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Highlights


What are the main findings?




	
A sensor occlusion detection algorithm is proposed for autonomous drone navigation in unknown indoor environments, which systematically classifies sensor occlusion into three categories: occlusion-free, partial occlusion, and full occlusion.



	
An occlusion-aware trajectory replanning algorithm is proposed to handle partial and full occlusion conditions, generating candidate trajectories within occluded unknown regions to prevent collisions with obstacles.








What are the implications of the main finding?




	
A novel trajectory planning framework is proposed for sensor occlusion scenarios, enhancing both the flight safety and navigation efficiency of drones operating autonomously in unknown indoor environments.



	
The proposed framework can operate as an augmentation module while preserving the favorable characteristics of the underlying initial planning method, requiring only a 3D occupancy grid map and a parameterized trajectory.









Abstract


Autonomous drone navigation relies on onboard sensors to perceive obstacle information in real time. However, indoor environments contain abundant wall structures that occlude the sensor’s field of view, rendering obstacle information within occluded regions undetectable to the drone. Existing trajectory planning algorithms fail to adequately account for the safety risks introduced by sensor occlusion. To address this limitation, this article proposes a novel trajectory planning framework to enhance drone flight performance in indoor environments. Specifically, a 3D occupancy grid map is first constructed from sensor data, and an initial trajectory is generated from the current position to the goal. A sensor occlusion detection algorithm then classifies the current scene into three categories: occlusion-free, partial occlusion, and full occlusion. For occlusion-free scenarios, the initial trajectory is directly forwarded to the controller. For partial and full occlusion cases, an occlusion-aware trajectory replanning algorithm generates multiple candidate trajectories in unknown regions. These candidates are evaluated by a scoring function comprising three metrics: safety, efficiency, and smoothness. Upon detection of a collision between the currently executing initial trajectory and an obstacle, the active trajectory is immediately switched to the highest-scoring candidate trajectory, thereby ensuring both flight safety and navigation efficiency of the drone. Extensive experiments are conducted across multiple occlusion scene configurations to validate the performance of the proposed method. Experimental results demonstrate that the proposed method is capable of providing safe and efficient trajectories for drones under both partial occlusion and full occlusion conditions.
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1. Introduction


In recent years, small-scale drones have attracted considerable research attention owing to their exceptional maneuverability [1,2,3], finding widespread applications across diverse domains, including agriculture and military operations [4,5,6]. When performing autonomous flight in unknown environments, drones rely on onboard sensors, such as depth cameras, to perceive surrounding environmental information and generate collision-free flight trajectories [7,8]. In indoor environments, however, surrounding walls introduce occlusions that compress the sensor’s perceptual space. Under such sensor-limited conditions, both the efficiency and safety of drone trajectory planning are severely compromised.



To date, no systematic classification of sensor occlusion levels caused by obstacles in indoor environments has been established. This article categorizes sensor occlusion into three classes based on the associated safety risk to the drone: occlusion-free, partial occlusion, and full occlusion:




	
The occlusion-free case refers to scenarios in which no obstacles are present between the drone’s current position and the goal point within the sensor’s field of view, representing a condition with no associated safety risk.



	
The partial occlusion case, illustrated in Figure 1a, refers to the scenario in which obstacles partially obstruct the sensor’s field of view, creating blind spots within the effective sensing range. When obstacles are present within such unknown occluded regions, the risk of collision is substantially elevated.



	
The full occlusion case, illustrated in Figure 1b, refers to the scenario in which an obstacle is sufficiently large to cause full occlusion of all feasible paths toward the goal within the sensor’s field of view. In this case, the drones face not only an increased collision risk but also the potential to become trapped in a local optimum replanning cycle, as no feasible trajectory toward the goal can be identified in the vicinity of the current position.
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Figure 1. Illustration of (a) partial occlusion and (b) full occlusion conditions. These scenarios are commonly encountered in indoor environments, such as navigating corridor turns and bypassing wall obstacles. 
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Existing planning strategies for sensor occlusion conditions can be broadly divided into two categories. The first is the conservative planning strategy [9,10], which constrains trajectory generation within the known map or the sensor’s field of view, treating unknown occluded regions as obstacle-occupied areas. While this approach maximizes flight safety, it inherently sacrifices trajectory flexibility and traversal efficiency. The second is the optimistic planning strategy [11,12,13], which treats unknown occluded regions as obstacle-free areas, allowing the planner to generate more aggressive trajectories. Although this approach improves both flexibility and efficiency, trajectories that penetrate unknown regions introduce non-negligible safety risks. To address the safety risks inherent in optimistic planning, the prevailing solution in the literature is the perception-aware planning approach [14,15]. The core principle of this paradigm is to incorporate visibility as an optimization objective, enabling the drones to observe unknown occluded regions earlier prior to entering them. This approach can effectively mitigate the risk of collision with obstacles in occluded regions for the partial occlusion case. However, to maximize visibility into occluded regions, perception-aware methods tend to deflect the trajectory away from the occluding obstacle, which comes at the cost of traversal efficiency. Furthermore, in full occlusion scenarios, such methods still fail to generate feasible and effective trajectories. When the occluding obstacle is sufficiently large, some improvements in visibility are still insufficient to expose the obstacle boundary, and therefore cannot break the local optimum in which the planner becomes trapped.



To overcome the limitations of existing approaches, this article proposes a novel drone trajectory planning framework tailored for indoor sensor-occlusion scenarios. A 3D occupancy grid map is first constructed from sensor data, upon which an initial trajectory is planned based on the observed obstacle information. When a segment of the initial trajectory is detected to pass through unknown regions, a sensor occlusion detection algorithm is invoked to classify the current scene into one of three categories: occlusion-free, partial occlusion, or full occlusion. For occlusion-free scenarios, execution of the initial trajectory proceeds without modification. For partial occlusion scenarios, an occlusion-aware trajectory replanning algorithm is triggered, comprising three stages: candidate trajectory generation, evaluation, and execution. In the generation stage, candidate trajectories are produced within unknown regions through a perception-range-based sampling strategy; in the evaluation stage, each candidate trajectory is scored by an evaluation function incorporating safety, efficiency, and smoothness criteria; and in the execution stage, a switching decision is made based on the collision status of the initial trajectory to determine whether it should be replaced by the highest-scored candidate. For full occlusion scenarios, an exploration vector is additionally integrated into the above pipeline to locate the obstacle boundary, thereby guiding the planner to generate a safe and efficient trajectory toward the goal.



The main contributions of this work are summarized as follows:




	
A sensor occlusion detection algorithm is proposed to classify indoor sensor occlusion conditions into three categories: occlusion-free, partial occlusion, and full occlusion.



	
An occlusion-aware trajectory replanning algorithm is proposed to handle partial and full occlusion scenarios, enhancing both trajectory safety and navigation efficiency.



	
Comprehensive experiments are conducted in both simulated and real-world environments to validate the effectiveness of the proposed framework.








The remainder of this paper is organized as follows: related work on drone trajectory planning under occlusion conditions is presented in Section 2. A detailed description of the proposed algorithm is provided in Section 3, including the initial trajectory planning algorithm in Section 3.1; the occlusion detection algorithm in Section 3.2; and the occlusion-aware trajectory replanning algorithm in Section 3.3, which comprises the trajectory replanning algorithm for partial occlusion in Section 3.3.1 and the replanning algorithm for full occlusion in Section 3.3.2. Experiments and analysis are presented in Section 4, including simulation experiments for partial occlusion in Section 4.1, simulation experiments for full occlusion in Section 4.2, and real-world experiments in Section 4.3. Section 5 contains a discussion of the proposed method in Section 5.1 and a conclusion of the entire paper in Section 5.2.




