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Abstract— Recently, biped robot walking technology has
been significantly developed, mainly in the context of a bland
walking scheme. To emulate human walking, robots need to
step on the positions they see in unknown spaces accurately. In
this paper, we present PolyMap, a perception-based locomotion
planning framework for humanoid robots to climb stairs.
Our core idea is to build a real-time polygonal staircase
plane semantic map, followed by a footstep planar using
these polygonal plane segments. These plane segmentation and
visual odometry are done by multi-sensor fusion(LiDAR, RGB-
D camera and IMUs). The proposed framework is deployed
on a NVIDIA Orin, which performs 20-30 Hz whole-body
motion planning output. Both indoor and outdoor real-scene
experiments indicate that our method is efficient and robust
for humanoid robot stair climbing.

I. INTRODUCTION

Humanoid robots are gradually emerging from labora-
tories and being deployed in diverse real-world scenarios,
including building inspections, emergency responses, and
industrial collaborations [1]. Compared with level-ground
locomotion, stairs, a standard yet high-risk man-made struc-
ture, present step-height differences, narrow contact surfaces,
and fall-prevention constraints, thereby imposing greater
demands on the robot’s full-chain capability to navigate
complex geometries. Many existing systems rely on pow-
erful self-balancing and high-bandwidth tracking stabilisers,
using rapid whole-body posture regulation to “brute-force”
geometric disturbances during stair climbing [2]. However,
these approaches lack an explicit perception of environmental
geometry and foothold regions, often resulting in overly
conservative gaits and considerable footstep uncertainty,
which makes it difficult to achieve reliable and sustained
climbing on long staircases, under varying illumination, or
with degraded tread surfaces.

Visual perception enables the acquisition of prior infor-
mation about traversable planes, step edges, and obstacles
before foot contact, thereby explicitly constraining foot-
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Fig. 1. Perceptive Locomotion for Humanoid Stair Climbing

step planning and mitigating unforeseen risks. Perception-
based approaches face some challenges in stair environ-
ments. First, stair treads are small with sharp edges, and
depth measurements are easily affected by low texture,
black absorptive materials, and viewpoint changes, resulting
in unstable normal estimation and fragmented planes [3].
Second, body vibration during bipedal walking and camera
rolling-shutter effects amplify noise and cause sensing data
dropouts, making single-frame plane fitting highly sensitive
to threshold selection [4]. Third, odometry—mapping cou-
pling induces local drift that accumulates in multi-frame
fusion, degrading the spatio-temporal consistency of step
boundaries and traversable polygons. Finally, the percep-
tion—planning—control loop must operate in real time, re-
quiring not only GPU-friendly geometric extraction but also
map representations that can be efficiently integrated into
controllers.

Consequently, how to robustly generate stair-adaptive
traversable region representations under perception noise,
state estimation uncertainty and real-time computation con-
straints, and efficiently couple them with whole-body motion
generation, remains a key challenge for achieving reliable
stair climbing. To this end, we proposed PolygMap: a stair-
climbing framework for humanoid robots. See Fig. 1, it fuses
LiDAR and RGB-D point clouds data (PCD) for staircase
mapping and humanoid footstep planning. The codes were
open-sourced in [5]. Our main contributions are as follows:

o A open-sourced perception—planning framework inte-
grating LiDAR with robot forward kinematics to enable
real-time online footstep planning for stair climbing.
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o The framework performs precise localisation using Li-
DAR and fuses visual RGB-D data to extract staircase
planes and generate footholds that satisfy stability and
safety constraints.

« A foot trajectory planner based on safe region selection.
The entire framework is validated through both simula-
tion and real-world stair-climbing experiments in indoor
and outdoor environments.

II. RELATED WORKS
A. Plane Semantic Mapping

For legged robot locomotion, research on environment
representation has gradually evolved from dense grid maps
and elevation maps to bounded planar or polyhedral represen-
tations directly for footstep planning. A geometric perception
method, the CAPE [6] can simultaneously extract planar and
cylindrical features at approximately 300Hz on a single-
core CPU, significantly enhancing the geometric constraints
of visual odometry. In [7], a hierarchical clustering and
improved flood-filling algorithm were proposed for multi-
plane segmentation at around 35 Hz. To satisfy the real-time
requirements, in [8], A GPU-based pipeline for planar region
extraction and elevation mapping was proposed, achieving
150-200 Hz output rates for local planar regions and provid-
ing height layers with uncertainty estimates for navigation
and gait planning. Several studies have demonstrated real-
time performance exceeding 100 Hz [9] and improved the
accuracy and robustness of footstep solutions by coupling
with kinematic—inertial estimation [10].

