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Abstract. The rapid evolution of 3D scene understanding relies heav-
ily on high-resolution LiDAR, which generates massive data volumes
that impose significant bottlenecks on transmission and storage. While
Range Image Compression (RIC) provides a more structured and com-
putationally efficient alternative to conventional Point Cloud Compres-
sion (PCC), existing RIC frameworks frequently fail to achieve an op-
timal trade-off between coding efficiency and real-time performance. To
bridge this gap, we propose BitRIC, a novel learning-based framework
tailored for high-performance LiDAR range image compression. BitRIC
decomposes raw range images into hierarchical bitplanes and processes
them through a coarse-to-fine autoregressive entropy model. At its core, a
shared contextual backbone leverages cross-bitplane dependencies to in-
form two specialized pathways: a Probability Estimation Module (PEM)
that predicts probability maps for lossless entropy coding, and a One-
Step Refinement Module (ORM) that reconstructs residual details dur-
ing bitplane truncation for lossy compression. Extensive experiments on
the Waymo Open Dataset and SemanticKITTI demonstrate that BitRIC
achieves superior rate-distortion performance, yielding over 60% BD-BR
savings compared to standard image codecs, while offering higher down-
stream task accuracy. Furthermore, BitRIC supports real-time lossy and
near-real-time lossless processing, making it a highly practical candidate
for real-world applications.
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1 Introduction

LiDAR (Light Detection and Ranging) technology has emerged as a corner-
stone of 3D scene understanding, fueling the rapid evolution of autonomous
driving [20, 41], mobile robotics [9, 18, 38], and smart city infrastructure [26].
By providing precise spatial measurements, LiDAR enables robust perception
under diverse environmental and lighting conditions, performing a feat that is
often challenging for passive camera-based systems [15]. However, the industry’s
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Fig. 1: Point cloud vs. range image compression. (a) Point Cloud Compression (PCC)
requires 2D-to-3D transformation, resulting in sparse data that lacks topological con-
nectivity, which limits compression performance. (b) Range Image Compression (RIC)
leverages a regular, grid-like representation, making it easier to achieve superior coding
efficiency and lightweight deployment. Although RIC requires auxiliary metadata (e.g .,
LiDAR intrinsics and IMU data), its impact on the total data volume is marginal.

shift toward high-resolution configurations has triggered an unprecedented explo-
sion in data volume. For mission-critical applications like Vehicle-to-Everything
(V2X) communication [26], this “data deluge” creates a severe bottleneck in
transmission bandwidth and onboard storage capacity, desiring highly efficient
and real-time compression solutions [1].

Modern LiDAR sensors typically operate by emitting laser pulses across a
fixed number of vertical channels and horizontal angular positions, employing
either mechanical, hybrid solid state or all-solid-state scanning mechanisms [21].
This scanning geometry intrinsically structures the raw sensor data into a 2D
grid indexed by azimuth and elevation angles of laser scanners, a representation
commonly referred to as a range image [6, 14, 28]. In this format, each pixel
encodes the radial distance (range) from the sensor origin to the intercepted
surface, while auxiliary channels often incorporate features such as intensity [19].

Conventionally, these raw range measurements are projected into 3D Carte-
sian space to produce a point cloud (a.k.a., 2D-to-3D transformation [37]), which
is defined as an unordered set of 3D coordinates (x, y, z). As shown in Fig. 1(a),
the Point Cloud Compression (PCC) pipeline requires 2D-to-3D transformation
to produce 3D points [27], resulting in sparse data that lacks topological connec-
tivity and poses significant challenges for data compression. Current point cloud
compression methods often resort to multi-scale octrees or specialized sparse
tensor representations, which impose non-trivial computational overhead and
memory footprints. Paradoxically, a growing trend in high-performance com-
pression involves mapping these sparse 3D points back into spherical [22, 25] or
cylindrical [10] coordinates to regain structural regularity, mimicking the original
range image format. Such a redundant “range-to-point-to-range” cycle not only
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complicates the compression pipeline but also fails to fully exploit the native
structural regularity of the sensor’s original output.

