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Abstract

We present CogNav, a human-inspired framework for real-time collision avoidance in unknown, unstructured
environments using only monocular vision. Motivated by human map-free navigation, CogNav maximizes
trajectory convergence to a potentially unsafe reference path under partial observability. The modular pipeline
combines a lightweight, fine-tuned monocular depth model that outputs a compact directional distance vector
with a reactive Behavior Tree that uses temporal filtering and certainty tracking for low-latency avoidance and
steering. This design enables fair benchmarking and transfer across domains and robot dynamics. Preliminary
results of a proof of concept indicate accurate depth-based safety cues and competitive navigation in novel scenes.

1. Introduction

Autonomous navigation in unstructured environments remains a fundamental challenge in robotics.
Many modern systems combine heuristic planning with data-driven learning and high-fidelity sensing [1,
2], and typically assume either a pre-defined map or online mapping via SLAM [3]. While effective in
many domains, these approaches often depend on expensive sensors (e.g., LIDAR, GPS, compasses, RGB-
D), require substantial domain-specific priors, and lack modular, transferable architectures. Consider
a mobile robot operating in an initially unknown, unstructured environment. Enabling autonomous,
real-time decision-making typically requires either (i) hand-crafted rule-based navigation logic or (ii) a
learned control policy (e.g., via machine learning or LLM-based methods). However, fully specifying
robot behavior in dynamically changing, partially observable settings is not only an open problem, it
may also be impractical or even impossible to achieve in full [4, 5].

Behavior Trees [6] provide a modular and interpretable way to encode navigation logic, but they are
most effective in structured settings where conditions and action alternatives can be specified upfront.
In unstructured environments, enumerating reliable perceptual predicates and behavioral branches
quickly becomes intractable, forcing BT-based systems to rely on learned perception modules to produce
BT-compatible decisions. These models typically require large datasets and may still fail to generalize
to unseen scenes [7, 8], so the overall reactivity is ultimately limited by the robustness of the perception
pipeline under uncertainty and partial observability.

Motivated by this perception bottleneck, recent advances in monocular depth estimation and scene
understanding provide an alternative route to navigation in novel environments. In particular, robots
can leverage learned vision-based models to infer the spatial geometry of navigable regions directly
from single RGB images [9]. Nevertheless, these methods are subject to several limitations: (i) decision-
making is often performed offline rather than in real time, (ii) generalization degrades significantly
for states unseen during training, and (iii) end-to-end architectures couple perception and control in a
manner that hinders modular analysis, ablation, and transfer.

Related Works. Vision-Language Models (VLMs) show strong potential for robotics, but their deploy-
ment is often constrained by safety requirements [10]. Recent work proposes general vision foundation
models that transfer across robot platforms via fine-tuning [11], while NoMaD trains transformer-based
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policies to generate waypoints, optionally aided by depth-derived local maps [12]. However, the ef-
fectiveness of such learning-based navigation remains limited by the diversity and scale of available
training data.

These foundation-model navigation systems emphasize perception in unknown, map-free environ-
ments, but typically do not provide robust, explicit collision-avoidance guarantees. To address safety,
safe-VLN augments VLN-CE by integrating a collision-avoidance module that uses LiDAR-based oc-
cupancy masks to filter waypoint candidates [13]. Other approaches combine RGB perception with
external localization: for example, [14] estimates obstacle distances via monocular depth and projects
detections into a global frame using RTK-GPS, making the method dependent on GPS for obstacle
localization in addition to relative depth cues. CARE [15] provides a plug-and-play collision-avoidance
framework that uses RGB images to enable navigation in unseen environments. It first estimates depth
from monocular RGB, constructs a top-down obstacle map, and then applies an Artificial Potential
Field (APF) to adjust the robot’s trajectory. However, APF is prone to local-minima entrapment in
narrow corridors and cluttered scenes, and its computational overhead can introduce latency that limits
real-time applicability.

Paper Contribution. In this paper, we adopt an explicitly human-inspired design perspective. Rather
than assuming access to global maps or rich state estimation, we draw inspiration from how humans
navigate unfamiliar environments: they move toward a goal without GPS, a compass, or a complete
understanding of the scene, relying instead on local perceptual cues to make steady progress while
continuously avoiding hazards. Accordingly, we consider an agent that begins with no pre-compiled
map, operates under substantial occlusion, and may encounter dead-ends or narrow passages that
require reactive re-planning, yet humans still succeed by combining instantaneous visual cues with
short-term spatial memory and learned heuristics about traversable geometry [16]. Building on this
observation, we study collision avoidance, a core challenge in autonomous navigation, for mobile robots
operating under the same constraints: no pre-built map, partial observability, and limited sensing. We
propose a modular architecture that enables real-time decision-making using only a monocular camera,
in direct analogy to human navigation. A modular design offers two key benefits. First, it supports fair
comparison with advances in vision-based models by isolating individual components of the pipeline.
Second, it enables targeted analysis of module-specific failure modes across different domains and robot
dynamics, facilitating systematic progress toward robust real-time operation in novel environments.
Concretely, our framework derives relative collision estimates from single image frames, eliminating
the need for global localization and avoiding the latency of map-based planning.