Overall, research on planar semantic mapping is moving
from local geometric descriptions toward structured and
spatio-temporally consistent models of feasible foothold re-
gions, enabling tight coupling with footstep planning and
whole-body control.

B. Perspective Locomotion

In the early stages, people typically treat humanoid
robot footstep planning and walking pattern generation as
separate planning questions. For example, Roychoudhury et
al. proposed searching for fast footsteps using 3D polygonal
mapping [11]. However, such an RRT-based method met the
real-time efficiency challenge in on-board systems. Then,
during DRC-2015, many teams adopted the multi-sensor
fusion strategy for on-board perspective footstep planning
and motion control. For instance, in [12], the MIT team fuses
LIDAR, inertial and kinematics for the Atlas robot’s rough
terrain walking task.

In recent years, Elevation map [13] has been widely ap-
plied in quadruped locomotion. Its probabilistic terrain mod-
elling explicitly represents localisation errors and confidence
bounds, providing optimism with more reliable constraints.
Griffin et al. [14] introduced an efficient terrain mapping
algorithm that integrates planar region measurements with
kinematic—inertial state estimation. Building upon these ad-
vances, perceptive locomotion further incorporates environ-

mental geometry directly into the online optimisation of
contact sequences and whole-body motions. In [15], the
nonlinear MPC first performs traversability classification,
plane segmentation, and signed distance field preprocess-
ing on elevation maps, transforming terrain constraints into
convex inequalities. It has been validated in scenarios such
as gap crossing, stepping-stone traversal, and slope walking.
In [16], a learning-based method is proposed that utilises
attention-based map encoding, allowing end-to-end control
policies to focus on future traversable regions automatically.
This improves robustness to uncertainty and enables traver-
sal of sparse footholds, with real-world validation on both
quadruped and humanoid platforms.

III. METHODS

The proposed perceptive locomotion framework is il-
lustrated in Fig. 2. As described on the left side of the
picture, the sensor configuration enables the robot to perform
navigation and mapping in complex, unknown stair envi-
ronments. The downward-facing Realsense L515 leverages
LiDAR technology to capture depth data even under low-
light conditions, though its performance degrades on highly
absorptive surfaces. For odometry and pose estimation, a
Livox Mid360 LiDAR and an IMU are employed, with Point-
LIO providing accurate odometry estimation.

This framework leverages real-time semantic planes for
staircase representation and motion planning, aiming to
achieve accurate pose estimation and robust climbing motion
control on uneven surfaces. Fig. 3 illustrates our processing
pipeline. The system inputs include depth images from an
RGB-D camera, initial pose estimates from LiDAR-Inertial
Odometry (LIO), and kinematic pose estimates obtained via
forward kinematics. Xinyi et al. proposed to filter moving
object points in LIO front end [17], for biped walking
robots, their own vibrations result in more dynamic points
for the LIO. We first adopt an anisotropic diffusion filtering
from [18] for depth image processing. Then, the surface
normal maps are computed using Sobel operators, contours
are extracted with the Canny algorithm, and polygons are
fitted to the environment using RANSAC. In parallel, robot
joint data are combined with forward kinematics to generate
a smooth body state estimate, which is then fused with the
LIO pose to construct a polygonal semantic map. Using this
simplified polygon map, the safe regions are eroded to extract
feasible foothold candidates and assess their reachability. The
footholds are then generated with collision-free trajectories.

