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ABSTRACT
[bookmark: OLE_LINK3]Current road infrastructure designed for human drivers may pose safety challenges for automated vehicles (AVs). Due to the higher safety risks on freeway ramps and the limited road readiness studies on AV decision-making, this study examines the impacts of freeway ramp design on AVs using simulation-in-the-loop tests. Thirty ramps across six interchanges along Shanghai’s first freeway for AV testing were modelled. Simulation tests were conducted in the Car Learning to Act (CARLA) simulator using the Traffic Manager (TM) module in autopilot mode. Rapid deceleration of the simulated AV served as the label. Six variables across three feature types were considered, including road geometry, road segment, and vehicle operation. The Extreme Gradient Boosting (XGBoost) machine learning algorithm and SHapley Additive exPlanations (SHAP) were used for modelling and interpretation. The results indicated that: 1) all features were correlated with rapid deceleration events, especially the average 200-m downstream curvature and the target speed; 2) higher rapid deceleration probability was associated with larger downstream curvature, smaller upstream curvature, higher target speeds, and ramp type with more complicated geometries; and 3) several interaction effects were observed, including curvatures of adjacent alignments, curvatures at various target speeds, and rates of change in combined horizontal and vertical curves. These findings contribute to AV safety by: 1) guiding the geometric design for improved freeway ramp readiness; and 2) providing traffic departments and automobile manufacturers with AV operational design domain (ODD) restriction references.
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INTRODUCTION
With the advancement of driving automation technology, field tests of automated vehicles (AVs) and public applications such as Robotaxis have been launched and expanded globally in recent years. The California Department of Motor Vehicles’ AV Collision Reports (1) have documented several freeway crashes related to AVs. In addition, freeway interchanges and ramps present more challenging safety issues in motorway network due to frequent merging and diverging operations at high speeds (2, 3). The higher operating speeds on freeways, combined with the complex geometries of ramps, increase the potential for severe crashes. Therefore, it is critical to pay increased attention to ensuring the safe operation of AVs on freeway ramps.
Current highway design specifications prioritize human factors in driving tasks when determining thresholds for geometric design controls (4). However, the perception, decision-making, and control abilities of AVs differ significantly from those of human drivers (5), making it challenging for AVs to adapt to existing road design. To address this, the concepts of roadway readiness and operational design domain (ODD) have been introduced. Roadway readiness refers to the adaptability of road infrastructure to current automated driving technology, aiming to evaluate the impact of road design, traffic operations, and environmental conditions on AVs’ perception, planning, decision-making, or control capabilities (6). The ODD defines the specific conditions under which an AV is designed to operate without human assistance (7). Evaluating roadway readiness is crucial for proactively modifying road infrastructure to accommodate AVs.
To assess roadway readiness and quantify ODD boundaries for AVs, theoretical calculations, field tests, and simulation tests are the primary approaches used in previous studies. In terms of theoretical calculations, safety constraints such as the required sight distance on highway segments (8) and sight triangles at freeway entrance (9) or exit terminals (10) and intersections (11) were developed. Theoretical thresholds for roadway design controls for AVs were then determined, considering the differences in perception modes and abilities between AVs and human drivers. Field-based studies have revealed the impacts of more complex road and traffic conditions on the perception performance of AVs, focusing on perception functions like object detection (12) or advanced driving assistance (13).
Regarding simulation studies, point clouds from lidar sensors with varying perception parameters were projected onto different horizontal and vertical curves in simulation platforms, to explore factors affecting AV’s available sight distance (14, 15). However, most studies have evaluated readiness primarily from the perception perspective of AVs, with less attention given to their decision-making and control performance. Due to the limited availability of open-source field AV test data from automobile manufacturers and the advantages of simulation, such as safety, repeatability, and adjustable scenarios, it is urgent to conduct freeway ramp readiness studies through simulation tests focusing on AV decision-making performance.
The objectives of this freeway ramp readiness study are to analyze the effects of ramp design characteristics on AV’s rapid deceleration events using simulation-in-the-loop tests under various target-speed conditions and to propose design control thresholds for freeway ramps towards better readiness. Thirty ramps across six interchanges along the G2 Beijing-Shanghai Freeway in Shanghai, China, were selected as test paths and modelled in RoadRunner. Simulation data were collected in the CARLA (Car Learning to Act) simulator using the Traffic Manager (TM) module in autopilot mode. The rapid deceleration of the simulated AV was regarded as the label. Six variables across three categories were used as features: road geometry (average upstream and downstream horizontal curvature, rate of change in horizontal and vertical curves), road segment (ramp type), and vehicle operation (target speed). The Synthetic Minority Over-sampling Technique (SMOTE) was used to address the imbalanced issue for datasets. The Extreme Gradient Boosting (XGBoost) machine learning algorithm was adopted for modeling. SHapley Additive exPlanations (SHAP) was used to identify feature importance and the impacts of each feature on predictions. Results of this study aim to guide geometric design to improve ramp readiness for AVs and provide ODD restriction references for traffic departments and automobile manufacturers.
This paper is organized as follows. Section 2 reviews the existing literature. Section 3 describes the simulation data collection and processing, and provides descriptive statistics for the features. Section 4 presents the model performance and illustrates the results of feature importance, dependence plots, and interaction visualization based on SHAP values. Section 5 gives the discussion, followed by the conclusions in Section 6.