Summarizing, our contributions are: (i) we formulate and motivate a human-inspired collision-
avoidance problem that optimizes for maximal convergence to a reference path, (ii) we propose a
modular, reactive decision-making system that transfers across domains and robot dynamics with
minimal modification, and (iii) we define evaluation metrics and provide a preliminary assessment of
our approach, showing that it is competitive in the considered scenarios’.

2. Problem Statement

Given an unknown static environment s € S, including one robot r, multiple obstacles O|[ =
{01,...,0m}, and a reference trajectory, the robot plans to follow the reference trajectory while
avoiding obstacles. The mobile robot is using an onboard RGB camera to see surroundings and no map
or positioning information is provided for the robot. Accordingly, we assume the robot operates in the
environment as a human would, relying exclusively on visual perception.

We formulate the problem as a Partially Observable Markov Decision Process (POMDP) M =
(S AT, Z,0,, 7, l), in which § and A are the set of states and actions, respectively. The transition
function 7 : & x A x & — [0, 1] represents the probability of moving to state s’ € S after taking
action a € A in state s € S. Z is the observation space, where each observation z € Z corresponds
to an RGB image I captured by the robot’s onboard camera. O, : § x A — A(Z) is the observation
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function, giving the probability distribution over observations upon arriving in state s’ after taking
action a. Also, 7y is a discount factor and [ is a loss function defined below. At every timestep ¢, the
robot’s perception of the environment is captured by the observation 2! € Z (i.e., the current camera
image I %), rather than the true state s’, which remains hidden. Let P denote the set of all reference paths.
In the absence of positioning information, we define a random exploration as a reference path P € P
given by an ordered sequence of n waypoints in the 2D plane, P = {(z1,41), (z2,%2), ..., (Zn,¥n) }-
To traverse consecutive waypoints (z;—1,%i—1) — (x;,;), the robot executes a control primitive
consisting of action a; € A applied for ¢; timestep, where both a; and t; are randomly sampled. The
length of a reference path P is defined as L(P) = Y"1 | \/(%; — #;-1)2 + (y; — yi—1)2. The Trajectory
Convergence Cp is the length of the entire trajectory P covered by the robot from the initial position to
the goal position.

Thus, the collision avoidance problem tries to solve the problem of following the reference path
P, avoiding all obstacles in the path while maximizing the trajectory convergence Cp for all P € P.
Obviously, 0 < Cp < L(P). A value Cp = L(P) indicates that the robot completed the entire

reference path without interruption. We define the loss function [ : P — R=? as the mean shortfall
L(P)—Cp
n

between the reference path length and the length actually covered by the robot, i.e., [(P) =
where n is the number of waypoint segments in P. This loss is non-negative by construction and
equals zero only if the robot traverses the entire reference path successfully. Lower values indicate
that the robot avoids collisions while minimizing oscillations and excessive steering. Given a reference
path P € P, the collision-avoidance problem seeks a policy 7 : Z — A that commands the robot to
track the waypoints of P while avoiding obstacles, with the objective of maximizing the trajectory
convergence Cp (equivalently, minimizing [(P)) for all P € P. In other words, it can be seen as the
problem of minimizing the loss function [(P) for every P € P. Therefore, we can also say that we

wish to learn a policy 77* such that 7% = Arg min[(P). The reference path is provided to the robot
vVrn VPEP
beforehand and is not guaranteed to be collision-free. The robot must therefore follow each successive

waypoint of the path while reactively avoiding obstacles, with the endpoint of P treated as the mission
goal. We say the robot successfully completes the mission if it reaches the goal without any collisions.

Y

3. CogNav

To address collision avoidance in a static environment, CogNav adopts a modular design with two main
components: (i) online depth estimation, and (ii) control flow.