A. Multi-Sensor Fusion based State Estimation

This section details the smooth and accurate robot pose
estimation methodology integrating proprioceptive sensing
and LiDAR-Inertial Odometry (LIO). We adopt a linear
Kalman filter to integrate multi-modal data from the IMU,
joint encoders, and foot contact states, thereby enabling a
unified estimation of the robot’s base position, velocity, ori-
entation, and foot positions. Additionally, a loosely coupled
scheme is employed to integrate pose estimates from LIO
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Fig. 2. The system integrates joint recorders, depth sensing and LIO estimator. Robot pose is obtained via fusing forward kinematics and the LIO, while
depth images provide a polygonal map for foothold generation. Based on these footholds, footstep and whole body motion planning enable stable stair

climbing.
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Fig. 3. Polygmap-based footstep motion planning logic

into the fusion framework, enhancing the overall system’s
robustness and accuracy.

Forward Kinematics: Assuming the robot state variables
are:

W T

W.T
Vbase | O 1

.
x = [V Pyue Vpe ] €RY (1)

where Wppase, "Vhase represent the position and velocity
of the robot’s CoM in the world coordinate frame W; "p,,
represents the contact points of the feet (four per foot, eight
in total), i.e.,, 2 = 1,...,8. The state-space equation is:

Xg4+1 = Ax; + Buy

I, At-I3 O 0.5At2 -1
A=10 I3 0 B=| At-I )
0 0 124 024

where I = I3,3, and the blank entries represent 03x3. The
control input u is the linear acceleration of the robot’s CoM
in the world frame, i.e., u = " ap,. The observation vector

is denoted as:

By.| e RS, (3)

where Pp., Pv,. represent the position and velocity of the
foot contact points relative to the robot’s CoM, and h. are
the height of the contact points, with

B B

pc,l hc,l

“)

The robot torso state (position and velocity) is then
estimated in real-time with a linear Kalman filter that fuses
LiDAR odometry, proprioceptive measurements, and IMU
orientation, yielding smooth and low-drift odometry for the
subsequent perception—planning—control loop.

Odometry Fusion: Given the world coordinate frame W,
the robot body frame B, the LIO estimation WT, € SE (3),
and the robot body odometer W .e. Since the LiDAR is
rigidly connected to the robot, the extrinsic parameters from
the robot’s CoM to the LiDAR ZTiq,, are pre-known. Then,
to transform LIO and the camera’s odometry to the robot’s
CoM:

Wl — Wy (BTlidar)71 . @)

base

The LIO odometry is obtained through a laser SLAM algo-
rithm (Point-LIO [19]). The complementary filtering for the
position part is expressed as:

=« prase + (1 - Oé) Wpt()fs)e (6)

where o € [0,1] is the complementary coefficient. Attitude
fusion can be achieved through the exponential map form:

W __(fused)
Poase

AR = log((waasek)TWRl()aLs)ek> @)
WRS;ECI = WRbasek; exp((l - Ot) AR)’ (8)

The relationship between the complementary coefficient «
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and the time constant 7 is:

T At
= — 1_ _
T IEAL T T A ©)

Finally, a precise and smooth robot odometry estimation is
obtained:

(10)

base base ase

WT(fused) _ <W (fused) WRtf’used>
B. Foothold Generation

During polygonal map construction, the fused odometry
and RGB-D depth image are applied to extract a polygonal
representation of the staircases. Each polygon undergoes
convex hull computation and rasterisation. Robot foot un-
reachable regions are removed using range filtering, and the
isolated or unstable edge points are suppressed through lay-
ered erosion operations, resulting in a set of stable candidate
foothold regions. Based on these candidates, we select the
optimal foothold according to distance and height criteria,
and then publish them to the downstream foothold planner
for trajectory generation and execution.

Polygon Map: To construct the Polygon Map, we first
calculate the normals 7i(u,v) of each pixel from the depth
image and camera intrinsics.

T
P(’U,7U): |:(U—Cm)D(u7’U)’ (U—Cy)D(u,’U)’ D(’LL,’U):| . an

fI fy

Within the pixel neighborhood, differential vectors are con-
structed: @ = P(u+ 1,v) — P(u,v) and b = P(u,v+ 1) —
P(u,v). Their cross product is normalized to obtain the local
normal vector: .
_axb

1@ > bl|
This directly yields the normal vector map without the
need to explicitly generate a dense PCD. Meanwhile, to
reduce depth noise and preserve edge features, an anisotropic
diffusion filter is adopted in iterative form:

It+1($7y) :It(xuy)+)‘ Z Ci(xay) VIZ‘(.’L',:U), (13)
ieN (z,y)

fi(u,v) (12)

where the thermal conductivity coefficient ¢;(x,y) is adap-
tively adjusted based on the gradient magnitude to smooth
background regions while protecting edges.

