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Abstract— Stable autonomous driving in unstructured off-
road environments remains a longstanding challenge. In the
absence of structured roads and in the presence of uneven
terrain, vegetation, and soil slopes, vehicles must rely on
LiDAR-Camera fusion to identify stable and traversable roads.
However, existing terrain perception methods largely remain
at the level of semantic segmentation and struggle to cap-
ture physical attributes such as surface roughness and load-
bearing capacity. Meanwhile, constructing datasets annotated
with accurate physical properties is prohibitively costly and
inherently limited in class diversity, making it difficult to cover
unseen terrains. To address these limitations, we propose an
online ground bumpiness cost learning framework for off-
road vehicles, which enables continuous and direct learning of
terrain-specific bumpiness costs during operation without the
need for manual annotation. The framework consists of four
key components: (i) ground bumpiness cost computation, (ii)
a lightweight multimodal terrain segmentation model, (iii) an
instance-level incremental update strategy, and (iv) a bumpiness
cost mapping module. Extensive experiments on the EV-56
vibroseis truck demonstrate that the proposed framework can
finely discriminate terrains with varying bumpiness costs and
incrementally estimate costs for previously unseen terrains,
thereby providing strong support for safe and reliable off-road
autonomous driving.

I. INTRODUCTION

Autonomous driving technologies for structured road have
reached a high level of maturity. However, when vehicles
operate in unstructured off-road environments, the applica-
bility of existing methods degrades markedly [1], [2], [3],
[4]. Vibroseis trucks—Ilarge, purpose-built vehicles for oil
and gas exploration—must frequently traverse deserts, grass-
lands, and Gobi terrain. As shown in Fig. 1, these scenarios
not only lack clear road markings and prior maps but also
feature diverse and complex terrain conditions, including soft
sandy soil, gravel surfaces, and hard rock formations. For
such large platforms with stringent operational requirements,
conventional road-detection pipelines or generic semantic-
segmentation methods [5], [6] are insufficient to meet task
needs.

In such environments, the core challenge of terrain percep-
tion lies not merely in “seeing the surface” but in “under-
standing it”. Whether a vehicle can drive stably and safely
depends on the physical properties of the ground, including
surface roughness, slope, and load-bearing capacity [7].
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Fig. 1. A typical scenario in field operation environments.
Equipped with an onboard perception system, the EV-56
truck can successfully predict the cost of terrain bumps in its
surroundings using our proposed online learning framework.

These properties directly affect vehicle vibration, energy con-
sumption, and operational efficiency. However, most vision-
or LiDAR-based learning approaches remain focused at the
semantic level [8], [9] and lack explicit modeling of these
physical effects. They typically assign uniform traversability
to all terrain within the same class, ignoring intra-class
variations. In reality, terrains of the same semantic class may
exhibit markedly different drivability—for example, firm
grassland may be easily traversable, whereas soft grassland
can be difficult to cross. This discrepancy creates a gap
between perception results and vehicle control requirements,
necessitating additional post-processing to convert perception
outputs into cost information usable for planning and control,
thereby increasing system complexity and potential risk.

On the other hand, the diversity and complexity of off-road
environments make it challenging to train perception models
via supervised learning. The primary obstacle lies in the
prohibitive cost of constructing image datasets with accurate
physical-property annotations. Several studies [8], [10] have
attempted to leverage self-supervised methods by associating
ground-truth terrain attributes with color images. However,
these approaches require retraining on data collected online
and are restricted to a predefined, limited set of terrain
classes, which limits their ability to handle previously unseen
terrain and reduces the efficiency of terrain assessment in
unknown environments. Furthermore, since the robot typi-
cally traverses only a small portion of the imaged surface,
the labels obtained through slice-based methods [10] are
sparse, resulting in slow training convergence and elevated
prediction noise.
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To address the above challenges, this work proposes an on-
line learning framework for terrain-induced bumpiness cost,
tailored for off-road vehicles. The framework comprises four
key components: (i) a ground bumpiness cost computation
module for generating pseudo-labels of the current terrain;
(i) a lightweight multimodal terrain segmentation model
for recognizing different terrain classes; (iii) an instance-
level incremental update mechanism for maintaining label
consistency of the same terrain type across space and time;
and (iv) a bumpiness cost mapping module for constructing
a cost map that encodes terrain-specific bumpiness charac-
teristics. The proposed framework is deployed on an EV-56
vibroseis truck and validated through extensive experiments,
demonstrating its effectiveness.