LITERATURE REVIEW
In general, three approaches were adopted in previous studies to evaluate roadway readiness for AVs, including theoretical calculations, field tests, and simulation tests. Most of which explored major influencing factors and corresponding safety boundaries of geometric design.
Theoretical Computation for Roadway Readiness Evaluation
[bookmark: OLE_LINK1]Perception modes and abilities, including perception-reaction time (PRT) and perception range, differ significantly between human drivers and AVs (8). These parameters affect the thresholds for road design controls, which necessitate adjustments to accommodate to AVs. In existing studies, the sight distance and sight triangle for AVs were treated as safety constraints for theoretical computation in roadway normal segments, freeway terminals, and intersections.
For the sight distance constraint, McDonald (16, 17) revised the required stopping sight distance (SSD) to account for AVs’ perception characteristics, and the corresponding design controls for crest curves were proposed. Ye et al. (8) computed design controls for vertical curves and combined alignments for AVs. Due to their reduced PRT, wider vertical perception angle, and higher perception height, design control thresholds for AVs are more tolerant than those in current specifications. However, AVs with limited perception ranges at higher design speeds or on steeper downgrades may not meet the SSD requirements and should be restricted to stricter ODD.
Regarding the sight triangle constraint, the relationships of sight triangles were established for freeway entrance terminals, exit terminals, and intersections. Ye and Wang (9) and Ye et al. (10) derived the required perception ranges and angles for AVs merging and diverging at freeway entrance and exit terminals with flat and 5% grades, respectively. Qin et al. (18) and Wang et al. (11) used the sine theorem to compute the same indicators for AVs at various intersection angles. 

Field-test-based Roadway Readiness Evaluation
Most field studies investigated the impacts of roadway infrastructures on AVs’ perception performance relying on machine vision and lidar sensors. Some performance focused on object detection such as lanes, road makings and traffic signs, others were related to the functions of Advanced Driver Assistance System (ADAS).
Studies on ADAS have revealed various roadway factors affecting the performance of Lane Departure Warning (LDW) and Lane Keeping Assist (LKA) systems. Reddy et al. (19) tested vehicles equipped with LDW and LKA, noting poor performance during rainy nights with streetlights and more deviations to the left on narrow lanes or curves. Pappalardo et al. (20) examined variables influencing Lane Support System (LSS) failures on two-lane rural roads, indicating that failures were sensitive to curvature, rain, and marking maintenance. Chaudhary (21) analyzed factors affecting the LKA system on provincial roads. The lane detection performance decreased with poor marking maintenance, large curvature, and wet pavement. By conducting tests with a semi-automated vehicle, García et al. analyzed the impacts of horizontal curve (22), vertical curve (23), lane width (24), and lane marking (25) on the performance of the semi-automated system (i.e., manual takeover events), respectively.
For lane-detection-only studies, Pike et al. (26) highlighted the importance of marking quality on detection confidence. Marr et al. (27) noted that factors such as luminance contrast, road geometry, and vehicle operation impacted steering automation. Nayak et al. (28) found that the detection performed best under conditions with no glare, consistent luminance, and at night. Ye et al. (12) evaluated the effects of freeway design and conditions on lane-detection performance of lidar-based AVs. Critical thresholds for geometric design features and recommendations were proposed for improved freeway readiness for AVs.