Subsequently, within the extracted polygonal areas, we
apply the RANSAC algorithm for plane fitting, iteratively ob-
tain the optimal plane parameters. This process implements
the key steps from raw depth data to robust plane extraction,
providing the foundation for subsequent map construction
and gait planning.

Optimal Foothold: To extract candidate footholds for
the robot from the Polygon Map, we assume the received
polygon set is M = {M,}, where each polygon M; consists
of a vertex set {p; ; };V: 1» with each vertex containing spatial
coordinates (z; j, ¥ j, 2i,;). To ensure the stability of the 2D
convex hull calculation, the height of each vertex is set to

Zero:
P’i = {(xi,jv Yi g, 0)}7
Subsequently, the 2D convex hull H; of P; is computed:
H; = ConvexHull(P;), H; C R? (15)

j=1,...,N; (14)

which describes the outer bounding contour of the polygon
in the XY plane (horizontal). To generate a dense PCD inside
the convex hull, calculate its bounding box:

[xmina (Emax] X [yrniny ymax] = BoundingBox(Hi) (16)

A uniform grid of points (x,y) is generated within this
bounding box with resolution g..s. Only points located inside

the convex hull are kept:
(z,y) € H; (17)

while their height is assigned the average value of the original
polygon vertices:

1
P= >z (18)
j=1
This yields the set of dense PCD for all polygons:
19)

Pow = U{(x, Y, Z)}

To ensure the validity of footholds near the robot’s base co-
ordinate frame, coordinate transformation and range filtering
are applied to the PCD. Denote the robot base coordinate
as base_link. After transforming the PCD from the world
frame W to the robot body frame B, keep the points within
the XY plane distance:

‘I(p)| < Grange |y(p)| < Grange;, D € Poal (20)

The filtered PCD is denoted as Pkjiereq. TO extract the salient
height features of the planar PCD, we extract the maximum
height point of each grid (side length gys):

P = U arg r;leaé( z(p) 2D

grid G
thereby obtaining the set of highest points for each XY
grid, facilitating subsequent foothold analysis and environ-
ment modelling. Consider the limitation of the robot’s sole
height; the minimum sole height is first obtained from the

transformations of both toes and heels with respect to the
body’s CoM:

(22)

Zfoot = mln{zllmm Zrrtoe s <llheel 5 erheel}

Subsequently, points higher than the foot threshold g, are
removed:

Pmax,ﬁllered = {p S Pmax | Z(P) < Zfoot + gz} (23)

To remove isolated points and edge noise, Prax filtered 1S
divided into height layers, with each layer height being hjayer:

Ly = {p € Prax_filtered ‘ k= I_Z(p)/hlayerj} (24)
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and Negosion €rosion operations are performed on each layer
to filter out sharp edge points. The PCD from all layers after
erosion are merged to form the final structured PCD:

Perogea = | L™ (25)
k

Within Poqeq, the point closest to the robot’s base coordinate

that also satisfies the height condition for stepping is selected

as the primary foothold candidate:

D € Peroded, Z(p) > Ztoot + Afoot
p* = arg min ||($(p) — Tbase) y(p) - ybase)

To reflect the height distribution of nearby obstacles, the
next-step foothold solution point p**, higher than p*, could
also be selected. The relative direction of the candidate point
p* with respect to the orientation )y, of the robot’s base
coordinate is:

B 0

Orel = arctan 2(2;(10*)7 x(p*)) — Vbases  Orel € [_7T7 77] (27

Furthermore, the PCD layer near the sole height is:

Zfoot — Aot < Z(p) < Ztoot + Afoot (28)

We apply separate erosion processing to this plane to improve
the climb locomotion safety. Finally, the optimal foothold
points are generated around the candidate points p* and p**.
This method converts sparse 2D polygon markers into a
structured, dense PCD, providing both spatial position and
orientation for robot footstep planning.