The main contributions of this work are summarized as
follows:

« We propose an online ground bumpiness cost learning
framework tailored for off-road vehicles, capable of
real-time prediction without additional pretraining.

o We design a bumpiness cost computation method de-
rived from IMU signals, enabling learning without
manual annotations.

e« We introduce an incremental spatio-temporal update
strategy for terrain instances, allowing classification of
unseen terrains without relying on predefined classes.

e We develop a bumpiness cost mapping module that
continuously refines the relationship between terrain
classes and bumpiness costs.

II. RELATED WORK
A. Off-Road Terrain Perception

In autonomous navigation, the ability to perceive sur-
rounding terrain in real time under off-road conditions is
a critical prerequisite for reliable path planning and safe
driving. Traditional approaches typically model the environ-
ment using occupancy grids [11], geometric features [12],
or semantic labels [13], and project the results into a bird’s-
eye view (BEV) representation for integration with the
planner [14], [15]. For instance, SimpleBEV [16] adopts
a forward-sampling strategy to obtain BEV features, while
TerrainNet [7] combines stereo depth completion with soft
quantization to improve both accuracy and runtime efficiency
in off-road environments.

In recent years, semantic scene completion—based terrain
perception methods [7], [17] have attracted significant at-
tention. These approaches generate high-precision terrain
segmentation by predicting dense 3D maps [18]. However,
they typically rely on complete point clouds from continuous
LiDAR scans and struggle to maintain stable predictions
in challenging environments with only sparse LiDAR in-
put. Other studies have explored image—point cloud fusion
methods [19], [20], which extract complementary features
in a unified BEV space and leverage depth completion
and uncertainty modeling to mitigate the effects of point
cloud sparsity and occlusion. Although such methods have
achieved excellent performance in structured road scenarios,

they still face challenges of generalization and real-time
operation in unmarked, undulating off-road environments.

B. Terrain Traversability Analysis

Terrain traversability aims to quantify the feasibility of
robot motion over a given terrain and is a key enabler for
off-road navigation. Early studies primarily relied on vision-
based or geometric features, employing classifiers to catego-
rize terrain into traversable and non-traversable regions [21],
[22], or estimating surface roughness scores using indicators
such as planarity [23] or eigenvalue-based metrics [24].
With the advancement of semantic segmentation, several
works [9], [18] have attempted to first partition terrain into
discrete semantic classes and then map them to cost layers
for planning. However, such hard-coded mappings lack flex-
ibility and struggle to adapt to varying terrain conditions.

Recent research has shifted toward directly learning con-
tinuous cost maps from multimodal inputs. For example, the
BADGR system [25], [26] employs a binary predictor to
determine whether a candidate action sequence will induce
excessive bumpiness. Other studies leverage neural networks
to generate continuous cost maps from LiDAR or RGB
data [27], [28], and incorporate conditional risk modeling to
account for uncertainty [28]. 3DTTNet [29] further integrates
image semantics with LiDAR geometry to construct multi-
layer cost maps and enriches them with attributes such
as slope and roughness to characterize terrain cost more
comprehensively. Nevertheless, these methods still struggle
with inference in occluded regions and maintaining global
3D consistency, making it challenging to deliver stable cost
estimates in highly complex terrains.

III. METHOD

This section presents our terrain-induced bumpiness cost
aware incremental online learning framework, as illustrated
in Fig. 2. The framework consists of four key modules: (i)
computation of the bumpiness cost for the current terrain
surface; (ii) lightweight LIDAR-camera terrain segmentation;
(iii) terrain instance incremental update and aggregation; and
(iv) mapping from terrain classes to bumpiness costs.