Online depth Estimation. At a high level, the robot must perceive its surroundings to make informed
decisions. In the absence of a map, it estimates relative obstacle distances and selects an action ate A
at each timestep t. Actions are defined as motion directions in the world frame, drawn from a predefined
directional convention. We define this convention as N evenly spaced directions on a circle, with angle 0
aligned with the robot’s initial heading, effectively acting as a simulated compass, increasing N yields
smoother, near-continuous trajectories.

To keep the pipeline lightweight, we avoid dense depth maps, top-down mapping, or object detection.
Instead, at each inference step we run a fine-tuned monocular depth estimator (Depth Anything V2 [17])
and output a compact distance vector v' = v, ..., v}, where v} denotes the estimated distance to the
nearest obstacle along direction 7. Because single-frame estimates can be noisy—due to perception errors,
robot rotation, and actuation effects—we temporally aggregate v* and compute per-direction certainty
and danger scores. This filtering converts raw frame-level predictions into more stable indicators,
reducing oscillations and enabling reliable collision-aware decisions. Each training sample consists of a
rendered panorama and its corresponding segmentation mask, during training we set N = 36.

A key design choice is to supervise the model in this distance-vector space rather than in pixel space.
This compact representation treats the robot as the origin, provides geometrically meaningful outputs
for control, and avoids reliance on dense depth ground truth while still yielding informative gradients
through the decoder. Moreover, training on Webots-rendered cylindrical views helps bridge the gap
between the model’s natural-image prior and both the synthetic rendering style and the cylindrical
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Figure 1: Control Flow Behavior Tree

projection geometry absent from the original Depth Anything V2 training distribution.

Control flow. The control-flow component represents robot behavior using a Behavior Tree (BT).
The perception post-processing described above provides the necessary and sufficient conditions to
trigger BT-based collision avoidance at run time. BTs offer a hierarchical and interpretable formalism
for specifying agent behavior as a directed, rooted tree whose nodes represent tasks or control logic.
Execution proceeds by propagating discrete ticks from the root through the tree according to the
semantics of the control-flow nodes. Nodes are typically categorized as composite, decorator, or leaf
nodes, and each node b returns a status #(b) € Success, FAILURE, RUNNING on every tick. We implement
a reactive collision-avoidance layer on top of the metric depth estimator using a BT architecture
augmented with an Exponential Moving Average (EMA) certainty tracker. The resulting policy runs
online at each inference step. In our design, the root is a Selector (OR) node with two children: (i) a
Sequence (AND) subtree that handles avoidance and (ii) an action node FoLLowPATH. At each tick,
the Selector evaluates its children left-to-right and returns the status of the first child that does not
return FATLURE. The Sequence first ticks OBSTACLEBYMAGNITUDE, which returns Success iff a danger
condition is active. When this condition succeeds, the Sequence ticks AvoidAndSteer and the avoidance
action is executed, so FoLLowPATH is not ticked. If OBSTACLEBYMAGNITUDE fails, the Sequence returns
FAILURE and the Selector falls back to FoLLowPaTH. This structure explicitly prioritizes avoiding danger
over tracking the reference path when the condition node OBSTACLEBYMAGNITUDE returns Success. The
resulting BT is shown in Fig. 1.

To avoid oscillations caused by frame-to-frame variations in directions that lie outside the robot’s
feasible motion, we filter out directions that do not influence navigation. We define a C(t) = {i|i €
{1,...,n}} as the set of active directions that directly affect the robot’s motion and decision-making.
The forward cone is configurable based on the robot’s dynamics. Forward active cone is configurable
based on the robot’s physics. The depth estimator outputs a vector of NV raw relative distances in N
directions. At every inference frequency, for every direction 4, d! is filtered with an EMA to cancel the
frame-to-frame model noise. To further denoise the predicted relative distances at run time, we define a
binary condition indicator Q¢ € {0, 1} for each timestep ¢ and direction i € C*. The condition holds iff
(i) the predicted distance in direction ¢ decreases over two consecutive timestep while the robot moves
forward, and (ii) the predicted distance lies within a predefined detection range. We set Q! = 1 when
the condition holds and Q! = 0 otherwise, so Q! indicates the presence (1) or absence (0) of a potential
collision in direction ¢ across two consecutive timestep. Then we intend to compute a certainty value
ct € [0,1] using a second EMA. Certainty value specially rises when binary condition indicator holds
for several consecutive timestep over time which is a strong assumption to collide an obstacle in the
next few timestep in the active forward cone. When certainty value shows a blocked direction with
a high assurance, we use the predicted distances to compute the danger score st which showcase a
possible collision in that direction. When the obstacle is at the detection boundary the score is zero and
when it is at zero range, s; = ¢;. The joint formulation ensures that a high-certainty but distant obstacle
is weighted less than a lower-certainty but imminent one. In Fig. 2 the visualization plots of a scene
in 4 different timestep is provided. At ¢t = 465, the robot detects obstacles via post-processed depth
estimates. However, since this is the first tracked frame, the certainty remains low, still allowing the
robot to navigate through narrow corridors without premature avoidance. At ¢ = 505, the accumulation
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Figure 2: Polar plot of depth estimator outputs at three key timestep: at t = 0, the raw model output (dashed
blue) reflects stable depth estimates, at t = 465, post-processing yields a smoothed perception signal (green)
that suppresses oscillation in the narrow passage, at t = 505, the certainty tracker converges toward the raw
estimates, demonstrating the effectiveness of the proposed frame-to-frame filtering approach.