Conversely, as depicted in Fig. 1(b), Range Image Compression (RIC) lever-
ages a compact representation with regular topology. Motivated by these ob-
servations, we argue that performing compression directly in the range image
domain offers a more streamlined and computationally efficient alternative to
conventional PCC.

Despite its potential, existing RIC frameworks still face several critical chal-
lenges. Traditional image codecs (e.g ., JPEG2000 [30]), while efficient for natu-
ral images, often struggle with the unique statistical properties of LiDAR data,
such as high-frequency depth discontinuities at object boundaries and the non-
uniform distribution of range values. Conversely, emerging learning-based RIC
methods [16,23,37,43] fail to strike an optimal balance between low latency and
high performance, often necessitating a trade-off where reconstruction accuracy
is sacrificed for real-time capability, or vice versa.

To bridge this gap, we propose BitRIC, a novel learning-based framework
specifically engineered for high-performance LiDAR range image compression.
BitRIC first decomposes the input range image into a sequence of bitplanes, and
then a coarse-to-fine autoregressive entropy model is introduced to effectively
exploit inter-plane redundancies. A shared contextual backbone extracts rich
spatial priors to drive two specialized pathways: (i) a Probability Estimation
Module (PEM) that predicts bit-wise distributions for lossless entropy coding,
and (ii) a One-Step Refinement Module (ORM) that reconstructs residual details
from truncated bitplanes to facilitate high-quality lossy compression. Extensive
evaluations on the Waymo Open Dataset [29] and SemanticKITTI [3] demon-
strate that BitRIC achieves superior rate-distortion performance, delivering over
60% BD-BR savings compared to traditional codecs while significantly enhanc-
ing downstream task accuracy. Notably, BitRIC supports real-time lossy and
near-real-time lossless processing, offering a versatile and practical solution for
real-world applications.

The main contributions of this paper are highlighted as follows:

– We propose BitRIC, a novel neural compression framework that leverages
bitplane-based representation for LiDAR range images, achieving superior
performance in both rate-distortion efficiency and downstream task accuracy.

– We design a unified dual-path architecture that seamlessly supports both
lossless and lossy compression regimes, providing a versatile solution for
diverse bandwidth and fidelity requirements within a single model.

– Extensive evaluations demonstrate that our method achieves real-time pro-
cessing for lossy compression and near-real-time performance for lossless sce-
narios, offering a compelling candidate for real-world applications.
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2 Related Work

Range Image Compression (RIC) generally falls into two paradigms: traditional
rule-based approaches and emerging neural compression models, both of which
are introduced below.

Rules-based Approaches. Early attempts primarily adapted general-purpose
image codecs (e.g ., JPEG, PNG) to compress range image data [11, 34, 35]. In
recent years, more representative methods tailored specifically for LiDAR charac-
teristics have emerged. For instance, Yu et al . [7] proposed a LiDAR compression
method leveraging iterative plane fitting and cross-frame plane reuse to achieve
real-time efficiency. This framework was further extended in RCPCC [6], where
a surface model is adopted to better capture the spatial structure of points in the
range image. R-PCC [36] employs RANSAC [8] to extract ground points from
the range image, followed by segmenting the remaining points into compact
sub-clusters to facilitate efficient compression. While Zhao et al . [42] leverage
learning-based semantic segmentation to establish a semantic prior representa-
tion comprising labels, predictions, and residuals, the core compression mecha-
nism remains anchored in the conventional FPZIP [17] algorithm. Despite their
efficiency, rules-based approaches often struggle to fully exploit complex data
redundancies, resulting in sub-optimal rate-distortion performance.

Neural Compression Models. Neural compression methods have gained promi-
nence by replacing traditional hand-crafted codecs with end-to-end trainable
networks. Several studies [23, 33] employ Variational Autoencoders (VAEs) to
compress range image data. Although these approaches achieve real-time effi-
ciency, the VAE architecture often struggles to reconstruct fine-grained geomet-
ric details accurately, even when incorporating binary masks to identify invalid
pixels. To enhance reconstruction fidelity, alternative methods [2,32] utilize Re-
current Neural Networks (RNNs) to progressively compress data via residual
prediction. Similarly, RIDDLE [43] introduces a deep delta encoding scheme
that predicts pixel values in raster-scan order, leveraging contextual information
from both spatial and temporal scans. While these autoregressive and recur-
rent schemes [2, 32, 43] demonstrate superior rate-distortion performance, their
sequential dependency inherently limits parallelization, resulting in high compu-
tational latency. Recently, Implicit Neural Representations (INR) [16, 37] have
emerged as a promising alternative. These methods represent each range image
by overfitting a compact neural network, whose parameters are subsequently
quantized and encoded into the bitstream. However, since the encoding phase
requires a dedicated optimization process for each frame, it remains computa-
tionally expensive.