A. Pseudo-Labeling of Ground Bumpiness Cost

Our goal is to learn a continuous and normalized ground
bumpiness cost function that characterizes the interaction
between the robot and different terrain regions, and can be
directly exploited by the downstream path planning module.
Previous studies [8], [30] have shown that the frequency
response of IMU accelerations serves as a reliable indicator
of terrain roughness, undulation, and deformability. Unlike
prior approaches that consider only the IMU’s vertical ac-
celeration, we additionally incorporate the robot’s angular
accelerations about the X- and Y-axes to capture pitch-
and roll-induced disturbances caused by uneven terrain. The
joint use of these three signals enables a comprehensive
characterization of bumpiness across varying velocities and
attitudes. To derive a scalar quantity that reflects the overall
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Fig. 2. Overview of the Proposed Online Terrain Bump Cost Learning Framework. The lightweight terrain segmentation
module leverages RGB images and LiDAR point clouds to categorize the current terrain, and generates a query pair E;
for each category (illustrated as color-coded primitive shapes). The spatio-temporal consistency incremental update module
performs similarity matching between the newly generated query set and the historical active query set: newly emerging
queries are registered (red squares, blue circles), identical queries are merged (green diamonds), and queries that do not
appear for multiple consecutive frames are marked as inactive (light-blue pentagrams). The bumpiness cost mapping module
is used to predict or learn the bumpiness level of the current terrain. For newly emerging queries, they are associated with
the bumpiness costs computed by the bumpiness cost computation module and added to the mapping set ({ZAQ7 C?}); for
existing queries, the corresponding bumpiness costs are directly predicted ({fl, c}.

terrain roughness, bumpiness, and deformability, we com-
pute the band power of the vertical acceleration a,, pitch
angular acceleration w;, and roll angular acceleration w,,
after normalizing each signal to zero mean and unit variance
to eliminate scale and magnitude discrepancies. The ground
bumpiness cost C'is then defined as:
Foax -
C= (B (1) + B

n () +Bu,(D]df.

where Baz, sz, and Bwy denote the power spectral den-
sities (PSDs) of the standardized a., w,, and w, signals,
respectively, computed using the Welch method [31]. The
parameters fuin and f.x specify the frequency range used
for the band-power calculation. Based on empirical annota-
tion experience, a frequency band of 5-35 Hz is selected,
and the resulting band powers are further normalized with
respect to the statistics of the measured trajectory data.

B. Lightweight Lidar-Camera Segmentation Model

Given the ground RGB image I, and the synchronized
LiDAR point cloud L; at time ¢, we employ the pretrained
CLFT model [32] to jointly parse the two modalities and gen-
erate a pixel-wise terrain mask S; € {0, 1}7*W>¢ where H
and W denote the image height and width, respectively, and
c is the number of terrain classes. To satisfy the real-time
and computational constraints of the embedded platform, we

replace the default ViT-Base encoder in the CLFT framework
with a lighter ViT-Tiny variant, reducing the embedding
dimension to 192 while keeping the patch size fixed at
16 to ensure feature alignment with the decoder. In the
decoding stage, the projection dimension D is proportionally
reduced to 128, and sparse regularization is applied to the
convolutional layers of the decoder. Finally, channel pruning
and knowledge distillation are employed to further compress
the computational load without causing a significant loss of
segmentation accuracy.

Considering the typical error patterns in unsupervised
settings, we explicitly distinguish two common types of
mismatch in the pixel-level post-processing of CLFT out-
puts: Inter-class Merging (different terrain types erro-
neously classified as the same class) and Intra-class Over-
segmentation (a single terrain region fragmented into mul-
tiple segments). The former directly compromises geometric
and semantic consistency, degrading subsequent cost-map
construction, whereas the latter can be mitigated by the sub-
sequent incremental aggregation module. To suppress inter-
class merging while tolerating moderate over-segmentation,
we apply a dual-threshold strategy to the class posterior P; €
REXWxe: g pixel is accepted only if maxy, Py(x,y,k) >
Teont,» Where the confidence threshold is set to 7eons = 0.5; re-
gion merging is performed only when the mask intersection-
over-union (IoU) satisfies IoU > 1,y = 0.9. This high

10617



IoU threshold and moderate confidence constraint encourage
the model to push the operating point toward the finer
boundary and minimize merging, meaning it would rather
produce moderate oversegmentation than incorrectly merge
different terrains into the same category. Ultimately, the
lightweight CLFT model achieves high-precision, real-time
terrain semantic segmentation under limited computational
resources. It is important to note that we employed the pre-
trained CLFT model to accurately segment different terrain
categories, not to focus on the semantic classification of the
segmented terrain. Therefore, we do not need to be concerned
about the impact on semantic accuracy.