2. Related Work


Considerable research effort has been devoted to drone trajectory planning in unknown environments. Fast-Planner [16] employs the distance field of an Euclidean Signed Distance Field (ESDF) map as a safety constraint, solving for collision-free, dynamically feasible, and smooth drone trajectories through B-spline trajectory optimization combined with gradient descent. To mitigate the high computational cost associated with ESDF construction, EGO-Planner [17] provides an ESDF-free gradient-based planning framework that generates collision-free trajectories via repulsive direction vectors. To address trajectory time minimization, Teissing et al. [18] introduce a time-optimal point-mass model and a limited thrust decomposition method to enable agile drone flight. The method in [19] guides the planner to generate reliable trajectories by monitoring structural changes in the local Euclidean Signed Distance Field, thereby enhancing trajectory safety and reducing the frequency of replanning. The problem of dynamic obstacle avoidance has been investigated in [20,21]. PE-Planner [20] integrates the planning framework of Fast-Planner with a local MPCC-based controller incorporating disturbance estimation and Control Barrier Function constraints, enabling high-speed flight in cluttered and dynamic environments. Qi et al. [21] propose a temporally constrained deep deterministic policy gradient reinforcement learning framework to address path planning in dynamic environments. The method [22] combines elastic visibility-aware trajectory planning with a flexible terminal adjustment algorithm to achieve adaptive dynamic tracking and perching for drones.



Regarding the safety risks posed by sensor occlusion conditions, Fast-Planner [16] provides only preliminary recognition of the potential flight hazards associated with trajectories passing in close proximity to obstacles, without dedicated optimization to address this concern. Faster [23] places greater emphasis on the collision risks introduced by obstacles lurking within occluded regions, and proposes the generation of backup trajectories within known-free regions as a means of enhancing flight safety. RAPTOR [15] introduces a perception-aware approach that quantifies safety risk through a trajectory visibility status and further optimizes the trajectory away from the occluding obstacle. This method enables the drone to observe unknown regions earlier during flight and has inspired a series of subsequent related works. For example, CPA-Planner [24] further extends the perception-aware planning framework of RAPTOR [15] by incorporating visibility as an explicit constraint during the path planning stage, thereby further enhancing the drone’s observational capability over occluded unknown regions. The study [25] introduces a viewpoint transition graph for adaptive target selection and a localizable corridor constructed via feature co-visibility evaluation, ensuring efficient navigation in unknown environments.



Although the aforementioned perception-aware methods can ensure trajectory safety under partial occlusion, they fail to deliver reliable performance in fully occluded scenarios. For instance, while the backup trajectory in FASTER guarantees flight safety, it does not retain any global information regarding obstacle boundary search; consequently, it cannot guide the drone toward the obstacle boundary under full occlusion. Similarly, perception-aware methods such as RAPTOR and CPA-Planner, even when trajectory visibility is maximized, remain unable to directly observe the obstacle boundary under full occlusion. As a result, both categories of methods are susceptible to local optima in fully occluded environments. In contrast, the proposed method introduces global obstacle-search information via an exploration vector, which effectively guides the drone to locate the obstacle boundary even under complete occlusion.



Several studies have also been devoted to addressing full occlusion caused by large obstacles [26,27]. For instance, the study [28] proposes a planning method for drones operating in unknown indoor environments based on a Limit Ellipsis Controller, which is an improved artificial-potential-field-type method capable of preventing the planner from becoming trapped in local optima. The method [29] employs hybrid surface frontiers to guide the trajectory search process, leveraging integrated information gain to improve trajectory feasibility. The study [30] addresses full occlusion of feasible paths induced by large obstacles through a cost-function-based backtracking and circumvention mechanism. Nevertheless, although the aforementioned methods can guarantee that the planner escapes local optima, they tend to explore redundant trajectories in the vicinity of the obstacle before identifying a feasible path toward the goal, failing to ensure energy-optimal trajectory generation. Meanwhile, frontier-based and backtracking-based methods also fail to guarantee the safety of occluded trajectory segments under partial occlusion. The proposed method, by contrast, not only leverages the exploration vector to rapidly identify the obstacle boundary under full occlusion but also employs candidate trajectories to ensure trajectory safety in partial occlusion scenarios.




3. Methodology


The overall pipeline of the proposed framework is illustrated in Figure 2. First, a 3D occupancy grid map is constructed from the surrounding sensor data, upon which an initial trajectory is planned (Section 3.1). The initial trajectory is then periodically inspected to determine whether any segment falls within unknown regions; if so, a sensor occlusion detection algorithm is applied to classify the current scene into one of three categories: occlusion-free, partial occlusion, or full occlusion (Section 3.2). For scenarios in which sensor occlusion is detected, an occlusion-aware trajectory replanning algorithm is invoked to ensure both the safety and efficiency of quadrotor flight (Section 3.3).



3.1. Initial Trajectory Planning


As demonstrated in [17], ESDF maps impose a heavy computational burden. Therefore, the proposed framework instead constructs a more fundamental yet computationally efficient 3D occupancy grid map from sensor data. Let the occupied, free, and unknown regions within the drone’s current grid map be denoted as   X  o c c   ,   X  f r e e    and   X  u n k   , respectively. The current drone position and local goal are denoted as    p  c u r   ∈   R  3    and    p  g o a l   ∈   R  3   . A collision-free path from   p  c u r    to   p  g o a l    is then searched using the A-star algorithm. The resulting path is subsequently refined through B-spline curve optimization, improving both trajectory smoothness and dynamic feasibility. The optimization problem is formulated as follows:


   min C  J =  λ s   J s  +  λ d   J d  +  λ c   J c   



(1)




where   C =  {  C 0  ,  C 1  , … ,  C  N c   }  ,  C i  ∈   R  3    denotes the set of control points for the drone trajectory,   J s   is the smoothness penalty,   J d   is the feasibility penalty, and   J c   is the obstacle collision penalty.   J s   is formulated as the time integral over square derivatives of the trajectory.   J d   is ensured by restricting the higher order derivatives of the trajectory on every single dimension.   J c   pushes control points away from obstacles.    λ *  ∈ R   are the weights that balance these penalty terms (detailed in [17]). The initial trajectory is denoted as  T . Since the primary focus of this work is on sensor occlusion detection and occlusion-aware trajectory replanning, the initial trajectory generation adopts straightforward path search and trajectory optimization algorithms. Notably, these components are modular and can be replaced by more advanced methods, such as [31,32], without affecting the subsequent stages of the framework. The proposed framework imposes only two requirements on the initial trajectory planning method: a 3D occupancy grid map and a parameterized trajectory, both of which are fundamental prerequisites in trajectory planning algorithms. Once these requirements are satisfied, the proposed framework can operate purely as an augmentation module when encountering occluded unknown regions while preserving the favorable characteristics of the underlying initial planning method.




3.2. Sensor Occlusion Detection


3.2.1. Algorithm Procedure


Let the occupied, free, and unknown regions within the drone’s current grid map be denoted as   X  o c c   ,   X  f r e e    and   X  u n k   , respectively. Upon generation of the initial trajectory  T , a periodic inspection is performed to determine whether any segment of  T  falls within the unknown region   X  u n k   . The first unknown point detected along  T  is denoted as    p  u n k   ∈   R  3   . The sensor occlusion detection algorithm is presented in Algorithm 1 and Figure 3. The algorithm first determines whether any obstacle exists between   p  c u r    and the   p  g o a l    (Lines 2–4). If no obstacle is detected, the current scene is deemed free of collision risk and the algorithm returns the occlusion-free directly. Otherwise, the line segment   L  c u    connecting   p  c u r    and   p  u n k    is constructed to facilitate further occlusion classification (Line 5).



