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Abstract. Automatically generating pedestrian pathways from aerial
images requires producing a connected network suitable for routing, not
just detecting where sidewalks appear. Sidewalks and crossings, in con-
trast to roads, may be partially occluded, implicitly defined, and exhibit
complex connectivity patterns. Existing segmentation-based approaches
focus on labeling pixels to infer segments, but often produce disconnected
or fragmentary graphs that are unreliable for navigation. We introduce
TraversRL, a vision-conditioned model that iteratively grows a path-
way network from an aerial image, simulating a traveler navigating the
built environment. TraversRL uses an action space of short and long di-
rection–distance segments designed to adapt to complex patterns and
span occlusions, and uses a combination of graph-level and step-wise re-
wards to balance overall connectivity with precise edge placement. Across
three visual backbones and three intersection datasets, TraversRL sub-
stantially improves buffered IoU with the ground-truth graph relative to
a state-of-the-art segmentation baseline, and more than doubles metrics
of connectivity. Moreover, combining global and local rewards produces
cleaner graphs with fewer spurious branches while further improving
overall performance. These results demonstrate that modeling pathway
extraction as a sequential decision process from the perspective of a trav-
eler, while optimizing for final graph quality with reinforcement learning,
produces significantly more reliable pedestrian networks.
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1 Introduction

Accurate maps of pedestrian pathways are foundational for accessible navigation,
mobility analysis, and urban planning. Yet these data are difficult to collect,
and often incomplete or inaccurate, creating failure cases that disproportion-
ately affect pedestrians and accessibility-critical users [31]. Inferring connected,
traversible networks of sidewalks and crossings is a challenging vision problem:
paths vary in width, shape, and material; they frequently occluded by trees in
overhead imagery; visual cues can be subtle or absent; and small geometric errors
can induce large topological failures that degrade end-to-end routability (Fig. 1).
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Existing mapping pipelines rely heavily on segmentation: predicting pixel-
level raster labels followed by post-processing. However, segmentation-based
methods tend to produce fragmented graphs that are unreliable for navigation,
as paths may not be visible from overhead, and travelers may cross the street at
unlabeled crosswalks or cut through parking lots. An alternative approach is it-
erative graph construction, where a model repeatedly extends a partial network
conditioned on local image information and the generated context, simulating a
traveler making step-by-step decisions to navigate the built environment.

RL fine-tuning has played an increasingly important role for multi-step prob-
lem solving, particularly in settings where intermediate supervision is ambiguous
but final outcomes are more easily scored [6,7,13,24,26,27]. This paradigm closely
matches pathway generation: connectivity can be guaranteed step by step, and
overall quality is measured on the final graph since small errors can accumulate.

We introduce TraversRL, a vision-conditioned generator that iteratively
constructs pedestrian graphs from aerial imagery. It takes an intersection-level
image crop and a partial graph to predict the next network extension, using a
discretized direction–distance action space that includes both short and longer
distance segments. We train TraversRL in two stages: 1 Supervised pretrain-
ing. The model learns to imitate ground-truth graph expansions step by step
via cross-entropy loss, augmented with localization noise to improve robust-
ness against drift during iterative rollouts. We denote this pretrained model as
TraversRL-Pre. 2 RL fine-tuning. Initializing from TraversRL-Pre as a refer-
ence policy, we optimize outcome-level graph rewards under a KL-regularized
objective, implemented via group-relative policy optimization (GRPO) [7,21].

We investigate two RL reward designs. 1 Global reward uses a terminal,
graph-level objective based on buffered geometry intersection-over-union (IoU),
which aligns with final network quality. We refer to this model as TraversRL-
Global. 2 Local stepwise reward augments the terminal objective with per-edge
buffered overlap efficiency to encourage locally precise geometry. We refer to this
model as TraversRL-Local. Overall, our main contributions are:

– We introduce TraversRL, a vision-conditioned generator that iteratively ex-
tracts complex pathway graphs from aerial imagery, using a discretized direc-
tion–distance action space tailored to more complicated pedestrian segments.

– We demonstrate that iterative generation with both supervised pre-training
and RL fine-tuning is a natural fit for pathway tracing and consistently im-
proves graph quality. Averaged across three backbones and three datasets,
TraversRL-Global outperforms a state-of-the-art segmentation-based method
in IoU by 43.6% and a sidewalk connectivity metric (TravSim) by 205%.

– We propose a local stepwise reward that measures geometric quality for ad-
vantage shaping during RL fine-tuning. On average, TraversRL-Local further
improves IoU by 2.6% and TravSim by 1.6% relative to TraversRL-Global.