C. Incremental Update Strategy for Terrain Instance Spatio-
Temporal Consistency

Since we only perform terrain category segmentation,
the terrain labels generated by the CLFT model may be
inconsistent across different times and spaces. In images and
LiDAR point clouds captured from different perspectives and
at different times, terrain belonging to the same category
may not share the same label. To enable online discovery
and incremental updating of newly observed terrain classes,
we propose a query-based framework for maintaining spatio-
temporal consistency of terrain instances. Leveraging the
temporal modeling capability of queries, each segmented
region is represented as an entity that evolves across frames.
Through spatio-temporal consistency matching, query up-
dates, and incremental memory management, the framework
achieves long-term label consistency and facilitates semantic
expansion.

1) Query representation: At time t, the input data is de-
fined as X} = {I;, L;}, where I, is the RGB image captured
by the onboard camera and L; is the synchronized 3D point
cloud. The CLFT segmentation model produces a pixel-wise
semantic label map Yy € {1,...,c}?>*W  where each pixel
is assigned to one of the c terrain classes. To convert the
pixel-level output into a manageable set of instances, for each
class ¢ we extract connected components Rgc’k) and compute
the 3D geometric center on the corresponding projected point

set PLF) as:

c,k 1
-

> ox )

where (c, k) denotes the k-th connected component of class
¢, and x represents the 3D coordinates of points in P;. The
. (c,k) . ..
query vector for each region, q; ~’, is obtained by jointly
embedding its appearance and geometric features:

A = 6 (e (BREP), faeom(P)). ()

where fig1(-) extracts image texture features, fgeom(-) ex-
tracts 3D shape information, and ¢(-) denotes a multilayer
perceptron for joint embedding.

Each candidate region is represented as a query pair
B 2 (gl pleM) and the query set of the current
frame is defined as C; = {Et(c’k) }, which consists of multiple
query pairs. Meanwhile, we maintain a global query memory

M, = {(@,p?), (¢},a*,H*)} that evolves over time. This
memory maintains the states of all instances, where q’ is
the temporally smoothed query vector, p’ is the 3D reference
point, 0% is the terrain class label, a' represents the instance
activity score, and H’ records the historical observations. If a
candidate region cannot be matched to any existing instance
in the memory, it is marked as a new instance, a new query
pair Eye is initialized and registered into M,, and a new
label £V is assigned to ensure correct temporal association
in subsequent frames.

2) Spatio-temporal consistency matching: To align the
labels between the current and previous frames, the system
performs optimal matching between the active query set from
the previous frame A;_; C M;_1 and the candidate set C;
at each time step. We first predict the reference point of each
historical query in the current coordinate frame:

pi=Ti 1Py, )

where T;_1_,; is the rigid-body transformation matrix de-
rived from the vehicle odometry, extrinsic parameters, and
the elapsed time. The appearance—geometry similarity be-
tween a candidate region j and a historical query i is then
computed as:

=i ] =i __ 7|2
Sim(i, j) = a—d=L 9t +Bexp<—”pt Pi ) )
[ [[f]az | 20

where the first term is the cosine similarity of query features,
the second term measures the spatial proximity after motion
compensation, and «, 3 balance the semantic and geometric
terms. The optimal matching 7* is obtained by maximizing
the total similarity using the Hungarian algorithm:

T = argrggﬁ((lé Slm(z,j), (6)
(2%] ™

where II represents the set of all feasible matchings sat-
isfying the one-to-one constraint. A candidate inherits the
label of its matched query if its optimal matching similarity
exceeds a threshold 7; otherwise, it is treated as a new
instance with a newly assigned label:

: @ if Sim(i*, §) > T,
/- {gt 1 ( J) 7

otherwise.

new:s

After matching, the query state is updated using the latest
observation to absorb the effects of vehicle motion and
local perception noise. Let (q] ,pJ ) denote a successfully
matched query pair, the reference point is updated in a
residual form:

pi =D +7(p] —BY), @®)
where v € (0,1] controls the correction strength. The

query vector is updated using an exponential moving average
(EMA):