C. Footstep Planning

In this subsection, we propose a bipedal gait trajectory
generation method based on real-time robot pose estimation.
The system input is the estimated pose of the robot, denoted
as:

Bt = [CL’,y,Z,QﬂT (29)

where (z,y, z) represents the spatial position of the torso,
and ¢ is the yaw orientation. This method aims to generate
smooth and executable footstep trajectories:

BTfoot = {(p{a pgvti)}ilil
f

where p! € R3? represents the foot position of the i-th
step, p! € R* represents the torso pose, and t; is the
corresponding time. The foot pose is generated from the
torso pose p: = [xt, Yt, 2+, P+] and the left/right foot offset
by = [0, £y, —2]. Using the rotation matrix R,(¢;), the
offset is rotated to the torso direction to obtain the foot
position:

(30)

cos¢p;y —sing; 0
Py =Pt +R.(¢:) -by; R.(¢¢) = |sing; cospy 0
0 0 1

30

To ensure the smoothness of the gait, the foot trajectory
along the Z-direction (vertical) during the lift-off and landing

phases is interpolated using a sinusoidal curve:

. it
Zmax Sin
e 2tyig

(t — ty;
Zmax COS <(hft)> +20 tug <t<T

2tland
(32)
where T' = tip + tiang represents the total swing phase
duration, 2zpyax is the maximum step height, ;5 and tang
are the time durations for the lift-off and landing phases,
respectively, and 2y is the reference landing height.

0 <t < tig
z(t) =

Tr (t) = Zstart T+ (-Tend - xstart)i (33)

step
To avoid foot overlap, a rotating rectangle model is used
to represent the occupied space of the foot:

R s = RotatingRectangle(center = (z ¢, yy),

. . (34)
width = w, height = h, 6 = ¢;)

and the step sequence is adjusted by checking whether the
rectangle of the current step intersects with the previous foot.
If both feet intersect, a trajectory conflict is indicated, and
the input torso path needs to be adjusted.

To determine the swing leg sequence, a motion-consistent
selection rule is applied. Let the torso displacement expressed
in the previous local frame be

Ap; = Ra(d-1) " (Pt — Pe-1) (35)
The swing leg at step ¢ is selected as
left 0or A 0
foot; = { ? P> .or b = (36)
right, otherwise

where Ay; denotes the lateral component of Ap,.
The gait trajectory is discretised at fixed time intervals
At:
t; = iAt,

i=1,...,N 37)

The entire generation process achieves torso-foot coordi-
nation, smooth foot lifting, and collision-safe bipedal gait
planning.

IV. EXPERIMENTS RESULTS AND EVALUATIONS

To validate the effectiveness of the proposed perceptive
staircase locomotion method, The robot employed in the
experiments is a KUAVO humanoids (see Fig. 1). It is 166 cm
high, 55 kg weight and 28 degrees of freedom. The foot size
is 26 x 9.6 cm. To perform the proposed perception method,
we integrated a 3D LiDAR, an RGB-D camera and an IMU.
All computations were carried out on an NVIDIA Orin NX,
enabling whole-body motion planning to be performed in
real time at a frequency of 20-30 Hz.

Three groups of experiments were designed. First, a sen-
sor fusion experiment was conducted to verify the localiza-
tion accuracy of multi-sensor fusion. Then, a Gazebo simula-
tion experiment was carried out to evaluate the stability and
real-time performance of the perception—planning—control
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loop under ideal conditions. Finally, real-world experiments
were performed in both indoor and outdoor environments to
assess the reliability and overall accuracy of the proposed
method. The evaluation metrics include: the continuity of
stair detection, the number of steps that can be climbed
consecutively, and the horizontal and vertical errors between
the planned and executed footholds.

A. Sensor Fusion Experiment Analysis

Fig. 4. Comparative Analysis of Position Estimation: Ontology-Based,
LIO, and the proposed Fusion Method

Fig. 4 illustrates the trajectories of three odometry es-
timations (odom_base, odom_lidar, and odom_fused) along
the z, y, and z axes during humanoid robot walking. The
odom_base estimation, which relies solely on proprioceptive
sensors, exhibits significant cumulative drift over time, par-
ticularly along the z- and z-axes, leading to large localization
errors during extended operation. In contrast, the LiDAR-
based odometry (odom_lidar) provides higher absolute posi-
tioning accuracy but suffers from pronounced high-frequency
oscillations, especially in the y-axis direction, making it
unsuitable for direct use in the control module.

