

YOLOv13 and Qwen2.5-VL-32b models demonstrate significantly better performance over the other 

methods. This accuracy comparison reveals a noteworthy pattern. Although YOLOv13 achieved a 

slightly higher accuracy in clear daytime (0.87 vs. 0.82), the Qwen2.5-VL-32b model is the top 

performer across the remaining three more challenging scenarios, particularly in nighttime settings 

(clear night: 0.82 vs. 0.73; rainy night: 0.78 vs. 0.75). This observation suggests that the VLM exhibits 

greater resilience under low-light conditions, warranting a deeper examination using more robust 

evaluation metrics. 

 

Figure 8. Comparison of accuracies across environmental scenarios. 

A more rigorous analysis of model robustness was conducted using the macro F1-score, which 

accounts for class imbalance. As shown in Figure 9, the results corroborate the overall performance 

ranking and degradation trends observed with accuracy. However, a closer examination reveals that 

the YOLOv13 consistently achieves the highest macro F1-score across all four scenarios, indicating 

its better overall performance. For example, in the most challenging rainy night scenario, YOLOv13 

attains a macro F1-score of 0.81, outperforming Qwen2.5-VL-32b, which achieves 0.78. 
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Figure 9. Comparison of macro F1-score across environmental scenarios. 

Besides the macro F1-score, Figure 10 shows performance comparison in macro-precision and 

macro-recall. Figure 10(a) shows that macro-precision for the top-performing models (YOLOv13 and 

Qwen2.5-VL-32B) remains consistently high across all scenarios. In contrast, macro-recall exhibits a 

clear and systematic decline as environmental conditions worsen (Figure 10(b)). For example, 

YOLOv13’s recall decreases from 0.88 in clear daytime to 0.76 in rainy night. This comparison reveals 

that performance degradation under adverse conditions is driven primarily by missed detections (false 

negatives), indicating that models increasingly fail to detect objects under challenging visual 

conditions. 

 

Figure 10. Performance comparison across environmental scenarios: (a) macro-precision; 

(b) macro-recall. 
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4.3. Performance analysis by object category 

Following the analysis of performance across different environmental scenarios, this section 

examines the performance of each method across five object categories. The goal is to uncover 

paradigm-specific strengths and limitations with respect to different object types, such as large vehicles 

versus small signals and common versus rare classes. Similarly, the analysis begins with a general 

overall accuracy, followed by a more rigorous assessment using the F1-score, precision, and recall to 

provide a balanced and comprehensive evaluation. 

Figure 11 presents overall accuracies across the five object categories. Again, YOLOv13 and 

Qwen2.5-VL-32b emerge as the top performers in most categories, while revealing complementary 

strengths. YOLOv13 excels on vehicle classes such as car (0.93) and bus (0.96), whereas Qwen2.5-

VL-32b performs notably better on traffic light detection, achieving a much higher accuracy of 0.82 

compared to YOLOv13’s 0.57. 

 

Figure 11. Performance comparison by accuracy across object categories. 

Figure 12 shows the F1-score across the five object categories, confirming the strong performance 

of the YOLOv13 and Qwen2.5-VL-32b. YOLOv13 achieves the highest F1-scores on common, large 

objects—person (0.91), car (0.94), bus (0.91), and truck (0.87)—highlighting its strength in 

recognizing well-defined classes. Notably, a clear performance crossover emerges for the traffic light 

category: Qwen2.5-VL-32B attains a substantially higher F1-score (0.90) than YOLOv13 (0.73), 

revealing a distinct advantage of the large VLM paradigm for small and visually challenging objects. 

 

Figure 12. Performance comparison by F1-score across object categories. 
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Figure 13 shows class-level precision and recall. Both YOLOv13 and Qwen2.5-VL-32B achieve 

perfect precision (1.00) for the traffic light class, indicating no false positives. The performance gap is 

instead driven by recall: Qwen2.5-VL-32B attains a recall of 0.82, substantially higher than 

YOLOv13’s 0.57. This explains YOLOv13’s lower F1-score, which stems from missed detections 

rather than misclassification. VLM’s superior recall likely reflects its ability to use a global scene 

context, enabling a more reliable detection of small, visually challenging objects. 

 

Figure 13. Performance comparison across object categories: (a) precision; (b) recall. 

4.4. Analysis of model behavior 

To complement the quantitative results, this section provides a deeper analysis of the internal 

behavior and qualitative error patterns of the evaluated models. This analysis proceeds in two parts: 

first, confusion matrices are used to visualize the class-specific error modes; second, confidence score 

distributions of key model components are examined to understand how the models arrive at their 

decisions and to diagnose the underlying causes of failures. 