Simulation-based Roadway Readiness Evaluation
In previous simulation-based studies, more emphasis has been put on AV’s perception availability based on lidar point cloud projections. Gouda et al. (14, 29) developed a ray-casting method using lidar data to assess AV’s available sight distance (ASD) in a simulated environment, proposing maximum safe speed limits based on lidar sensor parameters. Wang et al. assessed the readiness of highway circular curves (15), spiral curves (30), and vertical alignments (31) for AVs. A co-simulation platform with MATLAB Simulink and PreScan was used to conduct simulation tests, varying design speeds, curvatures, and point cloud thresholds. Safe speed limits for AVs were determined based on ASD. Cai et al. (32) further incorporated adverse weather conditions and used neural networks combined with Monte Carlo simulations to establish the relationship between ASD and required sight distance.
In summary, extensive roadway readiness studies have focused on the perception abilities of AVs, while there is a lack of research addressing the readiness issues related to AV’s decision-making and control abilities. Given the advantages of simulation tests and the limited availability of field test data, there is an urgent need to improve freeway ramp readiness for AVs. This study thus aims to quantify the influence of freeway ramp design on rapid deceleration events of simulated AVs.

METHODOLOGY
Data Collection through Simulation
Simulation scenario
As illustrated in Figure 1, a total of 30 ramps across six interchanges along the G2 Beijing-Shanghai Freeway in Shanghai, China, were selected as test roads for this study. This freeway was chosen due to its status as Shanghai’s first designated route for automated driving testing, offering a challenging environment with its complex road geometries. The freeway mainline has a speed limit of 120 km/h, while each ramp has a speed limit of 40 km/h and includes one or two lanes. These ramps are classified into three types based on their characteristic shapes: 4 loops, 9 semi-direct connections, and 17 outer connections. The mean values for length, horizontal curvature, and longitudinal slope for these types are as follows: 0.75 km, 7.06 km-1, and 0.07% for loops; 1.00 km, 4.48 km-1, and 0.09% for semi-direct connections; and 0.41 km, 3.59 km-1, and 0.43% for outer connections. The diversity and complexity of these ramps motivated the selection of the G2 freeway ramps to assess the readiness for AV operations.

[bookmark: _Ref173262107]Figure 1 Location of the test freeway for simulation

To create detailed and realistic test roads for automated driving simulation tests, the models of the test freeway ramps were constructed using MathWorks RoadRunner R2023b, as shown in Figure 2. This involved drawing reference lines, defining lanes, and adding facilities such as road markings and guardrails. Google satellite maps were imported as background images, and freeway design drawings were used to extract geometric design controls for horizontal alignments, vertical alignments, and cross sections. The models were then exported in OpenDRIVE format and subsequently imported into the Car Learning to Act (CARLA) simulator.