The partial occlusion case typically arises when the trajectory undergoes a turning maneuver, causing obstacles to obstruct a portion of the sensor’s field of view, as shown in Figure 3b. When an occupied grid cell is detected on   L  c u    (Line 6), it indicates that the unknown region at   p  u n k    arises because the sensor’s view is blocked by a nearby obstacle. Furthermore, since   p  u n k    is the first unknown point along the trajectory, a known region must necessarily exist in the vicinity of   p  u n k   , indicating that the sensor is able to detect the boundary of the occluding obstacle, which confirms that the obstacle causes only partial occlusion of the sensor. Once partial occlusion is determined, the severity of the current occlusion is assessed based on the average curvature of the trajectory as it approaches   p  u n k   . A larger curvature indicates that the occluded region is more difficult to discover. When the drone needs to turn sharply around the occluding obstacle in order to observe the occluded unknown region, the remaining planning margin becomes extremely limited, thereby increasing the risk of collision. Therefore, rather than relying on an ESDF map as required in [15], the threat level of the current scenario to flight safety is assessed by analyzing the local curvature of the trajectory. Specifically, the tangent line   L  t a    to the trajectory at   p  u n k    is first computed (Line 7). The time interval from   t  u n k    to   t  c u r    is then discretized into a decreasing sequence    S n  =  {  t n  ,  t  n − 1   … ,  t 1  }    with a uniform time step (Line 8). Starting from   t  u n k   , the perpendicular distance   d i   from the trajectory position   p (  t i  )   to the tangent line   L  t a    is computed for each sampled time (Lines 9–10). If   d i   exceeds the minimum visibility distance   φ  m i n    and the mean curvature of the initial trajectory over the interval   [  t i  ,  t  u n k   ]   surpasses the threshold    K t  ∈ R  , the partial occlusion scenario is classified as posing a significant threat to flight safety (Lines 11–12).



	Algorithm 1: sensor occlusion detection
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Full occlusion typically occurs in scenarios where the drone needs to bypass a large wall-like obstacle. When an occupied grid cell is detected on   L  c g   , this indicates the presence of an obstacle between the drone and the goal point. If, at this moment, no occupied grid cell is detected on   L  c u   , it indicates that the current point   p  u n k    does not arise from obstacle occlusion. There are two possible causes for this phenomenon: first, a large obstacle may have fully occluded the sensor, such that no feasible obstacle-bypassing trajectory can be found within the current sensor range; second, a small obstacle may happen to lie exactly at the intersection of   L  c g    and the edge of the sensor’s perception range. Let    p  o c c   ∈   R  3    denote the intersection point between the line segment   L  c g    and the obstacle (Line 15). The grid cells in the vicinity of   p  u n k    are searched to identify the occupied cell closest to   p  u n k   , denoted as   p  b o u   , which represents the boundary point of the obstacle within the current sensing horizon (Line 16). The vector from   p  o c c    to   p  b o u    is defined as the exploration vector as    v  e x p   ∈   R  3   , and the vector from   p  o c c    to   p  u n k    is denoted as    v  u n k   ∈   R  3    (Line 17). The following computation is then performed to determine whether a full occlusion condition is present (Lines 18–19):


  1 −     v  e x p   ·  v  u n k       v  e x p      v  u n k       <  C t   



(2)






      v exp      p  o c c   −  p  c u r       >  R t   



(3)




where    C t  ∈ R   denotes the trajectory angle threshold and    R t  ∈ R   denotes the obstacle size threshold. When both Equations (2) and (3) are simultaneously satisfied, the obstacle is considered sufficiently large and the trajectory entering the unknown region is in close proximity to the obstacle, upon which the algorithm returns full occlusion (Line 18–19). Otherwise, the occlusion-free classification is returned (Line 21).




3.2.2. Threshold Determination


The sensor occlusion detection algorithm involves three detection thresholds,   K t  ,   C t  , and   R t  . The selection of these three thresholds has a substantial impact on the algorithm’s performance.



The selection of the threshold   K t   directly affects the algorithm’s sensitivity in classifying a scene as partial occlusion. If   K t   is set too small, scenarios with mild sensor occlusion may be misclassified as partial occlusion, triggering unnecessary replanning and resulting in computational overhead. Conversely, a larger   K t   significantly increases the probability of missing partial occlusion scenarios, thereby elevating safety risks during drone flight. In this paper, an appropriate value for   K t   is determined through empirical evaluation. As illustrated in Figure 4a, the experimental setup involves initiating multiple trajectory planning tasks from positions where the sensor faces the obstacle at varying angles   θ *  . For each configuration, the average curvature of the planned trajectory is computed. A smaller angle   θ *   corresponds to more severe occlusion in the region behind the obstacle, which yields a larger average trajectory curvature. The statistical results are presented in Figure 4b. To balance safety and computational efficiency,   K t   is set to 0.25, which corresponds to an occlusion angle of approximately 30 degrees.



The obstacle size threshold   R t   is used to measure the size of an obstacle and is determined based on the sensor’s field of view and effective sensing range. For a commonly used camera such as the D435, the effective sensing range   d s   is approximately 4 m, with a horizontal field of view of approximately 90°. When an obstacle happens to be located precisely at the intersection of   L  c g    and the edge of the sensor’s sensing range, no occupied grid cell will be detected on   L  c g    either, as illustrated in the Figure 5a. In this case, the size of the obstacle directly in front of the drone can be approximately expressed as    d s  ·  R t   . Under the ideal scenario of full occlusion, as illustrated in the Figure 5b, when the edge of the sensor is completely occupied by the obstacle,   R t   = 1. However, in practice, the drone’s viewing angle is unlikely to be perfectly aligned with the obstacle, and the data near the edge of the sensor’s field of view tends to become unreliable, effectively narrowing the usable field of view, which causes the value of   R t   to be smaller than 1, as illustrated in the Figure 5c. Therefore, a value of 0.5 is selected as the threshold   R t  , meaning that an obstacle must be at least 4 m in size to exceed the threshold. This choice effectively filters out small obstacles that happen to appear at the intersection of   L  c g    and the edge of the sensor’s sensing range while also avoiding missed detections of genuine full-occlusion scenarios due to an excessively large   R t   value. If a sensor with different parameters is adopted, the value of   R t   can be estimated by following the procedure described above.



For the trajectory angle threshold   C t   used in the full occlusion determination algorithm, it measures the cosine distance between   v  e x p    and   v  u n k   . Under full occlusion, since the planner cannot find a known-free region between the obstacle and the target point, the trajectory is guided toward the unknown region near the obstacle, causing the distance between   p  u n k    and   p  b o u    to become very small. The threshold of   C t   can be estimated based on the obstacle inflation coefficient and the drone’s dimensions. For example, when the value of   C t   is set to 0.15, it means that the full occlusion condition is satisfied when the angle between   v  e x p    and   v  u n k    is smaller than approximately 30°. If   C t   is set too small, e.g., 0.05, the algorithm’s ability to detect full occlusion would be compromised, leading to missed detections. Conversely, if   C t   is set too large, the threshold would lose its discriminative effectiveness.





3.3. Occlusion-Aware Trajectory Replanning


3.3.1. Strategy for Partial Occlusion Conditions


In partial occlusion conditions, the worst-case configuration places an obstacle at the boundary between the known free region and the unknown region. By the time the drone detects the obstacle, the separation distance between them may already be critically small. If the motion planner is unable to generate a collision-free trajectory within the available reaction time, the drone faces the risk of abrupt deceleration or even collision. To this end, an occlusion-aware trajectory replanning algorithm is proposed to proactively generate candidate trajectories within the unknown region, ensuring flight safety while preserving trajectory flexibility.



Generation: The perception-range-based sampling strategy for candidate trajectory generation involves four components: initial conditions, sampling region, terminal conditions, and parameterization. Let   t c   denote the timestamp at which the partial occlusion criterion is satisfied in the sensor occlusion detection algorithm (Algorithm 1 Line 11–12). The starting point of each candidate trajectory is located at the position on  T  corresponding to time    t e  =  t c  +  t m   , where   t m   is a temporal relaxation factor. The position    p e  ∈   R  3   , velocity    v e  ∈   R  3   , and acceleration    a e  ∈   R  3    of the initial trajectory at   t e   are recorded and used as the initial conditions for the candidate trajectories. Taking   p e   as the starting point, the sampling region in the horizontal and vertical directions is defined as   [ −  θ h  ,  θ h  ]   and   [ −  θ v  ,  θ v  ]  , respectively, based on the current sensor attitude and maximum sensing range. Sampling directions are then discretized along both the horizontal and vertical axes, enabling the candidate trajectories to uniformly cover the sensor’s perceptual space at   p e  , as illustrated in Figure 6. The terminal position of each candidate trajectory can be computed as follows:


     p  i j      =  p e  +  ( r cos  φ j  cos  ψ i  ,  r cos  φ j  sin  ψ i  ,  r sin  φ j  )        ψ i     = −  θ h  + i Δ  σ h  ,  i = 0 , 1 , 2 , ⋯ ,  N ψ        φ j     = −  θ v  + j Δ  σ v  ,  j = 0 , 1 , 2 , ⋯ ,  N φ      