Figure 14 presents the confusion matrices for all five evaluated methods, allowing for a direct 

comparison of their error patterns. The matrices for the top-performing models, YOLOv13 

(Figure 14(a)) and Qwen2.5-VL-32b (Figure 14(e)), exhibit strong diagonal dominance, visually 

confirming their high rate of correct classifications. For these models, the few off-diagonal errors 

represent logical misclassifications, such as the confusion between Truck (ID 7) and Car (ID 2), which 

is expected given their visual similarity. The most critical insight, however, comes from the first 

column of each matrix, which represents predictions of class ID -1. The matrices for both 

segmentation-assisted methods, SAM2+EfficientNetV2 (Figure 14(b)) and SAM2+YOLOv13 
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(Figure 14(c)), show extremely high values in this column. For instance, in Figure 14(b), 335 out of 

336 person instances were incorrectly rejected. Similarly, the matrix for the smaller VLM, Qwen2.5-

VL-7b (Figure 14(d)), also shows a very high number of rejections in this column compared to its 

larger counterpart. This provides direct visual evidence for the previously established finding that the 

catastrophic failure of the segmentation-assisted methods, and the comparatively weaker performance 

of the 7b VLM, is primarily due to an inability to make a positive classification (a recall problem), not 

a high rate of misclassification. 

 

Figure 14. Confusion matrices for all five methods. 

To further diagnose the underlying cause of the segmentation-assisted paradigm’s failure, the 

confidence scores of its constituent components were analyzed, as shown in Figure 15. The histogram 

for the standalone YOLOv13 model in Figure 15(a) shows that it is generally very confident in its 

predictions, with a distribution heavily skewed toward high scores between 0.8 and 1.0. The key piece 

of evidence is presented in Figure 15(b), which shows that the SAM2 segmentation stage is also very 

confident, with its scores heavily concentrated above 0.8. However, when the classifiers are run on the 

crops generated by SAM2, their confidence decreases significantly. As seen in Figures 15(c) and (d), 
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the post-SAM2 classifiers exhibit much more uncertain and scattered confidence distributions, with 

the EfficientNetV2 model’s confidence scores concentrated in the low 0.1–0.3 range. 

 

Figure 15. Confidence score distributions for model components. 

These observations lead to a clear diagnosis of the part-versus-whole problem. The failure of the 

SAM2-based pipeline does not stem from poor or low-confidence segmentation; rather, SAM2 is often 

highly confident in its outputs. The issue arises because SAM2 confidently segments an incorrect 

semantic entity. For instance, when a driver’s gaze falls on a car’s taillight, SAM2 may accurately 

segment the taillight as an object part. The downstream classifier, however, is then presented with an 

isolated part and must select from whole-object categories such as “car”, leading to uncertainty or 

misclassification. This semantic mismatch accounts for the low confidence scores and frequent 

background (Class ID: -1) predictions, identifying the part-versus-whole problem as a fundamental 

limitation of the segmentation-assisted paradigm for this task. 

4.5. Analysis of computational footprint 

Beyond model performance, computational efficiency is critical for real-world deployment in 

vehicles. To evaluate this, all experiments were conducted on a single NVIDIA A6000 GPU. Inference 

speed (FPS) was computed by averaging the processing time over 100 test images, while peak GPU 

memory usage reflects the maximum memory consumption observed during this process. 

Table 2 summarizes the computational costs and resource requirements of the five methods, 

showing large differences in both speed and memory. YOLOv13 is the only model achieving real-time 

performance (36.1 FPS) with modest memory use (27.6M parameters, 1.53 GB VRAM), making it 

suitable for in-vehicle deployment. SAM2-based pipelines run at approximately 10 FPS (10.3–10.4 

FPS), potentially acceptable for near real-time tasks but insufficient for latency-critical applications. 

The VLMs exhibit extremely low throughput, with Qwen2.5-VL-7B at 2.1 FPS and Qwen2.5-VL-32B 
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at 0.07 FPS (approximately 14 s per frame), alongside high memory demands (17.6–45 GB VRAM), 

necessitating a top-tier or customized GPU. 

Combining these results with the previous performance analyses highlights a clear performance-

efficiency trade-off. YOLOv13 achieves a strong balance of accuracy and speed, making it the most 

practical choice for real-time deployment. Qwen2.5-VL-32B, while robust and accurate in certain 

conditions, incurs prohibitive computational costs, limiting its real-time applicability. SAM2-based 

methods perform poorly in both efficiency and accuracy, making them the least viable option. 

Table 2. Computational cost comparison. 

Paradigm Method 
Model size 

(GB) 

Parameters 

(M) 

Inference 

speed (FPS) 

Peak GPU 

memory 

usage (GB) 

Object detection–based YOLOv13 0.107 27.6 36.1 1.53 

Segmentation-assisted 

classification 

SAM2 + EfficientNetV2 0.963 343.0 10.4 11.83 

SAM2 + YOLOv13 1.3 252.1 10.3 9.20 

VLM-based 
Qwen2.5-VL-7b 15.5 8,292.2 2.1 17.63 

Qwen2.5-VL-32b 63.6 33,452.7 0.07 44.97 

5. Discussion 

The main finding of this study is that direct object detection and large-scale VLM paradigms 

outperform the segmentation-assisted classification approach for point-based object identification. 