Figure 2 Modelled scenarios for simulation

Experimental design
[bookmark: OLE_LINK5][bookmark: OLE_LINK4]In this study, CARLA, an open-source automated driving simulator based on the Unreal Engine and operated on an Ubuntu system, was used as the simulation platform. CARLA is used for the development, training, and validation of automated driving systems. The simulation data were collected from a single test AV. The built-in Traffic Manager (TM) module in CARLA managed the decision-making and control of the test AV, setting it to autopilot mode to represent typical AV operation characteristics. The TM module gathered dynamic position and speed data of the test vehicle, making high-level decisions based on predefined paths. Considering that the TM module has been widely used for AV control configuration in research topics such as motion prediction (33), decision-making validation (34), and agent control (35), it is reasonable to employ such a simulation platform to study the performance of AVs on freeway ramps. Vehicle operation indicators, including timestamp, longitude, latitude, and speed, were recorded at a frequency of 20 Hz. Figure 3 illustrates several snapshots from the simulation model.
	
	

	(a) Aerial view
	(b) Top-down view
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	(c) Rear view
	(d) Side view


Figure 3 Snapshots from the simulation model

Regarding the driving paths, all possible routes (i.e., 30 ramp paths) across the six interchanges were included. For each driving path, the test vehicle in the simulation started 500-m upstream of the exit ramp gore area and was destroyed at the entrance ramp gore area, ensuring stable speed upon entering the ramp connection section.
To capture the diverse impacts of ramp geometric design on AV’s rapid deceleration events and broaden the research application, the target speed for simulation was not limited to the actual speed limit of the ramps. Instead, a range of target speeds from 20 km/h to 120 km/h at 20 km/h intervals was specified for each driving path. Consequently, six simulation tests were conducted under different target speeds for each ramp path, resulting in a total of 180 tests for the 30 ramp paths. Considering the global default speed limit of the TM module of 30 km/h, the target speed of the test vehicle was adjusted by setting it as a percentage of the default speed limit through specific Python API. 

Data Processing
Rapid deceleration event extraction
Since the simulation data collected during the initial acceleration stage was not stable, only the data from the ramp connecting sections (i.e., sections from one ramp gore area to another) were retained. Due to the difficulty of modeling directly at a fixed mileage interval caused by varying vehicle operating speeds, each ramp was divided into several 5-m spatial segments, in line with the length of a common passenger car. By accumulating the products of the time difference and instantaneous speed, a total of 19,932 ramp segment samples were generated. The average longitudinal acceleration for each 5-m ramp segment was then calculated.
To evaluate geometric design consistency, the deceleration threshold has been considered in existing studies (36, 37). Design consistency is rated as “Poor” if the deceleration rate exceeds 2 m/s². This study adopts the same threshold to identify AV’s rapid deceleration events. Equation 1 illustrates the principle for labeling rapid deceleration. Out of the total 19,932 5-m ramp segment samples, 242 (i.e., 1.2%) were identified as AV’s rapid deceleration events based on this definition.
	

	(1)
	


where ai (m/s2) is the acceleration rate value of the simulated AV on ramp segment i.

Feature extraction and descriptive statistics
Descriptive statistics for both continuous and categorical features are summarized in Table 1. Three categories of six features were extracted and matched for each ramp segment sample, including road geometry, vehicle operation, and road segment. Previous studies have demonstrated that both upstream and downstream curvature can influence drivers’ deceleration behavior (38), and the rate of change in vertical curves may affect the available sight distance for AV perception (8, 12). Consequently, the adopted road geometry features include average upstream curvature, average downstream curvature, the rate of change in curvature, and the rate of change in vertical curve, all extracted from freeway design drawings. For calculating average horizontal curvature, four different ranges (i.e., 50 m, 100 m, 150 m, and 200 m) were considered, with the 200-m range providing the best model performance and thus being selected. In terms of vehicle operation, target speed is a key feature, as it affects the operating speed of the simulated AV and thus its deceleration behavior. Within the road segment category, ramp type is a critical feature due to its distinct shape characteristics.