G =0-nd +nal . ©)
where 7 € (0, 1] is the EMA coefficient.
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For cross-class information management, the system main-
tains a prototype dictionary D; = {(m.,>.)}, where m,
and X, represent the mean feature and covariance of class
¢, respectively. When a query is associated with class c, the
prototype statistics are updated as:

m, < (1 _P)mC"‘Pqia

; ) 10
ZcF(1_p)zc+p(qi_m6)<ai_mC)T- 10

When the Mahalanobis distances d. between a candidate
region and all existing class prototypes exceed a threshold
0, a new class is created, and its entry is registered into both
D, and M, thus enabling online discovery and incremental
storage of previously unseen terrain types.

3) Incremental memory management: To ensure long-
term stability and storage efficiency during continuous op-
eration, each query maintains an activity score a, with an
initial value of 1. This value is updated as follows:

0 = Naj_y + (1= N1SimG, ) =], (D)

where A\ € [0,1] is the activity decay factor. If a query
remains unmatched for 7' consecutive frames and ai < €, it
is removed from the active set .A; but retained in the global
memory M,. If a candidate instance j cannot be matched to
any element in .4;, but there exists a class ¢ in the prototype
dictionary D, such that:

de(j) = \/(qf —m,)

we regard this candidate as belonging to a previously known
but currently inactive class c. Accordingly, we reinsert it into
the active set A; and reset its activity score to 1. This design
prevents inactive instances from interfering with matching
while preserving their semantic and historical features, thus
avoiding redundant label creation and preventing the loss of
rare terrain types.

Moreover, to mitigate semantic drift and catastrophic for-
getting, a historical buffer H; = {q’ | 7 <t} is maintained
for each query g'. On demand, the buffer can be aggregated
using a sliding average or attention-weighted fusion to obtain
a temporally stable representation:

T

olal —me) <6 (12)

» 1 ,

TEH?

(13)

This mechanism allows the system to leverage the appear-
ance and geometric priors stored in H; to recover from short-
term occlusion, partial missing observations, or illumination
changes, while providing stable features for incremental
updates of rare terrain samples.

With the integration of the above three components, terrain
instances form a persistent and incrementally extensible
query set that maintains consistent labeling of the same
terrain type over time and continuously absorbs new classes
with optimized representations, providing stable classifica-
tion support for the subsequent construction of the terrain
bumpiness cost map. The empirically selected hyperparam-
eters for this module are summarized in Table 1.

TABLE I: Parameter definitions and ranges.

Symbol Meaning Range
«@ Semantic weight 0.6 ~0.7
B8 Geometric weight 0.3~04
T Matching threshold 0.55 ~ 0.7
¥ Correction strength coefficient 0.3~0.5
n EMA update coefficient 0.05 ~ 0.2
p Prototype momentum coefficient 0.02 ~ 0.1
é Mahalanobis distance threshold 2.5~3.0
A Activity decay factor 0.85 ~ 0.95
T Continuity window size 5~ 10
€ Activeness threshold 0.1~0.2

D. Bumpiness cost mapping

Building upon Section III-A and Section III-C, we de-
sign a bumpiness cost mapping method that incrementally
establishes a statistical relationship between terrain class
labels and bumpiness costs, thereby constructing a real-time
traversability-aware bumpiness cost map around the robot.

We first utilize the LiDAR odometry from lio-sam [33] to
aggregate all local submaps into a global map and determine
the robot’s pose within the map. Based on the actual chassis
dimensions, we extract a local patch B; of approximately
2 x 2 m centered at the robot’s current position. Using the
method described in Section III-C, we obtain the semantic
label of each grid cell within the patch ¢;(u,v), leading to
the label distribution L; = {¢;(u,v) | (u,v) € B;}. We then
associate the bumpiness cost with the dominant terrain label
by selecting the most frequent class:

ly = arg max freq(l), (14)
where freq(l) denotes the occurrence frequency of label !
within the patch. The instantaneous bumpiness cost C; is
paired with the selected label to form an association tuple
U, = (ft,Ct). To accumulate the cost statistics over time,
we maintain a global set G; storing the label-cost mapping:

G =G 1UU;. (15)

For an existing label l;, its cost estimate is updated using
an exponential moving average:

Cylly) = (1= p) Cr—1(ls) + p Cr,

where C’t(it) is the cumulative estimate of the bumpiness
cost for label [t, and p is the momentum coefficient. If a
new semantic label [pey appears within the patch, a new
entry is created in G; and its corresponding C; is measured
in subsequent observations.