(4)




where   Δ  σ h    and   Δ  σ v    denote the angular sampling intervals in the horizontal and vertical directions, and    N ψ  =    2  θ h    Δ  σ h       and    N φ  =    2  θ v    Δ  σ v       represent the number of sampling points along the corresponding directions. r denotes the sampling length, computed according to the following formula:


  r = min   r max  ,   ω α    ∥  p  g o a l   −  p  u n k   ∥  2    



(5)




where   r max   denotes the maximum length of the candidate trajectory and   ω α   is a scaling parameter. The terminal velocity    v  i j   ∈   R  3    of each candidate trajectory is decomposed into two components: speed magnitude and velocity direction. The speed magnitude is determined by the average speed   v  a v g    of the initial trajectory between   p e   and   p  g o a l   . The velocity direction is determined by a weighted combination of the obstacle avoidance direction and the trajectory terminal direction. The terminal velocity is computed according to the following formulation:


   u  i j   =   λ 1      p  i j   −  p e      p  i j   −  p e      +  λ 2      p  g o a l   −  p  i j       p  g o a l   −  p  i j         



(6)






   v  i j   =  v  a v g      u  i j     | |   u  i j    | |      



(7)




where    u  i j   ∈   R  3    is the terminal direction of the candidate trajectory,    λ 1  ∈ R   and    λ 2  ∈ R   denote the weighting coefficients. The terminal acceleration is fixed at zero to ensure stable flight execution after completing the avoidance maneuver. Upon completing the sampling of all terminal positions and the computation of their corresponding velocities, the terminal conditions for each candidate trajectory are fully determined.



Given the specified initial and terminal conditions, the candidate trajectories can be parameterized using any suitable method, including those consistent with the initial trajectory. In this work, we adopt the method [33] to represent trajectories as piecewise polynomials. Polynomial representation is a fundamental and widely adopted parameterization approach that admits a closed-form solution via quadratic programming (QP), offering high trajectory generation efficiency. Since a quadrotor is an underactuated system, its complete state and control inputs can be algebraically expressed in terms of position and its derivatives. Snap, defined as the fourth-order derivative of position, corresponds directly to the rate of change of thrust. Minimizing snap is essentially equivalent to minimizing the aggressiveness of motor thrust variations, thereby yielding trajectories that are both energy-efficient and dynamically smooth. Accordingly, seventh-order polynomials are adopted to represent the candidate trajectories. The trajectory generation problem is formulated as follows:


   P  i j    ( t )  =   ∑  k = 0  7    c k   t k  ,  t ∈  [ 0 ,  T d  ]   



(8)






      min c        ∫ 0  T d         d 4   P  i j    ( t )    d  t 4      2  d t =  c ⊤  Q c        s . t .       Ac = b          b =   [  p e  ,  v e  ,  a e  ,  p  i j   ,  v  i j   , 0 ]  ⊤      



(9)




where    P  i j    ( t )    denotes the polynomial representation of the candidate trajectory,   T d   denotes the duration of the candidate trajectory,   Q ∈   R   8 × 8     is the Hessian matrix,   A ∈   R   8 × 8     is the constraint matrix. The computation of   T d   is given by


   T d  =  ω d    r  v  a v g      



(10)




where   ω d   is a scaling parameter. Upon completing the aforementioned steps, a set of candidate trajectories originating from   p e   is obtained, as illustrated in Figure 7a.



Evaluation: All candidate trajectories are continuously evaluated prior to entering the execution stage. The time relaxation factor   t m   guarantees that every candidate trajectory undergoes at least one complete evaluation. For each candidate trajectory   P  i j   , a position set   Q  i j    is obtained by uniformly discretizing the trajectory at a fixed time interval. The occupancy state of the grid cell corresponding to each position in   Q  i j    is queried sequentially. Upon detection of an occupied grid cell, the score of   P  i j    is immediately set to zero, and zero-scored trajectories are excluded from all subsequent evaluation iterations. Upon first encountering an unknown grid cell, or upon reaching the terminal point of the candidate trajectory, the corresponding timestamp   t  u , i j    is recorded, and the trajectory score is computed according to the following formula:


     F  i j      =  ω t   f  t , i j   +  ω g   f  g , i j   +  ω s   f  s , i j         f  t , i j      =     t  u , i j   −  t e    T d          f  g , i j      =     d  g , max   −  d  g , i j      d  g , max   −  d  g , min            f  s , i j      = 1 /   1 +    J  i j     t  u , i j   −  t e           



(11)




where    f  t , i j   ∈  [ 0 , 1 ]    denotes the safety score, representing the proportion of the candidate trajectory’s total duration that spent within known-free regions;    f  g , i j   ∈  [ 0 , 1 ]    represents the efficiency score quantifying the distance from the trajectory endpoint to   p  g o a l   ,   d  g , i j    is the euclidean distance from the terminal point of the evaluated trajectory to   p  g o a l   ,   d  g , max    and   d  g , min    denote the maximum and minimum goal distances among all candidate trajectories, respectively;    f  s , i j   ∈  [ 0 , 1 ]    represents the smoothness score of the candidate trajectory; and    J  i j   =  ∫   t e    t  u , i j      | | j e r k   (  P  i j   )   |    |  2   d t  ,   ω t  ,   ω g   and   ω s   denote the weighting coefficients corresponding to each score. In certain special cases where all candidate trajectories receive a score of zero, the pipeline transitions to the candidate trajectory evaluation procedure designated for full occlusion (in Section 3.3.2).



Execution: Prior to the drone reaching   p e  , the initial trajectory is continuously monitored for collisions with obstacles. If no collision is detected throughout this period, the initial trajectory is maintained and all candidate trajectories are discarded. Upon detection of a collision, the highest-scored candidate trajectory at that instant is immediately selected to replace the segment of the initial trajectory beyond   p e  . A new initial trajectory connecting the endpoint of the selected candidate trajectory to   p  g o a l    is then generated following the method described in Section 3.1, where the terminal conditions of the selected candidate trajectory serve as the initial conditions for this initial trajectory. The two trajectory segments are subsequently concatenated and dispatched to the controller for execution, after which the sensor occlusion detection algorithm resumes its cyclic operation, as illustrated in Figure 7b.




3.3.2. Strategy for Full Occlusion Conditions


In full occlusion conditions, no feasible trajectory toward the goal can be identified in the vicinity of the drone’s current position, causing the motion planner to become trapped in a local optimum and resort to blind and frequent replanning. To address this condition, the generation, evaluation, and execution pipeline developed for partial occlusion is extended and refined, with the exploration vector incorporated to enhance both the safety and efficiency of the initial trajectory.



Generation: In these scenarios, the grid cell containing   p  u n k    is highly likely to be occupied, rendering the computation of trajectory visibility largely uninformative. To ensure flight safety, candidate trajectories are generated at the emergency braking safety distance. Specifically, the time interval from   t  c u r    to   t  u n k    is discretized into a decreasing sequence with a uniform time step. Starting from   t  u n k   , the earliest timestamp   t c   satisfying the following condition is identified:


   ∫   t i    t  u n k       P  i j   ′    ( t )    d t >  v   t i   2  / 2  a max  ,   t i  ∈  {  t  u n k   , … ,  t  c u r   }   



(12)




the term    ∫   t i    t  u n k       P  i j   ′    ( t )    d t   on the left-hand side of the equation denotes the length of the candidate trajectory from   t i   to   t  u n k   . In implementation, the interval   [  t i  ,  t  u n k   ]   is discretized with a sampling interval of   Δ  t s  = 0.02  . The trajectory length is then approximated by accumulating the Euclidean distances between consecutive sampling points. The right-hand side    v   t i   2  / 2  a max    represents the emergency stop distance, which is the distance required to decelerate from speed   v  t i    to zero at time   t i  . If the inequality is satisfied, it indicates that the arc length of the trajectory from the point corresponding to time   t i   to   t  u n k    is greater than the distance required for an emergency stop. In the event of an emergency, the drone can apply emergency braking by decelerating at   a  max   , bringing it to a complete stop before reaching   p  u n k   , thereby ensuring the safety of the drone when the location of   p  u n k    is unknown. Adding the temporal relaxation factor   t m   to   t c   yields the candidate trajectory generation timestamp   t e  . Candidate trajectories are subsequently generated following the same strategy as in the partial occlusion pipeline; however, the coefficient   λ 2   in Equation (6) is reduced to enhance the safety of trajectories in close proximity to the obstacle.