Table 1 Descriptive statistics for features
Continuous features
	Feature Category
	Features
	Description
	Mean
	SD
	Min
	Max

	Road geometry
	Average upstream horizontal curvature (1/km)
	Within 200 m
	4.18
	3.25
	0.02
	17.58

	
	
	Within 150 m
	4.36
	3.53
	0.02
	19.57

	
	
	Within 100 m
	4.59
	3.91
	0.01
	25.29

	
	
	Within 50 m
	5.04
	4.54
	0.02
	28.73

	
	Average downstream horizontal curvature (1/km)
	Within 200 m
	4.32
	3.29
	0.03
	18.07

	
	
	Within 150 m
	4.52
	3.57
	0.02
	21.14

	
	
	Within 100 m
	4.77
	3.89
	0.01
	24.00

	
	
	Within 50 m
	5.20
	4.47
	0.01
	28.28

	
	Rate of change in curvature (1/km2)
	Change in algebraic difference in curvatures per kilometer of horizontal curve length (positive or negative for entering or leaving curve, respectively)
	2.02
	80.41
	-597.36
	601.50

	
	Rate of change in vertical curve
(%/km)
	Percent change in algebraic difference in grades per kilometer of vertical curve length (positive or negative for sag or crest vertical curve, respectively)
	0.18
	27.06
	-99.93
	99.97

	Vehicle operation
	Target speed (km/h)
	Target speed of simulated AV
	69.52
	34.00
	20.00
	120.00



Categorical features
	Feature Type
	Features
	Description
	Proportion

	Road segment
	Ramp type
	Loop
	16.16%

	
	
	Semi-direct connection
	47.86%

	
	
	Outer connection
	35.98%



Interpretable Machine Learning Methods
XGBoost and SMOTE
Simple descriptive statistics, scatter diagrams, traditional regression models, and ensemble machine learning techniques were commonly used in previous studies to evaluate roadway readiness. While regression models are straightforward to interpret, they are limited to capturing linear relationships. In contrast, ensemble learning algorithms such as Extreme Gradient Boosting (XGBoost), CatBoost, and LightGBM are particularly effective for large-scale complex datasets, offering superior performance in capturing nonlinear relationships, although they differ slightly in feature engineering, tuning complexity, and training speed. Therefore, to reveal the multidimensional nonlinear impacts of geometric design on freeway ramp readiness for AVs, this study adopted the XGBoost algorithm.
The XGBoost algorithm is a powerful machine learning method that builds an ensemble of decision trees using a gradient boosting approach. The key concept is to integrate multiple weak-performing tree models into a single, more accurate model, gradually increasing its complexity to better fit the training data (34). In each iteration, XGBoost uses gradient descent to generate trees. It refines each new tree based on the residuals from the previous tree’s predictions, iteratively minimizing the given objective function. The result is an accumulation of predictions from multiple trees, leading to reduced loss error over successive iterations. The input features are listed in Table 1, and the labels represent a binary classification of rapid deceleration as defined in Equation 1.
To address the issue of imbalanced dataset labels, the Synthetic Minority Over-sampling Technique (SMOTE) was used to prevent overfitting and enhance model robustness. Initially, 70% of the dataset was randomly selected as the preliminary training set, with the remaining 30% allocated as the test set. SMOTE was then applied to the preliminary training set to oversample the minority class. To balance the need for correcting data imbalance and avoiding excessive oversampling, the minority class sample size was increased to half that of the majority class. The key SMOTE parameters were set as follows: sampling_strategy = 0.5 and k_neighbors = 5. The oversampled training set was then used as the final training set for the model.

Parameter settings
To prevent underfitting or overfitting in the XGBoost algorithm, a combination of grid search and five-fold cross validation was employed to identify the optimal parameters with the highest recall score. The algorithm parameters were set as follows: n_estimators = 100, learning_rate = 0.3, max_depth = 6, min_child_weight = 2, colsample_bytree = 0.8, and subsample = 0.95.