Through the above process, a progressively refined map-
ping is established between different terrain types and their
associated bumpiness costs. As more samples are observed,
the robot gradually improves its online prediction capability
for bumpiness cost in complex outdoor terrains, rather than
being limited to a fixed set of predefined semantic classes.

IV. EXPERIMENTS

In this section, we conduct extensive experiments to val-
idate the proposed framework and each of its components.

(16)
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Fig. 3. Qualitative results of the bumpiness cost learning framework. Different bumpiness costs are visualized using distinct
colors. Subfigures (a)-(e) present representative examples under varying semantic and geometric conditions.

All experiments are carried out on an EV-56 vibroseis truck,
as illustrated in Fig. 1. The platform is equipped with a
SENSING RGB camera, a Helios 32 LiDAR, an Xsens IMU,
and a GPS module. All models are trained on a server
with four NVIDIA L40 GPUs and deployed for real-time
operation on an industrial computer with an NVIDIA Jetson
AGX Orin 64GB module.

A. Collected Dataset

We conducted data collection using the EV-56 vibroseis
truck across multiple open-field sites in Xushui County,
Hebei Province, China. The vehicle was driven at a speed
of 25 km/h. RGB images were recorded by a SENSING
camera with a resolution of 1920x1080 pixels at 12 Hz,
while LiDAR point clouds were captured at 20 Hz, and
IMU/GNSS data were logged at 50 Hz. The resulting dataset
comprises 34 manually driven sequences. After discarding
invalid data, we obtained 58,779 image frames, 193,123
LiDAR scans, and 33 IMU/GNSS trajectories. The dataset
covers a wide variety of representative off-road terrains,
including dirt roads, grassland, puddles, and steep slopes,
as illustrated in Fig. 3.

B. Overall Effectiveness of the Bumpiness Cost Learning
Framework

In this section, the proposed framework is deployed on the
EV-56 vibroseis truck and validated through field tests across
multiple off-road environments. Representative visualization
results from the testing process are shown in Fig. 3.

As illustrated in the figure, the learned cost map effectively
distinguishes terrains with varying traversability and their
associated costs. In the countryside path scenario (Fig. 3.a),
grass-covered surfaces incur higher costs than flat dirt roads.
In the waterlogged road scenario with prominent semantic
features (Fig. 3.c), puddles are assigned higher costs than
the surrounding mud. In the mountainous road scenario
with dominant geometric features (Fig. 3.d), steep slopes
exhibit significantly higher costs than gentle dirt surfaces. In
contrast, in the gravel road scenario where neither semantic

nor geometric cues are salient (Fig. 3.e), sandy and dirt roads
still show clearly different bumpiness costs. These results
demonstrate that the proposed framework not only integrates
semantic and geometric terrain information but also, through
the IMU-based bumpiness quantification, effectively differ-
entiates terrain costs even in the absence of explicit semantic
or geometric distinctions.

In addition, Fig. 3.b shows that even within the same
mud road, the cost of the section adjacent to the puddle
on the left is higher than that of the central portion. This
further indicates that the proposed bumpiness cost learning
framework can finely discriminate cost variations within the
same terrain class, thereby avoiding estimation errors that
arise from naively assigning identical costs to all instances
of a given class.

C. Effectiveness of Segmentation and Spatio-Temporal Ag-
gregation

1) Qualitative Experiments: To assess the effectiveness
of the proposed spatio-temporal aggregation method for
terrain instances, we evaluated it on perception data collected
across different time steps. Representative terrain slices from
the test set are shown in Fig. 4. As illustrated, even for
terrain regions observed under entirely different viewpoints
and lighting conditions, our method consistently assigns
identical bumpiness costs. This demonstrates its robustness
in maintaining spatio-temporal alignment.