Evaluation: Since the obstacle completely blocks all nearby paths toward   p  g o a l   , the goal-directed efficiency score term   f  g , i j    not only fails to contribute any positive contribution under the current condition, but also introduces an elevated collision risk. Consequently, the exploration vector   v  e x p   , directed toward the boundary of the current obstacle, is adopted as the basis for candidate trajectory evaluation:


   f  e , i j   =   1 2     1 −     v exp  ·  (  p  i j   −  p e  )      v exp     (  p  i j   −  p e  )         



(13)




where    f  e , i j   ∈  [ 0 , 1 ]    denotes the new efficiency score, quantifying the directional alignment between the candidate trajectory and the exploration vector. The overall evaluation function is accordingly updated as follows:


   F  i j   =  ω t   f  t , i j   +  ω e   f  e , i j   +  ω s   f  s , i j    



(14)







Upon detecting a collision between a candidate trajectory and an obstacle, rather than immediately setting its score to zero, the collision time   t  c , i j    is recorded and the following expression is evaluated:


   ∫   t e    t  c , i j       P  i j   ′    ( t )    d t >  v   t  c , i j    2  / 2  a max   



(15)







If the condition is satisfied, the trajectory is designated as a secondary candidate, and its safety score is updated accordingly using   t  c , i j   . Candidate trajectories that remain collision-free are designated as primary candidates.



Execution: When a collision is detected along the initial trajectory and at least one primary candidate trajectory exists within the candidate set, the highest-scored primary candidate is selected and executed following the partial occlusion execution strategy, as illustrated in Figure 8a. In certain special cases—for instance, when the sampling angular range is configured with a narrow field—all candidate trajectories may collide with obstacles. In such cases, the highest-scored secondary candidate is selected instead, and its effective terminal time is redefined as    t  m , i j   =  t  c , i j   −  t q   , where   t q   is a time relaxation parameter. The position, velocity, and acceleration at this redefined terminal time are fed to the initial planner as initial conditions to generate a connecting trajectory toward   p  g o a l   , as illustrated in Figure 8b.






4. Experiments and Analysis


The experimental evaluation is structured into three components: partial occlusion simulation experiments, full occlusion simulation experiments, and real-world environment experiments. The comparative methods employed include EGO-Planner [17] and CPA-Planner [24]. EGO-Planner is a well-established representative of optimistic trajectory planning, while CPA-planner builds upon Fast-Planner and addresses the safety risks in occluded unknown scenarios through a perception-aware strategy. The weighting coefficients   w t  ,   w g  , and   w s   in Equation (11) are set to 0.5, 1.0, and 0.5, respectively. The weighting coefficients   w t  ,   w e  , and   w s   in Equation (14) are configured as 1.0, 0.5, and 0.5, respectively. The thresholds   K t  ,   C t   and   R t   in Algorithm 1 are set to 0.25, 0.15 and 0.5, respectively.   r  m a x    is set to 3 m;   λ 1   and   λ 2   in Equation (6) are set to 0.5 and 0.5 during the partial occlusion phase, and to 0.8 and 0.2 during the full occlusion phase, respectively; the temporal relaxation factors   t m   and   t q   are both set to 0.02 s; the scaling parameters   ω α   and   ω d   in Equation (5) and Equation (10) are set to 0.9 and 1.2, respectively. The number of candidate trajectories is 24, the sensor perception range is 4.0 m, the resolution of the simulation map is 0.1 m, and the field-of-view angle of the drone sensor is 90°. Further details of all experiments can be accessed at the following URL: https://youtu.be/JDsDff80Vjk (accessed on 30 May 2026).



4.1. Partial Occlusion Simulation Experiments


The simulation experiments are primarily conducted using ROS Noetic on a desktop computer equipped with an Intel Core i7-12700 CPU and an NVIDIA RTX 4090 GPU, running Ubuntu 20.04. The simulation experiments in Section 4.2 are built upon the same configuration.



4.1.1. Operational Process Analysis


The simulation environment is constructed as illustrated in Figure 9. The experimental scenario comprises seven routes, simulating partial occlusion conditions of varying degrees encountered by the drone when navigating turns in indoor corridors. The maximum flight velocity is set to 5 m/s. The operational execution of the proposed method is first analyzed using Route 5 as a representative case, as illustrated in Figure 10. Figure 10a demonstrates the sensor occlusion detection algorithm detecting a partial occlusion condition, generating color-coded candidate trajectories at   p e  . Figure 10b illustrates the candidate trajectory evaluation and execution stage: after detecting a collision between the initial trajectory and an obstacle, the planner switches to a candidate trajectory, with the blue trajectory indicating the highest-scored candidate. Figure 10c illustrates the initial trajectory connecting the terminal point of the selected candidate trajectory to the goal point. Figure 11 illustrates the overall flight trajectory of the proposed method in the partial-occlusion simulation experiments. Figure 12 presents screenshots captured at the moment of candidate trajectory generation along each route, as well as screenshots taken when the candidate trajectory with the highest score is selected for execution. Figure 13 presents a comparison of computation time among initial trajectory planning, candidate trajectory generation, candidate trajectory evaluation, and sensor occlusion detection. The execution of candidate trajectories—forwarding the selected optimal candidate trajectory to the controller—involves no additional computation and completes nearly instantaneously; it is therefore not included in the statistics shown in the Figure 13. As observed from the figure, the time consumed by sensor occlusion detection and candidate trajectory evaluation in the proposed algorithm is considerably smaller than that consumed by candidate trajectory generation. Furthermore, since candidate trajectory generation employs a closed-form solution and does not account for obstacle collision during generation, its computation time is considerably smaller than that of initial trajectory generation.




4.1.2. Comparative Analysis


All compared methods are evaluated over 10 trials per route, with any collision occurrence classified as a failure. The success counts are summarized in Figure 14a. The proposed method achieves a 100% success rate across all routes. CPA-planner also demonstrates a high success rate, with only a few collision failures occurring on Routes 3, 4, and 5. EGO-Planner experiences collisions on most routes due to its limited capacity to handle occluded obstacles. Figure 14b presents a comparison of the mean traversal time of all evaluated methods across each route. The proposed method achieves the shortest time across all routes. To enhance trajectory visibility, CPA-planner elongates the trajectory prior to entering occluded areas, which inevitably increases traversal time. In contrast, the proposed method preserves the initial trajectory without modification and incorporates smoothness and efficiency scores as evaluation metrics during candidate trajectory selection, enabling more agile and efficient flight. EGO-Planner, suffers from frequent trajectory replanning triggered by sudden obstacle detection, resulting in prolonged traversal times due to repeated deceleration and re-optimization cycles. Table 1 presents the detailed quantitative results of each algorithm in the comparative experiments. In the table, ATL denotes average trajectory length, STL denotes standard deviation of trajectory length, SFT denotes standard deviation of flight time, ART denotes average replanning time, and SRT denotes standard deviation of replanning time. As shown in the table, our algorithm achieves the smallest ATL, STL, and SFT among all compared methods, demonstrating that it not only provides more efficient trajectories but also exhibits stronger robustness. EGO-Planner, as a method primarily designed for computational efficiency, achieves the shortest average replanning time. The replanning time of the proposed method is not substantially different from that of EGO-Planner and is considerably shorter than that of CPA-Planner. Moreover, since the replanning process of the proposed method does not involve repeated iterations or other optimization procedures with substantial uncertainty, the replanning time exhibits strong stability. Figure 15a–c presents the collision incidents recorded for CPA-planner and EGO-Planner during experiments on Route 5, while Figure 15d illustrates the comparative speed profiles of all evaluated methods throughout Route 5.