SHapley Additive exPlanations (SHAP)
To interpret feature importance and understand the relationship between predictions and individual features, this study used SHapley Additive exPlanations (SHAP), a post hoc interpretation method (40). SHAP uses coalitional game theory to attribute the model predictions to individual features. By connecting optimal credit allocation with local explanations through the classic Shapley values and the extensions, SHAP breaks down a prediction into contributions from each feature (42, 42). These SHAP values quantify the impact of each feature on the difference between the predicted outcome and the average prediction, which assist the explanation of individual predictions as well as the overall model. This approach clarifies how different features influence the final predictions.

RESULTS
Model Performance
To evaluate the performance of the trained XGBoost model, a confusion matrix was used to calculate four key metrics: recall (R), precision (P), f1-score (F1), and accuracy (A). Although the imbalance issue was addressed in the training set, the test set still exhibited an imbalance between positive (rapid deceleration) and negative (non-rapid deceleration) samples. Given that the readiness evaluation prioritizes the identification of rapid deceleration events, recall is a particularly more important metric for assessing model performance on positive cases. For the training set, the values of the four metrics were as follows: R = 0.9994, P = 0.9960, F1 = 0.9977, and A = 0.9985. For the test set, the metrics were R = 0.8485, P = 0.6364, F1 = 0.7223, and A = 0.9930. The recall, along with other metrics, indicates that the trained XGBoost model performed fair.

SHAP Feature Importance
To quantify the average contribution of each feature to the predicted rapid deceleration classification, Figure 4 presents a bar plot of SHAP feature importance for the XGBoost model. This importance is measured by the mean absolute SHAP values. The features are sorted in descending order of importance, with those having larger mean absolute SHAP values being more significant.
[image: ]
[bookmark: _Ref140772262]Figure 4 Bar plot of SHAP feature importance

As shown in Figure 4, all six features are correlated with rapid deceleration events. The average 200-m downstream curvature and the target speed are the top two features, each with high mean absolute SHAP values exceeding 3.00. The average 200-m upstream curvature and the rate of change in curvature rank third and fourth, respectively, with SHAP values greater than 1.00. They are then followed by the ramp type and the rate of change in vertical curve. Therefore, the primary factors influencing rapid deceleration of AVs on freeway ramps are the design of horizontal curves and target speed.

SHAP Dependence Plots
To get deeper insights into how each feature influences the predictions of the XGBoost model, SHAP dependence plots for the six input features are illustrated in Figure 5. These scatter plots show the effect of each individual feature on the predictions, where each dot represents a single prediction from the dataset. The x-axis denotes the feature values, while the y-axis shows the SHAP values in the unit of log-odds of rapid deceleration events for the feature.
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	(a) Average 200-m upstream 
horizontal curvature
	(b) Average 200-m downstream
horizontal curvature
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	(c) Rate of change in curvature
	(d) Rate of change in vertical curve
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	(e) Target speed
	(f) Ramp type


[bookmark: _Ref140837528][bookmark: _Ref140837525]Figure 5 SHAP dependence plots for the six input features

Regarding horizontal curvature, as shown in Figure 5 (a), SHAP values initially decrease sharply in the positive range with the average 200-m upstream curvature from 0 to 1.5 km-1. They then stabilize at negative values close to zero with the upstream curvature from 1.5 km-1 to 5 km-1, and decrease further in the negative range for curvatures greater than 5 km-1. In contrast, Figure 5 (b) shows that the average 200-m downstream curvature exhibits an opposite trend, with SHAP values increasing from negative to positive as the curvature increases. Notably, the probability of rapid deceleration increases for average 200-m downstream curvatures larger than 8 km-1.
In regards to the rate of change in curvature, Figure 5 (c) indicates a slightly higher probability of rapid deceleration for AVs leaving sharp curves compared to those entering sharp curves. For the rate of change in vertical curve, as shown in Figure 5 (d), since the difference between crest and sag vertical curves is hard to distinguish, a feature interaction analysis is conducted in the next section. 
As depicted in Figure 5 (e), for target speeds of 20, 40, and 60 km/h, the probability of rapid deceleration decreases similarly. However, as the target speed increases from 80 km/h to 120 km/h, the effect shifts from negative to positive, with a marked increase in rapid deceleration probability at 120 km/h.
Regarding the ramp type feature, as shown in Figure 5 (f), both loop and semi-direct connection types have positive effects on rapid deceleration probability, with the loop ramp type having generally stronger effects than the semi-direct connection type. Conversely, the outer connection type significantly decreases the probability.