In summary, existing RIC methods struggle to strike an optimal balance
between coding efficiency and computational throughput. This research gap mo-
tivates the need for a robust 2D compression framework capable of achieving
high-performance compression without compromising real-time efficiency.
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Fig. 2: BitRIC. Upper left: The input range image is initially decomposed into N
hierarchical bitplanes; Upper right: An autoregressive encoding scheme is employed,
where each bitplane is compressed by conditioning on the previously encoded bitplanes;
Bottom: The contextual backbone structure is shown, where the output feature F̃n−1

is either fed into the Probability Estimation Module (PEM) for lossless coding or the
One-Step Refinement Module (ORM) to predict the residual details.

3 Methodology

The framework of the proposed BitRIC is shown in Fig. 2. Initially, the input
range image is decomposed into N hierarchical bitplanes. We then develop a con-
volutional neural network to encode these bitplanes autoregressively, processing
from the Most Significant Bit (MSB) plane (coarse structure) to the Least Signif-
icant Bit (LSB) plane (high-frequency details). In lossless mode, all N bitplanes
are encoded via a Probability Estimation Module (PEM) and arithmetic coding
to ensure full reconstruction. In lossy mode, the encoding is truncated at a pre-
defined bitplane; a One-step Refinement Module (ORM) is then integrated into
the decoding stage to predict the remaining planes in a single inference pass.

3.1 Hierarchical Bitplane Decomposition

Given a range image IN ∈ RH×W , we assume each pixel IN (i, j) is expressed
as an N -bit non-negative integer4, such that IN (i, j) ∈ {0, 1, . . . , 2N − 1}. To
facilitate efficient compression, we decompose IN into an ordered sequence of
N binary bitplanes, denoted as X = {X1, . . . , XN}. Mathematically, the binary
state of a pixel at position (i, j) in the n-th bitplane is formulated as:

Xn(i, j) =

⌊
IN (i, j)

2N−n

⌋
mod 2, n ∈ {1, . . . , N}. (1)

4 In practice, range measurements from most commercial LiDAR sensors are natively
encoded as unsigned integers (e.g ., representing distance in millimeters) [5].
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In this formulation, X1 represents the Most Significant Bit (MSB) plane, captur-
ing the global geometric structure, while XN denotes the Least Significant Bit
(LSB) plane, which typically contains high-frequency details and sensor noise.
The original range image can be losslessly recovered through weighted recon-
struction, i.e., IN (i, j) =

∑N
n=1 Xn(i, j) · 2N−n. Note that invalid pixels (corre-

sponding to invalid returns from laser measurements) are coded as zeros.

3.2 Bitplane-based Entropy Model

Given the bitplane decomposition X , we propose a neural entropy model to ef-
ficiently compress these bitplanes. This section first introduces the lossless com-
pression framework, as its autoregressive structure serves as the underpinning of
our approach. We then extend this framework to a lossy mode.
Lossless Mode. To compress the bitplane sequence X , we construct a deep
parametric model to approximate the underlying probability distribution p(X ).
Theoretically, minimizing the compression bitrate R is equivalent to minimiz-
ing the cross-entropy between the estimated distribution p(X ) and the actual
distribution q(X ):

R = EX∼q(X )[− log2 p (X )]. (2)

To capture inter-plane redundancies, the joint probability p(X ) is factorized
into a coarse-to-fine autoregressive chain. This allows the model to progressively
predict the distribution of the current bitplane Xn conditioned on all previously
decoded bitplanes X<n:

p (X ) = p (X1, . . . , XN ) = p (X1)

N∏
n=2

p (Xn | X<n) = p (X1)