This suggests that methods leveraging holistic scene context are more effective than those relying on 

an analytic, staged strategy. Both YOLOv13 and Qwen2.5-VL-32B, despite their different 

architectures, analyze the entire image to inform their predictions, enabling more robust inferences 

than the two-stage process of isolating a small, context-free region before classification. 

The segmentation-assisted methods fail due to a fundamental part-versus-whole semantic gap. 

Confidence analysis (Figure 15) shows that SAM2 produces highly confident segmentations, while 

downstream classifiers exhibit low and unstable confidence, indicating that errors arise from 

confidently segmenting object parts rather than complete objects. For vehicles, gaze points often yield 

precise segmentations of components such as license plates, which are not classifiable as “car”. For 

small objects (person, traffic light), the segmented regions are frequently too small and context-poor 

for reliable recognition. Performance on “person” is further limited by a taxonomy mismatch in 

ImageNet-1K. In contrast, moderate success on larger objects (bus and truck) occurs when gaze points 

fall on broad object regions, allowing full-object segmentation and more reliable classification. 

By contrast, the strong performance of the large VLM, particularly in challenging situations, 

highlights the advantage of its contextual and commonsense reasoning capabilities. The superiority of 

Qwen2.5-VL-32b was most evident in its robust performance for small objects, like “traffic light” 

(Figure 12), and its relative stability in adverse conditions (Figure 9). The precision-recall analysis for 

the “traffic light” class (Figure 13) is especially informative: despite perfect precision, the VLM’s 

substantially higher recall indicates its ability to leverage implicit world knowledge, effectively 

inferring that a small, colored light at an intersection is a traffic light. This advantage is most 

pronounced at night, where Qwen2.5-VL-32b significantly outperforms the traditional detector. Such 

holistic scene reasoning enables the VLM to remain effective even when local visual cues are degraded 

by low light or adverse weather. 
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These findings translate into clear practical implications for system engineers, summarized in 

Table 3. The results highlight a fundamental performance/efficiency trade-off. For current in-vehicle 

applications requiring real-time feedback (>10 FPS), an efficient object detector like YOLO represents 

the most practical choice, offering strong accuracy in common scenarios at minimal computational 

cost. However, for future safety-critical applications, such as Level 3+ ADAS or post-incident forensic 

analysis, where robustness under adverse and rare conditions is paramount, large VLMs represent a 

promising alternative. Although their substantial computational demands currently limit real-time 

applicability, their superior contextual reasoning and resilience in challenging environments point to 

the future of human-centric vehicle perception. Continued advances in hardware and model 

optimization are expected to narrow this gap. 

Table 3. Summary of three paradigms and practical trade-offs. 

Paradigm 

Overall 

performance 

(macro F1) 

Robustness 

(night/rain) 

(macro F1) 

Small object 

performance 

Speed 

(FPS) 

VRAM 

(GB) 

Primary 

disadvantage 

Detection-

based 
High (0.87) Stable (≥0.81) Low (0.57) 

Real-

time 

(36.1) 

Low (1.53) 
Missed detections 

for small objects 

Segmentation-

assisted 
Low (<0.35) 

Vulnerable 

(≤0.45) 
Minimal (≤0.20) 

Near 

real-time 

(10.3) 

High (9.20) 
Part-versus-whole 

semantic gap 

VLM-based 
Scale-dependent 

(0.47–0.85) 

Scale-dependent 

(0.40–0.88) 

Scale-dependent 

(0.54–0.82) 

Slow 

(0.07) 

Very high 

(44.97) 

High 

computational cost 

6. Conclusions 

This paper presents a systematic, cross-paradigm evaluation of methods for identifying the 

semantic object at a driver’s point of gaze. The results lead to several key findings. 

Direct object detection (YOLOv13) and large-scale vision-language model (Qwen2.5-VL-32b) 

paradigms were found to be the most effective approaches for the task. In contrast, the segmentation-

assisted paradigm was shown to be fundamentally limited by a part-versus-whole semantic gap. 

A clear trade-off was established between the two leading paradigms. YOLOv13 offers 

exceptional real-time efficiency and is the most practical choice for current in-vehicle deployment. 

Qwen2.5-VL-32b, while computationally demanding, provides better robustness and contextual 

understanding, particularly for small objects (e.g., traffic light) and under adverse conditions (e.g., 

nighttime), making it a promising candidate for future safety-critical applications. 

Across all models, performance degradation in challenging conditions was driven primarily by 

missed detections (a recall problem). The large VLM (Qwen2.5-VL-32b) demonstrates consistently 

higher recall under these conditions, highlighting the advantage of its holistic and context-aware 

perception. 

These findings provide guidance for the development of human-aware vehicle systems. 

Nonetheless, several limitations point to directions for future work. The benchmark dataset, while 

diverse, is limited in scale and relies on simulated gaze points that do not reflect the noise 

characteristics of real eye-tracking hardware. Furthermore, the current analysis is frame-based and 

does not exploit temporal context. Future research should therefore validate these findings using real-

world gaze data, investigate hybrid architectures that balance efficiency and robustness, and extend 

VLM-based approaches to video inputs to leverage temporal information. 
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