– We show that RL fine-tuning generalizes zero-shot to unseen cities without
additional training. RL fine-tuning also yields cleaner and simpler graphs by
reducing redundant edges while maintaining connectivity for navigation.
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Fig. 1: Qualitative examples of pedestrian pathway generation. Representative
aerial intersection scenes illustrating common challenges for pedestrian mapping: {short
segments, curvilinear segments, implicit paths (no crossing marks), occlusions from
trees, and complex connectivity}. Top: ground-truth graph (blue; yellow dots mark
vertices). Middle: predictions from the state-of-the-art segmentation-based method,
Tile2Net (red). Bottom: preductions from our TraversRL-Local model (red). These
examples highlight the topology-sensitive nature of pedestrian networks, and demon-
strate TraversRL’s robust generation across diverse real-world challenges.

2 Related Work

Street and Road Network Generation. Road and street network extraction from
aerial imagery has been studied extensively. Existing methods broadly fall into
two paradigms. Segmentation-first pipelines predict dense road masks and then
recover graph structure through vectorization and post-processing [4, 10, 11, 17,
18, 22, 28, 33]. In contrast, iterative graph construction grows a graph step-by-
step by conditioning on local image evidence and the already-generated con-
text. RoadTracer [2] introduced this crop-and-canvas tracing paradigm. Ve-
cRoad [23] improved local exploration at complex junctions, while RNGDet and
RNGDet++ [29, 30] further developed transformer-based iterative graph detec-
tion with topology-oriented supervision. NETracer [15] proposed a topology-
aware tracing framework by explicitly modeling node–edge connectivity.

While these approaches establish strong foundational techniques for extract-
ing road graphs, they are not directly transferable to the pedestrian environment.
Pedestrian pathways exhibit different challenges: they are typically narrower,
contain many short and curvilinear segments, are more susceptible to occlusions
(e.g., tree canopies), and require the explicit modeling of crossings and inter-
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section connectivity to for accessibility and navigation use cases [12, 32]. These
inherent differences make pedestrian mapping more sensitive to rollout drift and
localized geometric mispredictions during iterative generation.

Pedestrian Pathways From Aerial Imagery. Pedestrian pathway extraction from
overhead imagery remains relatively understudied. Karimi et al. [14] explored
pedestrian map generation at small scale and highlighted the importance of in-
put data quality. Tile2Net [12] detects sidewalks, crosswalks, and footpaths from
aerial imagery and converts them into pedestrian networks. Prophet [31] com-
bines road-network priors with aerial-image segmentation and rasterized street
maps to infer pathway graphs (we do not compare with Prophet as neither the
code nor trained model was available at the time of this writing). Pathway-
Bench [32] argues that pixel-level metrics can understate mobility-critical errors
and instead emphasizes routability and intersection-scale connectivity. Other
work focuses on specific pedestrian assets rather than full connected networks,
specifically zebra-crossing detection [1], crosswalk detection from satellite im-
agery [3, 25], and curb-ramp detection from street-view imagery [8, 19]. In con-
trast, our goal is direct generation of connected pedestrian pathway graphs.

Reinforcement Learning (RL) and GRPO. Reinforcement learning is increas-
ingly used to improve long-horizon decision-making. Reasoning LLMs trained
with RL show strong gains with verifiable rewards (RLVR), where policies are
optimized using outcome-level signals because intermediate supervision is am-
biguous [6, 7, 13, 24, 26, 27]. More broadly, RL is a natural choice for optimiz-
ing non-differentiable trajectory-level objectives when errors can compound over
many decisions. Among policy-gradient methods, PPO [20] is widely used for its
stability. GRPO [21] is a PPO-style variant that replaces an explicit critic with
group-relative baselines computed from multiple outputs, and typically uses KL
regularization to a reference policy for stable updates. Our work uses GRPO.

These developments suggest RL is a natural fit for improving sequential gen-
erators when the desired objective is best expressed at the trajectory level. In
pedestrian pathway generation, local geometric choices (e.g., sidewalk continua-
tions and crossings) interact across many steps and must ultimately produce a
globally coherent, routable network, while evaluation can be defined using geom-
etry and connectivity aware graph metrics. We therefore adopt RL for fine-tuning
and use GRPO as a practical, stable instantiation in our experiments.

3 Method

We propose TraversRL, a vision-conditioned generator that constructs pedes-
trian pathway graphs step-by-step from aerial imagery. TraversRL is trained
with two stages — supervised pretraining (Sec. 3.1), followed by RL fine-tuning
using either a global graph-level reward (Sec. 3.3) or with an additional local
stepwise reward (Sec. 3.4). The supervised pretraining phase yields a reference
policy, denoted as TraversRL-Pre. During the subsequent RL fine-tuning, we
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initialize the trainable policy �� from TraversRL-Pre while maintaining a frozen
copy ��0

to serve as the reference policy for KL divergence.