4.2. Full Occlusion Simulation Experiments


4.2.1. Operational Process Analysis


Three experimental scenarios are designed for the full occlusion case, as illustrated in Figure 16. Specifically, Scenario A and Scenario B represent single-obstacle simulations targeting two distinct wall configurations, while Scenario C represents a complex multi-wall indoor environment simulation. The maximum flight altitude is constrained to 3 m, and the maximum flight velocity is set to 4 m/s. Two single-obstacle scenarios are first presented as illustrative examples to analyze in detail the execution process of the proposed method under full occlusion conditions. As illustrated in Figure 17: the proposed method performs a total of three times of candidate trajectory generation in Scenario A. In the first two instances, the sensor occlusion detection algorithm classifies the scene as full occlusion, whereupon the corresponding candidate trajectory generation, evaluation, and execution pipeline is carried out accordingly. In the third instance, the scene is classified as partial occlusion. Furthermore, no collision between the initial trajectory and any obstacle is detected during the execution stage, and consequently all candidate trajectories are discarded without execution—reflected in the figure by all candidate trajectories being rendered in blue. As illustrated in Figure 18, the proposed method performs a total of four rounds of candidate trajectory generation throughout the execution process in Scenario B. Among these, the first three rounds are triggered under full occlusion conditions, while the fourth round is triggered under partial occlusion conditions, with no candidate trajectory ultimately selected for execution.



To investigate the influence of different score terms in the candidate trajectory evaluation function on the algorithm’s performance, a weight sensitivity analysis is designed for each score weight. In scenario A, the effect of different weight values on the algorithm’s performance is examined by varying one weight at a time while holding the other two fixed. Each parameter configuration is tested over 10 trials, and the results are presented in the Table 2, Table 3 and Table 4.



Table 2 presents the sensitivity analysis results for   w t  . As observed, when   w t   is set to 0, the evaluation of candidate trajectories completely ignores safety factors, rendering the trajectories unable to avoid collisions with obstacles, which results in zero successful trials. When   w t   is set to 0.1, the success rate improves immediately. However, since   w e   and   w s   are relatively higher than   w t  , the planned trajectories tend to closely hug the obstacles. Although the trajectory efficiency is high, the safety remains compromised. Varying   w t   between 0.5 and 2.0 has little noticeable effect on the algorithm’s performance. Nevertheless, when   w t   is set excessively large, variations in the safety score dominate over variations in the efficiency score, preventing the algorithm from escaping local optima through the exploration vector.



Table 3 shows the sensitivity analysis results for   w e  . When   w e   is set to 0, trajectory evaluation entirely neglects efficiency, making the algorithm unable to locate obstacle boundaries through the exploration vector. The planner occasionally fails due to getting trapped in local optima. Improving   w e   to 0.1 enables the planner to escape local optima. However, because   w e   constitutes a relatively small proportion compared to   w s   and   w t  , the candidate trajectories cannot guarantee optimal efficiency. The algorithm achieves satisfactory performance when   w e   ranges from 0.3 to 1.0. Conversely, an excessively large   w e   causes the candidate trajectory evaluation to be dominated solely by the exploration vector, thereby compromising trajectory safety.



Table 4 shows the sensitivity analysis results for   w s  . It can be observed that the algorithm’s performance does not fluctuate substantially as   w s   varies between 0 and 10. This is because the sensor employed in the experiments has a field of view of 90°, within which all generated candidate trajectories satisfy the dynamic feasibility constraints and remain smooth, with no substantial differences in the integrated jerk. Therefore, as long as   w s   is not set excessively large, it does not have a significant impact on the algorithm’s performance. However, if a sensor with a wider field of view were adopted, the effect of   w s   would become more pronounced. If   w s   is set excessively large, it would dominate over the safety score, compromising the guarantee of trajectory safety.



To examine the performance of the proposed algorithm under different flight speeds, experiments are conducted in scenario B with maximum speeds set to 3 m/s, 4 m/s, and 5 m/s, respectively, with each speed condition tested over 10 trials. The statistical results of the proposed algorithm under each speed condition are summarized in Table 5. As shown in the Table 5, two collisions occur in the experiments when the velocity is set to 5 m/s. While the exploration vector can guide candidate trajectories toward obstacle boundaries, multiple candidate segments must be connected to the original initial trajectory. In the two failed trials, collisions occur during the subsequent initial trajectory phase after the candidate trajectories are executed. Under full occlusion, the drone is required to perform frequent replanning continuously around the obstacle. Increasing the maximum velocity reduces the time allocated by the planner to each trajectory segment, causing the trajectory shape to become more aggressive and thereby increasing the risk of collision. Adopting a safer initial trajectory planning algorithm would enhance the performance of the proposed framework under high-speed conditions.




4.2.2. Comparative Analysis


All methods are evaluated over ten trials in each of the three scenarios. Figure 19 presents the execution results of EGO-Planner and CPA-Planner in single-obstacle Scenario A and Scenario B. Figure 20 presents a comparative illustration of the trajectories generated by the proposed algorithm and the two baseline algorithms in Scenario C. EGO-Planner and CPA-planner exhibit comparable behavior in full occlusion scenarios, both manifesting highly unstable flight performance. In certain trials, these methods result in collisions, while in others, they reach the goal safely only after executing substantial detours. Neither EGO-planner nor CPA-planner incorporates global information during trajectory planning; consequently, both fail to effectively avoid local optima under conditions of complete occlusion. In contrast, the proposed algorithm identifies full occlusion scenarios via the sensor occlusion detection algorithm, and rapidly escapes local optima by selecting the highest-scoring candidate trajectory guided by the exploration vector. Table 6 summarizes the statistical results of all methods across all three experimental scenarios. As can be observed from the table, the proposed algorithm achieves optimal performance in terms of trajectory length, flight time, and success rate. EGO-Planner exhibits the poorest overall performance; in Scenario C, it successfully reached the goal in only one trial after an extensively prolonged detour, while the remaining trials resulted in either collisions with obstacles or entrapment in local optima (quantitative statistics for EGO-Planner in Scenario C are not included in the table).





4.3. Real-World Experiments


To further validate the effectiveness of the proposed method, real-world flight experiments were conducted under sensor occlusion conditions. The quadrotor platform used in the experiments is shown in Figure 21, which is equipped with an Intel RealSense D435 depth camera as the onboard sensor, a Pixhawk 6C Mini as the flight controller, and an Intel NUC12 as the onboard computer. The onboard computing environment runs Ubuntu 20.04 and ROS Noetic. The experimental site is a 6.6 m × 7.8 m square room. During the experiments, the maximum velocity of the quadrotor is set to 3 m/s, and a motion capture system is employed to provide accurate localization for the quadrotor.



The partial occlusion experimental scenario is illustrated in Figure 22a, which simulates a quadrotor navigating an indoor corridor turn, where the obstacle highlighted by the red bounding box is occluded from the sensor’s field of view. Figure 22b presents the 3D occupancy grid map constructed by the quadrotor and the corresponding flight trajectory recorded during the experiment. The full occlusion experimental scenario is shown in Figure 23a, simulating a condition in which the quadrotor’s sensor field of view is completely blocked by an indoor wall. Figure 23b presents the 3D occupancy grid map and flight trajectory recorded during a representative trial of this scenario. Ten trials are conducted in each of the two experimental scenarios, and the statistical results are summarized in Table 7. As shown in the table, the proposed method achieves a 100% success rate across both occlusion scenarios in real-world experiments. Figure 24 and Figure 25 present snapshots of the quadrotor at various positions recorded during the partial occlusion and full occlusion experiments, respectively. Figure 26 illustrates the velocity profiles obtained from a representative trial in each of the two scenarios.



Figure 27 presents the CPU usage curve and memory usage pie chart recorded during one trial of the partial-occlusion experiment. The computational resource consumption in the full-occlusion experiment is highly similar to that of the partial-occlusion experiment and is therefore not shown separately. The CPU model is an Intel Core i7-1260P (Intel, Santa Clara, CA, USA). As shown in the figure, the CPU utilization of the proposed framework remains below 25% during actual operation. Among the computational components, map updating to maintain the surrounding environment constitutes the primary computational overhead, whereas the CPU resources required by the proposed planning framework are comparatively modest. In terms of memory usage, under the conditions of a perception range of 4.5 m and a map resolution of 0.1 m, the memory consumed by map construction is approximately 400 MB, while that required to run the proposed planning algorithm is approximately 200 MB. The computational and memory resources demanded by the proposed algorithm are both low, enabling reliable operation even on onboard computers with relatively limited processing capability. The real-world experiments further validate the effectiveness of the proposed method.