TABLE II: Ablation Study on Spatio-Temporal Aggregation
of Terrain Instances.

Method Acc (%) Ter (%) Ier (%)
w/0 SCM & w/o IMM 36.4 33.7 29.9
w/o SCM 52.5 29.3 18.2
w/o IMM 79.3 20.7 0.0
Ours 90.7 9.3 0.0

2) Quantitative Ablation: To evaluate the contribution of
different components to the performance of spatio-temporal
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Fig. 4. Qualitative results of spatio-temporal aggregation of
terrain instances. Legends in different colors correspond to
the same terrain regions with consistent bumpiness costs,
preserved across varying viewpoints, times, and illumination
conditions.

aggregation, we conducted ablation experiments. Using 500
randomly selected test samples, we measured classification
accuracy (Acc), tolerable error rate (Ter), and intolerable
error rate (Ier) as performance metrics. Here, Ter is defined
as the proportion of cases where identical terrain regions
are split into different classes. While such errors reduce
perception accuracy, they do not mislead the estimation of
bumpiness cost. In contrast, Ier is defined as the proportion of
cases where distinct terrain regions are erroneously merged
into the same class. This type of error directly causes
incorrect bumpiness cost estimation, thereby posing risks to
safe motion control.

The results of the ablation study are summarized in
Table II, where w/o SCM denotes replacing spatio-temporal
consistency matching with conventional feature clustering,
and w/o IMM indicates disabling incremental memory man-
agement. As shown in Table II, SCM effectively prevents
different terrains from being mistakenly merged into the
same category, thereby enabling accurate matching of related
terrains across time and space. IMM further enhances the dis-
criminability within the same terrain class by leveraging prior
information to provide feature recovery from memory. When
combined, the two modules yield a 54.3% improvement in
classification accuracy over the baseline approach.

Lidar Input
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Fig. 5. Detailed process of incremental updates for unknown
terrain. (a) Robot encounters a new terrain. (b) Establishes
new terrain category labels. (¢) Acquires new terrain bumpi-
ness costs. (d) Predicts remembered terrain bumpiness costs.
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3) Effectiveness of Incremental Updating: To further val-
idate the effectiveness of the proposed incremental updating
mechanism, we selected several timestamps from a represen-
tative sequence and illustrate the process of incrementally
learning bumpiness costs for previously unseen terrains, as
shown in Fig. 5. The mask colors in the Category map
represent terrain category labels. To highlight changes in the
central road prediction, we removed terrain category labels
and bump cost masks outside the road.

When the robot first encounters an unknown terrain (the
pothole region in Fig. 5.a), the lack of sufficient feature
samples results in this terrain being labeled as unknown, with
its bumpiness cost assigned as NaN; both are displayed as
gray regions in Fig. 5.a. As the robot moves forward and
establishes a new terrain class through feature queries, the
region is assigned a new semantic label (the red region in
Fig. 5.b). However, because the robot has not yet traversed
this terrain, its bumpiness cost remains NaN. Once the robot
enters the previously unseen terrain, the bumpiness cost
mapping module assigns an estimated cost to this class,
which is written into the corresponding entry (Fig. 5.c,
yellow region). Thereafter, when the robot encounters the
same terrain type again, the system can proactively predict
its bumpiness cost, thereby enabling incremental updates of
terrain-specific cost estimates.

V. CONCLUSIONS

This paper presents an online terrain bumpiness cost learn-
ing framework tailored for off-road vehicles. The framework
comprises four key components—ground bumpiness cost
computation, a lightweight multimodal terrain segmentation
model, an incremental instance-level updating method, and
a bumpiness cost mapping module—enabling off-road au-
tonomous vehicles to incrementally learn and predict the
bumpiness costs of surrounding terrains in real time. Ex-
tensive experiments conducted on a vibroseis truck validate
the framework’s effectiveness in predicting and incrementally
updating bumpiness costs for previously unseen terrains.

Nevertheless, the current design does not explicitly ac-
count for vehicle dynamics, such as velocity and suspension
performance. A promising direction for future research is to
incorporate vehicle dynamics into the framework to improve
adaptability across different vehicle platforms.
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