3.1 Supervised Pretraining of TraversRL (TraversRL-Pre)

Graph formulation. Given a satellite image and vector pathway annotations,
we convert the annotations into an undirected graph G = (V;E). Each node
v 2 V is a 2D point in normalized coordinates v = (x; y) 2 [0; 1]2, and each
edge e = fu; vg 2 E is a LineString segment. Our goal is to learn a policy that
incrementally reconstructs E by predicting local edge continuations.

State: aerial image crop + generation canvas. At each step, we expand
from a current node u using a local observation centered at u: (1) an RGB
crop Iu and (2) a single-channel generation canvas Cu that rasterizes the partial
predicted graph (all previously generated edges). Both are extracted with a fixed
normalized window (0:5�0:5 of the full extent) and resized to a fixed resolution
(256 � 256; 224 � 224 for ViT). We concatenate them into a 4-channel input
Xu = concat(Iu; Cu) 2 R4�H�W , so that each decision is explicitly conditioned
on local appearance and the previously generated edges.

Action space: discretized direction and distance. TraversRL predicts a
discrete movement action from u or Stop. For a neighbor v of u, the displacement
� = v�u is mapped to a class by discretizing angle and distance: N� = 36 angle
bins (10�) and Nr = 10 distance bins over [0; 0:2] (normalized to the overall
image), yielding jAj = N�Nr + 1 = 361 actions, where Stop indicates that no
ungenerated edges remain at the current node. We denote a 2 A as an action.

Policy network. TraversRL uses an ImageNet-pretrained backbone f�(�)
adapted to accept 4-channel inputs. We replace the first convolution with a
4-channel variant by copying the pretrained RGB weights and initializing the
additional (canvas) channel to zero. Given Xu, the backbone produces a feature
vector h 2 Rd, which is mapped to action probabilities by an MLP head:

��(a j Xu) = softmax
�
W2 �

�
W1 Dropout(h)

��
; (1)

where �(�) is ReLU and ��(� j Xu) 2 RjAj.
Supervised training. For each training graph, we supervise a sequence of

actions at each node: the policy emits one action per ground-truth edge, then
emits Stop and moves to the next node (Fig. 2). To improve robustness to rollout
drift and mitigate error accumulation, we inject localization noise by perturbing
the current node location while following the ground-truth edge:

~u = u+ �; � � U
�
[��; �]2

�
: (2)

We extract crops centered at ~u and compute the target class using the perturbed
displacement � = v � ~u We minimize cross-entropy over the supervised action
sequence. The supervised training approach is adapted from a similar technique
for road extraction [2], but includes variable distances and a different architecture
to adapt to topologically complex, occluded, high-density sidewalk paths.
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Fig. 2: Supervised node expansion in TraversRL pretraining. Given the current
node (yellow star), the set of ground-truth neighbors (red) are determined. During
supervised pretraining, the policy is trained to sequentially emit one direction–distance
action per ground-truth edge (blue arrows), adding the corresponding edges to the
canvas. After all edges at the current node have been generated, the policy emits Stop
and the algorithm moves to the next node for expansion (steps 1–5).

3.2 Inference and Rollout Hyperparameters

At inference time, we roll out �� to construct a graph in continuous space.
We initialize a start node (for training and evaluation, a random node in the
ground-truth graph; in practice, a point selected by a user or based on segmen-
tation pre-processing) and maintain a stack of active nodes. For each popped
node u, we repeatedly call the policy until it emits Stop or reaches a per-node
expansion budget. Each non-Stop action is decoded into a displacement using
the corresponding angle–distance bin midpoints, creating a new node at u + �
(clipped to [0; 1]2). We add the edge, render it onto the global canvas, and push
the new node onto the stack. To avoid trivial cycling, we disallow executing the
same discrete action twice from the same node within one expansion.

Because backbones can differ in termination behaviors, we tune a small set
of rollout hyperparameters on the validation set. We configure the following:

1. Top-k backoff (k): enumerate the k highest-logit actions and execute the
first geometrically valid action. k = 1 equates to standard greedy decoding.

2. Restarts per graph (R): run the full rollout R times from independently
sampled start nodes and retain the best result under an internal confidence
score (defined as the sum of top-1 minus top-2 logit margins across all steps).

3. Stop threshold (�stop): accept Stop only when ��(Stop j st) � �stop.
4. Maximum per-node expansions (M): cap on the total number of actions

permitted when expanding any single node.

We select the configuration that maximizes buffered IoU on the validation set
and reuse it for the subsequent RL training and inference.

3.3 RL Fine-Tuning with Global Graph Reward (TraversRL-Global)

Motivation. Supervised pretraining optimizes per-step classification loss, whereas
the quality evaluation is defined on the final graphs. Small errors can compound
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over steps, causing geometric and topological failures. In addition, IoU is non-
di�erentiable because it depends on decoding and rendering an entire trajectory.
We therefore use RL �ne-tuning to optimize an outcome-level graph objective
under the same rollout dynamics used at test time.