5. Discussion and Conclusions


5.1. Limitations in Practical Applications


In the real-world experiments, a motion capture system was employed to provide pose information for the drones so as to eliminate confounding factors and evaluate the proposed planning framework with greater precision. In practice, however, the pose estimates available onboard a drone typically fall short of the accuracy and stability provided by a motion capture system and are subject to errors of varying magnitude. For example, when a visual-SLAM framework such as VINS-Fusion is adopted for pose estimation, the proposed algorithm remains capable of delivering reasonably reliable performance provided that the localization error stays within 0.5 m. As drift errors gradually accumulate, however, the probability that the optimal candidate trajectory selected by the evaluator collides with obstacles increases progressively. Therefore, in indoor environments—particularly in scenes dominated by white walls with limited texture features—the integration of a LiDAR sensor is recommended to achieve higher localization accuracy.



The candidate trajectory generation range of the proposed algorithm is directly related to the sensor’s perception range. In the case of full occlusion, a camera with an excessively narrow field of view may result in the absence of any collision-free trajectory that satisfies the required constraints among the candidate trajectories. In the real-world experiments, a RealSense D435 camera (Intel, Santa Clara, CA, USA) with an 87° field of view is employed, yielding favorable results. If alternative cameras are utilized, a field-of-view greater than 80° is recommended to ensure robust algorithm performance under full occlusion conditions. Additionally, the initial trajectory planning algorithm affects the framework’s performance in full occlusion scenarios. The EGO-planner adopted in this work guarantees flight safety at a maximum velocity of 4 m/s. To further increase the maximum flight speed, it is necessary to employ a more robust initial trajectory planner.



Currently, the proposed algorithm considers trajectory planning exclusively for static obstacles in conventional indoor environments. In scenarios where the navigable region is extremely narrow, or where moving objects such as pedestrians are present in the occluded area, the proposed algorithm cannot guarantee trajectory planning safety. We plan to investigate drone trajectory planning in the presence of pedestrians moving within occluded regions as part of our future work.




5.2. Conclusions


This article investigates the problem of sensor occlusion caused by obstacles during autonomous indoor flight of drones and proposes a novel trajectory planning framework to enhance flight safety and efficiency under such conditions. The framework first generates an initial trajectory through A-star path search and B-spline curve optimization. A sensor occlusion detection algorithm is then applied to classify scenarios in which the trajectory enters unknown regions into three categories: occlusion-free, partial occlusion, and full occlusion. For occlusion-free scenarios, execution of the initial trajectory proceeds without modification. In partial occlusion scenarios, the occlusion-aware trajectory replanning algorithm enhances drone flight safety and efficiency. The algorithm first samples multiple candidate trajectories within unknown regions, then evaluates them using a composite scoring function encompassing safety, efficiency, and smoothness. Upon detection of a collision along the initial trajectory, the highest-scoring candidate trajectory is substituted for the initial trajectory. For full occlusion scenarios, an exploration vector is additionally introduced to rapidly identify boundary points of the obstacle and escape local optima. Comprehensive simulation experiments were designed to evaluate the performance of the proposed algorithm under both partial and full occlusion scenarios, with comparative evaluations conducted against EGO-Planner and CPA-Planner. The comparative results demonstrate the effectiveness of the proposed algorithm. Furthermore, real-world occlusion experimental scenarios were constructed to further validate the practical feasibility of the proposed method.



In future work, we will continue to investigate the sensor occlusion problem and plan to address it through multi-drone cooperative planning strategies. Swarm systems can provide a broader collective perception range, thereby further enhancing the safety and efficiency of drone flight.
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Nomenclature


The symbols and their meanings used in this paper are shown below:



	 C 
	control points of the drone trajectory



	  J s  
	smoothness constraint



	  J d  
	feasibility constraint



	  J c  
	obstacle collision constraint



	  λ s  
	weight of the smoothness constraint



	  λ d  
	weight of the feasibility constraint



	  λ c  
	weight of the obstacle collision constraint



	  p  c u r   
	drone’s current position



	  p  u n k   
	unknown position



	  p  g o a l   
	local goal



	  X  o c c   
	occupied regions on the grid map



	  X  f r e e   
	known-free regions on the grid map



	  X  u n k   
	unknown regions on the grid map



	 T 
	initial trajectory



	  K t  
	mean curvature threshold



	  C t  
	trajectory angle threshold



	  R t  
	obstacle size threshold



	  p  o c c   
	collision point



	  p  b o u   
	obstacle boundary



	  v  e x p   
	exploration vector



	  t c  
	timestamp when sensor occlusion is detected



	  t e  
	timestamp when candidate trajectories are generated



	  t m  
	temporal relaxation factor



	  p e  
	starting position of candidate trajectories



	  p  i j   
	terminal position of candidate trajectory



	r
	sampling length



	  r max  
	maximum length of the candidate trajectory



	  ω α  
	scaling parameter



	  u  i j   
	terminal direction of the candidate trajectory



	  v  i j   
	terminal velocity of the candidate trajectory



	  λ 1  ,   λ 2  
	weight of terminal direction



	  v  a v g   
	average speed of the initial trajectory



	   P  i j    ( t )   
	polynomial representation of the candidate trajectory



	  T d  
	duration of the candidate trajectory



	  ω d  
	scaling parameter



	  F  i j   
	candidate trajectory evaluation function



	  f  t , i j   
	safety score



	  f  g , i j   
	efficiency score under partial occlusion



	  f  s , i j   
	smoothness score



	  ω t  
	weighting coefficient of the safety score



	  ω g  
	weighting coefficient of the efficiency score



	  ω s  
	weighting coefficient of the smoothness score



	  a max  
	maximum acceleration



	  f  e , i j   
	efficiency score under full occlusion



	  t  c , i j   
	collision timestamp of the candidate trajectory
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Figure 2. Overview of the operational pipeline of the proposed method. 
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Figure 3. Illustration of the sensor occlusion detection algorithm. (a) occlusion-free; (b) partial occlusion; (c) full occlusion. 
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Figure 4. Illustration of the threshold   K t   determination. (a) Experimental setup for threshold selection. The green star denotes a local goal point. (b) Average trajectory curvature under varying approach angles to obstacles. 
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Figure 5. Illustration of the threshold   R t   determination. (a) A small obstacle located exactly at the edge of the sensor’s effective range. (b) The sensor facing directly toward a large obstacle. (c) The sensor positioned at an angle relative to the obstacle. 
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Figure 6. Illustration of the sampled terminal points for candidate trajectories. 
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Figure 7. Illustration of the proposed method under partial occlusion conditions. (a) Generation of candidate trajectories. (b) Evaluation and execution of the optimal candidate trajectory. 
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Figure 8. Illustration of the proposed method under full occlusion conditions. (a) Collision-free candidate trajectories exist within the candidate set. (b) All candidate trajectories are in collision with obstacles. 
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Figure 9. Simulation environment for the partial occlusion experiments. 
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Figure 10. Illustration of the proposed method on Route 5. (a) Snapshot at candidate trajectory generation stage. (b) Snapshot at candidate trajectory evaluation stage. The blue curve denotes the candidate trajectory with the highest score. (c) Snapshot at candidate trajectory execution stage. 
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Figure 11. Illustration of the overall flight trajectory for the drone under partial occlusion scenarios. 
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Figure 12. Illustration of the proposed method under partial occlusion scenarios. The left subfigure shows snapshots captured at the generation moment of candidate trajectories on each route. The right subfigure presents snapshots taken when the candidate trajectory with the highest score starts to be executed on each route, where the blue-highlighted curve denotes the top-scoring candidate trajectory. 
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Figure 13. Comparison of computation time among initial trajectory planning, candidate trajectory generation, candidate trajectory evaluation, and sensor occlusion detection. 
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Figure 14. Comparative results across all routes under partial occlusion scenarios: (a) Success count comparison. (b) Mean traversal time comparison. 
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Figure 15. Results on route 5: (a) Collision incident of CPA-planner. (b) Collision incident of EGO-Planner. (c) Deceleration and detour behavior of EGO-Planner. (d) Comparative speed profiles of all evaluated methods in a representative trial. 
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Figure 16. Simulation environment for the full occlusion experiments. 
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Figure 17. Illustration of the proposed method in full occlusion scenario A. Insets are provided to illustrate the locations at which candidate trajectories are generated and the highest-scoring candidate trajectory selected for execution. 
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Figure 18. Illustration of the proposed method in full occlusion scenario B. 
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Figure 19. Illustration of the comparative methods in full occlusion scenario A and B. (a–d) show the results of the comparative methods in scenario A, and (e–h) show the results of the comparative methods in scenario B. 
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Figure 20. Illustration of the proposed method and the comparative methods in scenario C. 
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Figure 21. The quadrotor platform employed in the real-world experiments. 
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Figure 22. Illustration of the partial occlusion experiment. (a) Real-world experimental environment under partial occlusion conditions. (b) The 3D occupancy grid map constructed by the quadrotor and the corresponding flight trajectory recorded during a representative trial. 
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Figure 23. Illustration of the full occlusion experiment. (a) Real-world experimental environment. (b) 3D occupancy grid map and flight trajectory. 
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Figure 24. Snapshots of the quadrotor flight process captured from different perspectives during the partial occlusion real-world experiment. The first row corresponds to a fixed lateral viewpoint, and the second row corresponds to a tracking viewpoint. 
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Figure 25. Snapshots of the quadrotor flight process captured from different perspectives during the full occlusion real-world experiment. 
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Figure 26. Velocity profiles of the quadrotor recorded during the real-world experiments. (a) Partial occlusion scenario. (b) Full occlusion scenario. 
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Figure 27. Illustration of the CPU usage curve and memory usage pie chart recorded during one trial of the partial-occlusion experiment. 
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Table 1. Performance in partial occlusion scenes.
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Methods

	
Metrics

	
Route 1

	
Route 2

	
Route 3

	
Route 4

	
Route 5

	
Route 6

	
Route 7






	
Ours

	
ATL (m)

	
11.64

	
12.15

	
10.97

	
10.82

	
10.16

	
11.84

	
9.63




	
STL (m)

	
0.2035

	
0.2317

	
0.1942

	
0.2461

	
0.2087

	
0.2918

	
0.1853




	
SFT (s)

	
0.1031

	
0.1197

	
0.0924

	
0.1197

	
0.0959

	
0.1493

	
0.0817




	
ART (ms)

	
1.51

	
1.47

	
1.49

	
1.45

	
1.43

	
1.47

	
1.52




	
SRT (ms)

	
0.0403

	
0.0359

	
0.0297

	
0.0327

	
0.0415

	
0.0337

	
0.0416




	
EGO-

planner

	
ATL (m)

	
12.25

	
12.93

	
11.59

	
11.15

	
11.58

	
12.43

	
10.37




	
STL (m)

	
0.3428

	
0.2705

	
0.4418

	
0.3671

	
0.7200

	
0.3152

	
0.5371




	
SFT (s)

	
0.1957

	
0.1529

	
0.2104

	
0.1798

	
0.3850

	
0.1549

	
0.2439




	
ART (ms)

	
1.24

	
1.31

	
1.25

	
1.12

	
1.32

	
1.25

	
1.53




	
SRT (ms)

	
0.1704

	
0.1425

	
0.1876

	
0.1439

	
0.1928

	
0.1342

	
0.1503




	
CPA-

planner

	
ATL (m)

	
11.89

	
12.57

	
11.35

	
11.18

	
10.98

	
12.11

	
10.04




	
STL (m)

	
0.2451

	
0.2349

	
0.2176

	
0.2613

	
0.3145

	
0.2392

	
0.1931




	
SFT (s)

	
0.1295

	
0.1227

	
0.1137

	
0.1259

	
0.1393

	
0.1206

	
0.1039




	
ART (ms)

	
3.45

	
3.32

	
3.17

	
3.53

	
3.51

	
3.24

	
3.47




	
SRT (ms)

	
0.3629

	
0.3145

	
0.2975

	
0.3596

	
0.4107

	
0.3258

	
0.3173











 





Table 2. Results in scenario A under different   w t   values (  w s   = 0.5,   w e   = 0.5).






Table 2. Results in scenario A under different   w t   values (  w s   = 0.5,   w e   = 0.5).





	Value of    w t   
	0
	0.1
	0.5
	1.0
	2.0
	10
	100





	Number of success
	0
	5
	10
	10
	10
	8
	7



	Trajectory Length (m)
	/
	19.73
	20.75
	20.63
	21.35
	25.49
	30.43



	Flight Time (s)
	/
	8.73
	9.03
	8.93
	9.23
	13.26
	20.87










 





Table 3. Results in scenario A under different   w e   values (  w t   = 1.0,   w s   = 0.5).






Table 3. Results in scenario A under different   w e   values (  w t   = 1.0,   w s   = 0.5).





	Value of    w e   
	0
	0.1
	0.3
	0.5
	1.0
	10
	100





	Number of success
	7
	10
	10
	10
	10
	5
	0



	Trajectory Length (m)
	31.89
	24.56
	21.92
	20.63
	20.47
	20.81
	\



	Flight Time (s)
	20.83
	13.82
	9.13
	8.93
	8.83
	9.35
	\










 





Table 4. Results in scenario A under different   w s   values (  w t   = 1.0,   w e   = 0.5).






Table 4. Results in scenario A under different   w s   values (  w t   = 1.0,   w e   = 0.5).





	Value of    w s   
	0
	0.1
	0.5
	1.0
	10
	30
	100





	Number of success
	10
	10
	10
	10
	10
	7
	1



	Trajectory Length (m)
	21.08
	20.53
	20.63
	20.74
	21.47
	25.68
	\



	Flight Time (s)
	9.23
	9.06
	8.93
	9.15
	9.34
	12.65
	\










 





Table 5. Results of the proposed method in scenario B under different velocities.
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	Max Speed
	Num. of

Success
	Avg. Traj.

Length (m)
	Max Traj.

Length (m)
	Avg. Flight

Times (s)
	Max Flight

Times (s)





	3 m/s
	10
	24.97
	28.63
	14.39
	16.74



	4 m/s
	10
	25.84
	29.06
	11.26
	14.51



	5 m/s
	8
	27.04
	31.72
	9.54
	13.19










 





Table 6. Performance in full occlusion scenes.
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Scenarios

	
Method

	
Avg. Traj.

Length (m)

	
Avg. Flight

Times (s)

	
Num. of

Success

	
Std. Flight

Times (s)

	
Std. Traj.

Length (m)






	
scenario A

	
our method

	
20.63

	
8.93

	
10

	
0.76

	
1.68




	
CPA-planner

	
29.54

	
18.73

	
8

	
2.31

	
3.51




	
EGO-planner

	
33.71

	
21.53

	
7

	
3.08

	
4.43




	
scenario B

	
our method

	
25.84

	
11.26

	
10

	
0.85

	
1.83




	
CPA-planner

	
34.41

	
23.54

	
7

	
3.25

	
4.56




	
EGO-planner

	
36.93

	
27.83

	
5

	
4.17

	
5.31




	
scenario C

	
our method

	
75.25

	
31.47

	
10

	
1.73

	
2.85




	
CPA-planner

	
95.76

	
58.62

	
5

	
5.63

	
9.31




	
EGO-planner

	
/

	
/

	
1

	
/

	
/











 





Table 7. Performance in real-world experiments.
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	Avg. Traj.

Length (m)
	Avg. Flight

Times (s)
	Std. Traj.

Length (m)
	Std. Flight

Times (s)
	Number of

Success





	partial occlusion
	8.73
	5.54
	0.2416
	0.1672
	10



	full occlusion
	9.34
	6.08
	0.2953
	0.2094
	10
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