The fused result (odom_fused) combines the advantages
of both estimations: it retains the global accuracy of LIO
while incorporating proprioceptive observations to constrain
and smooth the state estimation, resulting in much more
stable trajectories along all three axes. The zoomed-in in-
sets further demonstrate that the fused trajectory effectively
suppresses the high-frequency noise of odom_lidar and sig-
nificantly reduces cumulative drift. These results indicate
that our multi-sensor fusion method generates accurate and
smooth state estimates, providing reliable pose information
for subsequent stair detection and foothold planning.

B. Gazebo Simulation Results

Table I presents five sets of simulation data obtained
in the Gazebo simulation, where three sets correspond to
a 10-level staircase and two sets to a 4-level staircase.
The table reports the total climbing time, number of steps,
plane detection frequency, and maximum footstep error. The
results show that the most extended duration from the start
of climbing until the robot reaches a stable stance is 35s,
with an average time of approximately 3.4-3.7s per step.
This indicates that the system achieves relatively high mo-
tion efficiency while maintaining stability. During the stair-
climbing process, the maximum footstep error from detection
to execution is 12.4 mm, which is significantly smaller than
the available tread width. This satisfies the required safety
margin between the foot size and the stair tread, ensuring
stable climbing performance.

TABLE I
GAZEBO SIMULATION RESULTS

Trial T (s) Steps FPSMHz) e, (mm)
1 34 10 21 11.2
2 35 10 20 10.3
3 34 10 25 12.0
4 14 4 29 12.4
5 15 4 28 11.8
max 35 10 29 12.4

Fig. 5 illustrates the snapshots of Trial 1. In which
the global trajectories of the robot (CoM, hand joints, foot
boundaries) are shown. The robot starts from the ground
plane and climbs step by step until reaching the upper plat-
form. The entire process is smooth, and the foot placements
are accurate, demonstrating the effectiveness and stability
of the proposed perception—planning—control loop in simula-
tion. These results provide valuable reference for parameter
tuning and controller configuration in subsequent real-world
experiments.

Fig. 5. Simulation experiment of the proposed system. The figure shows
the perception—planning—control pipeline and stair climbing locomotion
sequence.

C. Real World Stair Climbing Evaluations

Table II reports the data of five times real-world stair-
climbing experiments conducted both indoors and outdoors.
Two gait strategies were designed: DS (Double Step) indi-
cates that both feet step onto the same stair before proceeding
to the next one, whereas SS (Single Step) represents a
continuous stepping gait in which each foot alternately steps
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Fig. 6. Real-world stair-climbing experiment. The figure presents the ex-
perimental setup and key motion snapshots during the perception—planning—
control process.

onto successive stairs, resulting in a faster forward pace. The
table summarises the total climbing time, number of steps,
plane detection frequency, and maximum footstep error for
each trial.

TABLE II
REAL WORLD STAIR CLIMBING EXPERIMENT RESULTS

Scene Gait T (s) Steps f(Hz) e, (mm)

Indoor DS 9.6 4 21 12.1

Indoor DS 10.2 4 20 11.4

Indoor SS 7.7 4 23 24.7

Outdoor  SS 11.2 6 20 33.4

Outdoor SS 9.8 5 21 22.2

max - 11.2 6 23 334

The results show that the DS gait requires a total time
of approximately 9.6-10.2s. Each step is planned after the
robot reaches a stable stance, yielding a smooth and steady
gait with smaller footstep errors. In contrast, the SS gait,
though faster, performs online planning while walking, which
may prevent the robot from consistently obtaining stable base
observations. This leads to generally larger footstep errors,
with the maximum reaching 33.4 mm, approaching the safety
margin between the foot size and the stair tread. In out-
door scenarios, despite ground unevenness and illumination
variations, the plane detection frequency remains within 20—
23 Hz, which is sufficient to meet real-time planning require-
ments. These findings demonstrate that the proposed method
maintains good robustness in real-world environments.