N∏
n=2

p (Xn | In−1) ,

(3)
where In−1 =

∑n−1
k=1 Xk · 2N−k denotes the partial reconstruction derived from

X<n. Since In−1 is a bijective representation of X<n, conditioning on In−1 is
mathematically equivalent to conditioning on the preceding bitplanes. As each
element takes binary values (i.e., Xn(i, j) ∈ {0, 1}), a neural network is em-
ployed to output a probability map Pn for the n-th bitplane. Each entry Pn(i, j)
represents the Bernoulli parameter πn,i,j = p(Xn(i, j) = 1 | In−1). Finally, the
estimated distribution is integrated into an arithmetic coder for entropy coding.
Lossy Mode. Building upon the lossless backbone, the lossy mode introduces a
bit-depth truncation mechanism. Instead of encoding all N bitplanes, we let the
encoder only transmit the first M planes (M < N), where M is a hyperparameter
controlling the trade-off between bitrate and reconstruction quality. The bits of
the remaining bitplanes are discarded to save bandwidth. To compensate for the
information loss, the truncated planes XM+1:N are jointly estimated in a single
inference pass, conditioned on the received coarse-scale context X1:M , thereby
enhancing reconstruction fidelity.
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3.3 Contextual Backbone

As illustrated in Fig. 2, the proposed neural network architecture centers on a
contextual backbone designed to extract prior knowledge from the partial recon-
struction In−1. This backbone serves as a shared feature extractor that informs
two specialized pathways: i) Probability Estimation Module (PEM) that predicts
the probability map Pn for the target bitplane Xn, enabling lossless entropy cod-
ing; ii) One-Step Refinement Module (ORM) that estimates the residual details
X̂res

n when subsequent bitplanes are truncated.
Range Embedding. As shown in Fig. 2, the contextual backbone first maps
In−1 into a latent feature space via an embedding layer:

F range
n−1 = Emb(In−1), (4)

where Emb(·) denotes a learnable lookup table that transforms integer range
values into continuous representations F range

n−1 ∈ RH×W×Crange

.
Positional Embedding. Considering that the LiDAR data distribution is cor-
related with scanning angles (e.g ., lower beams hitting the proximal ground),
we introduce learnable positional embeddings F az ∈ RH×1×Caz

and F el ∈
R1×W×Cel

. These parameters capture the sensor’s scanning priors within the
row and column indices. The final enhanced feature map Fn−1 is constructed by
concatenating the contextual features with the positional embeddings:

Fn−1 = F range
n−1 ⊕ Repeat(F az)⊕ Repeat(F el), (5)

where ⊕ denotes concatenation; Repeat(·) duplicates the positional embeddings
along the spatial axes to match the resolution of F range

n−1 . For notational sim-
plicity, we define the augmented feature as Fn−1 ∈ RH×W×C , where C =
Crange + Caz + Cel.
Horizontal Folding. Typically, LiDAR horizontal resolution significantly ex-
ceeds its vertical counterpart (e.g ., 2048 columns vs. 64 rows [29]). To reduce
computational complexity, we introduce a Horizontal Spatial-to-Channel Mod-
ule (HSCM) to downsample the horizontal axis. Specifically, the HSCM employs
a spatial-to-channel folding operation with a downsampling ratio r, reorganizing
1× r spatial neighborhoods into the channel dimension. Mathematically,

F fold
n−1 (i, j, k · C + c) = Fn−1(i, j · r + k, c), 0 ≤ c ≤ C − 1, 0 ≤ k ≤ r − 1, (6)

where i and j denote the vertical and downsampled horizontal coordinates, re-
spectively; c means the channel index; k indicates the horizontal offset. Finally,
a 1 × 1 convolution paired with a ReLU6 activation aggregates the remapped
feature F fold

n−1 ∈ RH×W
r ×rC to produce the refined output F̄n−1 ∈ RH×W

r ×C . We
empirically set r = 4 to strike a balance between computational efficiency and
the preservation of fine-grained horizontal structures.
U-Net-based Aggregation. To further extract spatial dependencies, a U-Net-
like encoder-decoder architecture is applied to the downsampled feature map
F̄n−1. This component facilitates the aggregation of global context while pre-
serving local geometric structures through skip connections. The final shared
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Fig. 3: Three-Stage Probability Estimation. The target bitplane Xn is partitioned into
sub-groups X