RL with terminal graph reward. We initialize � � from TraversRL-Pre, and keep
a copy as frozen reference policy �� 0 . For each training sample, we draw a group
of K rollouts f� i gK

i=1 using the same decoding con�guration as inference. Each
trajectory � i = (a i;1 ; : : : ; ai;T i ) induces a predicted edge setÊ i and receives
a terminal, graph-level reward Ri = R(E; Ê i ), which is bu�ered IoU in our
experiments. We compute standardized group-relative advantages:

�R =
1
K

KX

i=1

Ri ; A i =
Ri � �R

std(fR j gK
j=1 ) + �

: (3)

We update � � to increase the likelihood of actions from higher-advantage rollouts
while constraining rapid drift from the frozen reference � � 0 via a KL penalty.
Our RL �ne-tuning objective is de�ned as:

L global (�) = �
1
K

KX

i=1

A i

Ti

T iX

t=1

log � � (ai;t j si;t )

+ � �
1
K

KX

i=1

1
Ti

T iX

t=1

DKL (� � (� j s i;t ) k � � 0 (� j s i;t ))

(4)

,where si;t is the rollout state at step t (local image and canvas crops), � is the
KL coe�cient, and 1=T i normalizes trajectories of di�erent lengths. We compute
the full-distribution KL at each step from the policy and reference logits.

3.4 RL Fine-Tuning with Local Stepwise Reward (TraversRL-Local)

Motivation. TraversRL-Global aligns �ne-tuning with the �nal objective, but
it assigns a single rollout-level advantage Ai to all actions within a trajectory,
leading to coarse credit assignment. In practice, however, a rollout often contains
a mixture of locally correct and incorrect steps, yet all steps are reinforced (or
penalized) uniformly. As a result, terminal-only reward can improve global over-
lap, but under-optimizes �ne-grained geometric choices (e.g., selecting a nearby
but incorrect direction bin that yields similar bu�ered overlap).

Local stepwise reward . To inject a localized training signal without discarding
the stable terminal objective, we de�ne a stepwise reward that quanti�es the local
geometric quality of each newly added edge and use it for advantage shaping.
Let Pt be the bu�ered union of predicted edges up to step t and let G be the
bu�ered union of ground-truth edges. De�ne predicted area At = area(P t ) and
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Fig. 3: Local stepwise reward. We compare the bu�ered ground-truth region G
(blue) with the current predicted bu�er P t�1 (gray). Adding a new edge at step t
contributes newly added bu�ered area �A t (orange), of which the overlapped portion
with ground-truth is �I t . We de�ne the stepwise reward r t = �I t =(�A t + �): it is high
when the added edge aligns better with ground-truth (good step), moderate under
partial alignment, and near zero when the edge adds o�-target geometry (�I t = 0).

overlap area It = area(P t \ G). With a new edge, we compute �A t = A t � A t�1

and �I t = I t � I t�1 , formulating the stepwise reward as:

r t =
�I t

�A t + �
; (5)

with r t = 0 for non-edge actions (e.g., Stop). Intuitively, r t measures what
fraction of newly generated bu�ered area contributes to ground-truth overlap;
edges that add mostly o�-target geometry receive near-zero reward (Fig 3).

Additive advantage shaping. As in Sec. 3.3, we sample K rollouts and compute
the terminal advantages Ai from the �nal rewards R i . We then calculate and
normalize the stepwise rewards within each individual rollout:

~ri;t =
r i;t � � i

� i + �
; � i =

1
Ti

T iX

t=1

r i;t ; � i = std
�

fr i;t gT i
t=1

�
; (6)

We de�ne an additively shaped stepwise advantage:

Â i;t = A i + � ~r i;t ; (7)

where � controls the strength of shaping. The additive formulation preserves the
outcome-level signal, while simultaneously encouraging locally high-quality steps
even within imperfect rollouts. Since both Ai and ~ri;t are standardized, their
magnitudes are comparable, making the shaping term well-scaled in practice.
We then substitute the uniform rollout-level weighting in Eq. (4) with Â i;t while
keeping the same KL regularizer to the frozen reference:

L local (�) = �
1
K

KX

i=1

1
Ti

T iX

t=1

Â i;t log � � (ai;t j si;t )

+ � �
1
K

KX

i=1

1
Ti

T iX

t=1

DKL (� � (� j s i;t ) k � � 0 (� j s i;t ))

(8)

This procedure is visually demonstrated in Fig. 4.




	TraversRL: Traversable Pedestrian Pathway Generation With Reinforcement Learning