Fig. 7.

Fig. 6 illustrates a complete process of one real stair
climbing experiment. This indoor trial was conducted in a
staircase model with standard dimensions (step height of
13 cm and tread width of 28 cm, which is quite challenging
for our robot with a 26cm length foot). Using the DS
gait strategy, the robot successfully climbed a total of four
steps. At the beginning of the experiment, the robot stood
at the bottom of the staircase. After completing environment
perception and stair detection through multi-sensor fusion,
foothold candidates were gradually generated, and whole-
body trajectories were planned. The robot then executed
the first climbing step according to the scheduled foot
target pose. After reaching a stable double-support stance,
foothold updates and trajectory re-planning were performed
to complete the four-step climbing task sequentially.

The upper row of Fig. 6 shows snapshots of the real
experimental scene, where the robot steadily performs step-
ping, support, CoM transfer, and double-support phases in
sequence. The lower row presents the corresponding RViz
visualisation, where the green rectangles indicate the de-
tected stair planes, the blue rectangles represent the feasible
foothold planning regions, and the red and purple small
rectangles denote the planned footstep targets for the next
level stair. The trajectory curves visualise the motion of the
robot’s torso, arms, and feet. The entire climbing process is
smooth and stable, confirming the effectiveness and reliabil-
ity of the proposed perception—planning—control loop under
the DS gait strategy.

Fig. 7 plots the robot motion trajectories and the feet
tracking performance of Fig. 6’s experiment. The left plot
shows the 3D trajectories of the robot base and feet. It can be
observed that the robot successfully climbs four consecutive
steps, with the foot trajectories highly consistent with the
planned foothold regions. The trajectories are smooth and
exhibit no noticeable drift, indicating that the closed-loop
foothold planning and execution are reliable and effective.
The right plot compares the desired and actual foot tra-
jectories in the z- and z-directions, along with the corre-

Experimental results of real-world stair climbing. The left plot shows the 3D trajectory of the robot base and footsteps, while the right plot

illustrates the foot trajectory tracking performance along the x- and z-axes, including tracking error curves.
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Fig. 8. Two outdoor experiments. These snapshots indicate the proposed
system is robust in real outdoor environments.

sponding tracking error curves. These results indicate the
foot trajectories closely follow the planned curves, with the
maximum tracking error in both directions remaining within
40 mm. The error curves exhibit a periodic pattern, with the
biggest errors appearing just before the initiation of each
footstep trajectory, reflecting the transition from a stationary
to a moving state. Subsequent error peaks correspond to
the swing phases of the feet, indicating that the controller
can promptly correct trajectory deviations during the swing
motion.

Fig. 8 presents two outdoor experiments corresponding
to Table II. In both scenarios, the robot successfully climbed
5-6 steps. In the lower images representing a standard stair,
the robot smoothly completed the climb and reached the top.
The upper part shows a stair with a protruding edge, where
the combination of the protruding edge and the relatively
large foothold error of the SS gait finally leads the robot’s
toe to collide with the edge. There is still a failure rate during
outdoor long staircase climbing cases, especially in the
Single-Step pattern. The reasons may stem from inaccurate
state estimation, outdoor lighting conditions or some actuator
problem under the single-step pattern.

Overall, the errors are minor and quickly converge,
demonstrating that the closed-loop error from perception to
execution is effectively suppressed. These findings verify
that the proposed perception-planning-control loop not only
accomplishes the stair-climbing task but also ensures high-
precision foot trajectory tracking and stable locomotion on
uneven surfaces.

V. CONCLUSIONS

This paper presents a vision-guided stair climbing frame-
work for full-size humanoid robots. The perception module
combines LIO, RGB-D point clouds and proprioceptive
observations to extract planes, then outputs stable and low-
drift state estimation. The planning module selects foothold
regions and generates foot trajectories that satisfy stability
and safety constraints. Both simulation and real-world exper-
iments demonstrate that the proposed method exhibits strong

robustness and achieves real-time performance of 20-30 Hz,
enabling stable continuous stair climbing in real scenes.
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