SHAP Dependence Plots with Interaction Visualization
The vertical dispersion in SHAP values for fixed feature values can occur due to interactions with other features, indicating that the SHAP value of a particular feature is influenced by other features as well. Figure 6 presents SHAP dependence plots with interaction visualization for four feature pairs that display distinct interactions.
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	(a) Plot for downstream curvature
coloured by upstream curvature
	(b) Plot for upstream curvature
coloured by target speed

	
	

	(c) Plot for downstream curvature
coloured by target speed
	(d) Plot for rate of change in curvature
coloured by rate of change in vertical curve


[bookmark: _Ref140940907]Figure 6 SHAP dependence plots with interaction visualization

As illustrated in Figure 6 (a), when an AV transitions from a large-radius horizontal curve to a small-radius curve, stronger positive impacts on the probability of rapid deceleration are observed. Figures 6 (b) and (c) show that higher target speeds, compared to lower ones, lead to a shift in the upstream and downstream curvature thresholds where the SHAP values change sign. For instance: 1) for upstream curvature, the threshold where it positively increases the probability is 4 km-1 at 120 km/h and 1.5 km-1 at 20 km/h; 2) for downstream curvature, the threshold where it positively increases the probability is 5 km-1 at 120 km/h and 8 km-1 at 20 km/h. Additionally, when SHAP values are positive, higher target speeds amplify the positive impact of the same upstream or downstream curvature on the probability of rapid deceleration. In Figure 6 (d), crest vertical curves with positive SHAP values indicate higher rapid deceleration probability when the AV is leaving horizontal curves. Both entering and leaving horizontal curves exhibit positive rapid deceleration probability samples for sag curves. However, there is significant variance in the SHAP values along the y-axis for the rate of change in both horizontal and vertical curves, attributed to interaction effects.