(1)
n , X(3)

n , and X
(2,4)
n , which are predicted in a cascaded manner.

prior feature F̃n−1 is constructed by concatenating the original downsampled
feature with the U-Net’s output, formulated as:

F̃n−1 = F̄n−1 ⊕UNet(F̄n−1), (7)

where F̃n−1 ∈ RH×W
r ×2C . This augmented feature serves as the common input

for the subsequent PEM and ORM to guide probability estimation and residual
refinement, respectively. Detailed specifications of the U-Net architecture are
provided in the supplementary material.

3.4 Dual-Path Prediction

Probability Estimation Module (PEM). To balance the compression ra-
tio and decoding efficiency, the PEM employs a three-stage scheme to predict
the probability map Pn of the target bitplane Xn. Specifically, we partition Xn

along the width dimension into three sub-groups: X
(1)
n , X

(3)
n , and X

(2,4)
n . As

shown in Fig. 3, the prediction proceeds in three cascaded stages: (i) The prob-
abilities for X

(1)
n are directly estimated from F̃n−1 via a lightweight prediction

head; (ii) The ground-truth symbols of X(1)
n are embedded, processed via convo-

lutions, and concatenated with F̃n−1 to predict the distribution of X(3)
n ; (iii) The

first two sub-groups are merged to form X
(1,3)
n (odd columns), which is further

embedded and fused with the base context F̃n−1 to estimate the probabilities
for the remaining odd columns X(2,4)

n . By dividing the target bitplane into inde-
pendent sets, the PEM effectively captures intra-plane spatial correlations while
maintaining high efficiency with only three sequential steps.
One-Step Refinement Module (ORM). To handle bit-depth truncation,
the ORM recovers the truncated bitplanes Xn:N within a single inference step.
We formulate the residual prediction as a continuous regression task, where the
discarded bitplanes are aggregated and normalized to generate a ground-truth
residual map Xres

n ∈ [0, 1]H×W . Specifically, a sequence of convolutional layers
processes the shared prior feature F̃n−1 to estimate the continuous residual map
X̂res

n . During decoding, the final reconstructed representation ÎN is obtained by
denormalizing the predicted residual back to its original integer scale. Please
refer to the supplementary material for further details regarding this process
and the network architecture.
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3.5 Loss Function

BitRIC is optimized end-to-end by jointly minimizing bitrate R and distor-
tion D. The bitrate R is defined as the cross-entropy across N bitplanes, i.e.,
R =

∑N
n=1 EXn∼q(Xn)[− log2 p(Xn)]. The distortion is measured by the Mean

Squared Error (MSE) between the ground-truth residual and its prediction, i.e.,
D =

∑N
n=1 MSE(Xres

n , X̂res
n ). The total loss is formulated as L = R+D. In par-

ticular, the conventional rate-distortion weighting parameter (e.g ., λ) is omitted,
as the bitrate-quality trade-off is explicitly governed by the bit-depth truncation
hyperparameter M rather than continuous loss scaling.

4 Experiment

4.1 Experimental Setting

Datasets. We evaluate the performance of BitRIC on two widely-used datasets:
the Waymo Open Dataset (WOD) [29] and SemanticKITTI [3].

– WOD serves as our primary dataset as it is one of the few large-scale, widely
recognized benchmarks that provides raw range data alongside downstream
task labels. The dataset comprises 1,150 sequences, of which 798 are used for
training and 202 for validation. Each 20-second sequence is captured at 10Hz
using a 64-beam LiDAR, yielding range images with a resolution of 64×2,650.
By leveraging the provided calibration metadata and ego-motion data, these
range images are projected into accurate point clouds. In our experiments,
we utilize only the first-return range images, cropped at a maximum range
of 75m and quantized to 1mm precision.

– SemanticKITTI is employed for further evaluation, which is captured us-
ing a Velodyne HDL64E LiDAR and comprises 22 sequences totaling 43,504
frames. Following standard protocols, sequences 00∼10 are used for training,
with sequence 08 being reserved for validation. Since SemanticKITTI pro-
vides point clouds rather than raw range images, we project the point clouds
into spherical coordinates to generate pseudo range images with a resolution
of 64×2,048. These pseudo-range images are cropped at a maximum range
of 70m and quantized to 1mm precision.