of frame-to-frame tracking increases the confidence level, while post-processing stabilizes the depth
output following an immediate steering correction, ultimately triggering a decisive avoidance maneuver.
The remainder of this section details the semantics of the BT employed in the proposed framework.
o OBSTACLEBYMAGNITUDE. The condition node returns Success when the accumulated danger score
exceeds a threshold, and triggers an immediate stop if any forward-cone slice is below dy,,q. Danger is
accumulated within a detection range and persists until the score drops below a clearance threshold
and the minimum distance exceeds dpayq, reducing oscillations. At each tick, the node writes an
n-dimensional binary valley vector to the blackboard indicating blocked (1) and free (0) directions.
e AvOIDANDSTEER. When OBSTACLEBYMAGNITUDE returns SUCCESs, AVOIDANDSTEER applies VFH
to the blocked-direction vector to select a free valley: it follows the reference direction if feasible,
otherwise steers to a safe direction with EMA smoothing.
e FoLLowPATH. When no danger is detected, the danger branch fails and the selector ticks FoLLowPatH,
which steers toward the current reference waypoint. The reference path is represented as a sequence of
(slice-index steps) segments, advancing to the next segment after the specified number of steps.

4. Preliminary Results and Conclusion

In this section, we provide the metrics and basic results of CogNav. The metrics are defined in two
categories: offline depth estimation metrics evaluated on the syntactic Webots-rendered dataset and
online navigation metrics. The analysis is provided in Table 1.

The depth estimation model, will provide an estimation of the closest surface of obstacles in NV
slices all around the robots. We report the performance of the fine-tuned depth estimator as Mean
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Figure 3: Top-down scene visualizations at key timesteps, with the purple trajectory denoting random exploration
and the corresponding polar plots depicting depth estimator outputs.



Absolute Error (MAE) over F' samples, MAE = ﬁ ij:l Zf\il

czi’ §—d;, f‘ which is the average of

the predicted czz ¢ versus ground truth d; ; distance at each direction ¢ in sample f. We formally define

. Cov(d,d 5N . 5
Pearson Correlation as Pearcor = Z_La’d) where Cov(d, d)is the covariance of d and d, o d and o4 are
d7

the standard deviation of d and d respectively. This value measures the relative ordering of distances is
preserved. A value between [—1, 0] reports inverted or random tracking.
Fig. 3 illustrates key timesteps of a navigation scene, where

orange dots represent post-processed depth estimates and the Table 1: Depth estimation metrics

purple line denotes the random reference path. Att = 0, random Metric Value
exploration reveals a potential collision, the robot’s objective is MAE 0.079
to track the reference path while reactively avoiding obstacles. Pearcor 0.98%
The reference path, defined as a (slice-index, steps) tuple, is E 89.3+ %ggz

updated upon each avoidance maneuver. At ¢ = 465, proximity
is detected (blue dots), however, since a single frame is insufficient to raise the certainty threshold, no
heading adjustment is triggered, preventing premature oscillation. The corresponding polar plot (Fig. 2)
shows the raw depth output (dashed blue) alongside the post-processed result (green), confirming
that reactive steering effectively suppresses noisy depth estimates. At t = 505, the certainty tracker
converges toward the raw estimates, triggering a decisive avoidance maneuver. At ¢ = 1000, the robot
has cleared two collision points, residual hazards outside the forward cone do not affect navigation,
underscoring the role of forward-cone constraints in reducing spurious reactions. Table 1 reports average
performance of CogNav across 10 random environments, where D and K denote path efficiency and
collision count, respectively. Path efficiency confirms stable tracking with minimal oscillation, while
collision metrics indicate that further refinement of the steering computation remains necessary.
Overall, CogNav demonstrates that a lightweight, modular, monocular-vision pipeline can achieve
reliable real-time collision avoidance in novel environments without maps or global localization.
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