DISCUSSION
Due to the higher safety risks on freeway ramps and the limited research on roadway readiness evaluation from the perspective of AV decision-making and control, this study examines how freeway ramp design affects AV rapid deceleration events using simulation-in-the-loop tests. The ultimate goal is to propose design control thresholds for improved ramp readiness. Simulation data were collected in the CARLA simulator using the TM module in autopilot mode, focusing on 30 ramps across six interchanges along Shanghai’s first freeway for automated driving testing. Rapid deceleration of the simulated AV was used as the label, with six features related to road geometry, road segment, and vehicle operation. The XGBoost machine learning algorithm and SHAP were employed for modelling and interpretation, quantifying the feature importance and the impacts of each feature on predictions.
With respect to the feature importance, horizontal curve design and target speed are the two critical feature types affecting AV’s rapid deceleration under ideal perception conditions (i.e., no occlusions or detection errors). On the contrary, a previous freeway readiness study focusing on lane-detection performance identified features related to major detection objects, such as surrounding vehicles, road segments, and road markings, as the primary factors influencing readiness results (12). This suggests that the factors and their importance influencing freeway readiness for AVs differ between the perspectives of perception and decision-making to a certain extent.
For downstream horizontal curvature, a larger curvature makes it more challenging to maintain vehicle stability and lane centering at the same operating speed. Consequently, the probability of rapid deceleration is positively correlated with the downstream curvature. Comparing the maximum downstream curvature thresholds from this study with those in the Green Book (4) under 6% superelevation, at a target or design speed of 120 km/h, the thresholds are 5.0 km-1 (i.e., 200 m for radius) and 1.3 km-1 (i.e., 756 m for radius), whereas at 20 km/h, the thresholds are 8.0 km-1 (i.e., 125 m for radius) and 125.0 km-1 (i.e., 8 m for radius). Therefore, the current minimum radius values in the Green Book (4) have redundancy for meeting the operational demands of AVs at higher target speeds, but require optimization for low-speed conditions. It is suggested to adjust design threshold values based on different road types and driving tasks to ensure AVs’ safe operation. Moreover, Ye et al. (12) found that an average downstream curvature greater than 0.2 km-1 within 200 m could improve AVs’ lane-detection performance in most cases. To balance the needs of AVs’ perception, decision-making, and control, an average 200-m downstream curvature ranging from 0.2 km-1 to 5.0 km-1 (120 km/h) or 8.0 km-1 (20 km/h) is recommended for freeway ramp geometric design.
[bookmark: _Hlk172730326]Regarding upstream horizontal curvature, it can be inferred that AVs on ramp segments with larger upstream curvature have already decelerated on the upstream segment compared to those with smaller curvature. This results in a lower probability of rapid deceleration occurring again. Thus, the probability is negatively correlated with upstream curvature, leading to higher upstream curvature thresholds for rapid deceleration at higher target speeds.
For the rate of change in horizontal curvature, when designing horizontal alignments for freeway ramps, sudden changes in curvature between adjacent segments (such as a tangent directly connecting to a small-radius curve or vice versa) should be avoided, consistent with existing design principles in the Green Book (4). Although some outliers can be observed with large values of change rate, sparse sample areas in the SHAP dependence plot should not be over-interpreted (40).
The feature importance of the rate of change in vertical curve ranks last, influenced by the ideal perception conditions during simulation tests. As proved in García et al. (23) and Ye et al. (12), both steep crest and sag curves may lead to higher probabilities of perception failures. Further freeway readiness studies should be conducted based on AV simulation tests that integrate both perception and decision-making functions. Additionally, other potential factors of freeway ramp design, such as reverse curves combined with complex vertical alignments, may result in the high variance in SHAP values for the change rates of both horizontal and vertical curves.
In comparison with target speeds of 80 to 120 km/h, which partially or completely impact AV’s rapid deceleration probability positively, the actual ramp speed limit of 40 km/h provides sufficient safety redundancy. Hence, a moderate increase in the freeway ramp speed limit is acceptable exclusively for AVs. Regarding ramp type, the largely tangent geometric design of the outer connection ramp negatively affects rapid deceleration probability, while the reversible intended direction of the semi-direct connection ramp and the larger horizontal curvature of the loop ramp increases the probability (43).

CONCLUSION
This software-in-the-loop simulation study on freeway ramp readiness makes two key contributions to AV operational safety:
(a) Freeway ramp readiness and design: The developed model can be applied to evaluate the readiness of additional freeway ramps with similar design characteristics, based on predictions of AV rapid deceleration. The design thresholds identified in this study, particularly for upstream and downstream horizontal curvatures, offer valuable guidance for the geometric design of freeway ramps, ensuring they meet the safety requirements of AV decision-making and control.
(b) ODD restrictions: The proposed geometric design thresholds and the evaluation results for freeway ramp readiness provide traffic departments and automobile manufacturers with suggested ODD restrictions. These recommendations ensure safe AV operations, indicating when manual control or alternate routes are necessary for AVs operating outside the allowed ODD.
There are several aspects that can be further explored in future studies on the readiness of freeway ramps for safe operations of AVs. Firstly, incorporating additional metrics such as lateral offset, lateral acceleration, and rapid acceleration can make the evaluation framework more comprehensive, addressing both longitudinal and lateral vehicle operation safety. Secondly, it is recommended to conduct further comparisons of the results between the TM module in CARLA and other open-source AV simulators such as Apollo. Thirdly, integrating sensor perception and decision-making in future simulation tests is recommended, as this would more accurately reflect the real-world performance of AVs. Lastly, as large-scale automated driving tests on real roads progress, applying the real-world test data will be invaluable for evaluating freeway readiness for AVs.
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