Baselines. We assess BitRIC by comparing it with diverse baselines across
two categories: (i) PCC methods, including rule-based (MPEG G-PCC [12])
and learning-based (RENO [40]) models; and (ii) RIC codecs, spanning tra-
ditional (JPEG2000 [30]) and specialized (RPCC [36], RCPCC [6]) approaches.
G-PCC is implemented via the TMC13v23 reference software (octree mode). For
JPEG2000, we modulate the bit-depth of the quantized range values to obtain
multiple compression rates.
Evaluation Metrics. Since the primary utility of range images lies in their con-
version to point clouds for downstream processing, the distortion is evaluated in
3D space, using three geometric metrics: point-to-point (D1) PSNR, point-to-
plane (D2) PSNR, and Chamfer Distance (CD). The PSNR peak value is fixed
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Fig. 4: Rate-distortion performance comparison on WOD (first row) and Se-
manticKITTI (second row) dataset.

at 59.70. The Bjøntegaard Delta Bitrate (BD-BR) [4] is used to assess rate-
distortion performance, where the bitrate is measured in bits per point (Bpp).
Furthermore, we evaluate downstream task performance (e.g ., 3D object detec-
tion) to investigate the impact of compression artifacts on practical applications.
Implementation Details. BitRIC is implemented using Python 3.10 and Py-
Torch 2.1. It is trained for 70,000 steps using the Adam optimizer [13] with
an initial learning rate of 5×10-4 and a batch size of 1. For the rate-distortion
evaluation, BitRIC employs spatial downsampling (e.g ., by a factor of 2 or 4 in
the horizontal axis) on the input range images at low bit rates (i.e., <1 Bpp)
to achieve enhanced trade-offs. For downstream task evaluation, we employ the
CenterPoint [39] model within the OpenPCDet [31] framework. All experiments
are executed on a workstation equipped with an Intel Xeon Platinum 8352V
CPU and one NVIDIA GeForce RTX 4090 GPU.

4.2 Quantitative Comparison

Rate-Distortion Performance. Figure 4 and Tab. 1 illustrate the compres-
sion efficiency of the evaluated methods. Under both lossy and lossless config-
urations, BitRIC consistently achieves superior performance across all metrics.
While PCC methods such as G-PCC and RENO show competitive results at
low bitrates (e.g ., D1 PSNR < 65 dB), this operating regime is often insufficient
for high-fidelity downstream applications [40], rendering such low-bitrate gains
less practical. Furthermore, the inherent sparsity of point cloud representations
restricts these methods from scaling effectively to higher bitrates. In contrast, Bi-
tRIC maintains its advantage across the broader bitrate spectrum. Driven by an
efficient bitplane-based autoregressive entropy model, our approach significantly
outperforms existing RIC techniques. Specifically, BitRIC achieves substantial
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Table 1: Compression performance comparison on WOD and SemanticKITTI
datasets. For lossy compression, BD-BR (%) is reported for D1 and D2 metrics relative
to the JPEG2000 anchor. For lossless compression, Bpp denotes bits per point, and
Gain (%) represents the bitrate saving (or increase) relative to JPEG2000.

WOD SemanticKITTI

Method Input Type Lossy Lossless Lossy Lossless
D1 ↓ D2 ↓ Bpp ↓ Gain ↓ D1 ↓ D2 ↓ Bpp ↓ Gain ↓

G-PCC [12] Point Cloud -44.90% -44.74% 21.48 +59.82% -59.32% -58.79% 20.84 +28.96%
RENO [40] Point Cloud -47.30% -47.14% 19.42 +44.49% -61.12% -60.61% 18.73 +15.90%
JPEG2000 [30] Range Image -00.00% -00.00% 13.44 -00.00% -00.00% -00.00% 16.16 -00.00%
RCPCC [6] Range Image -3.35% -5.16% N/A N/A -14.21% -16.10% N/A N/A
RPCC [36] Range Image -39.79% -39.78% N/A N/A -47.65% -47.75% N/A N/A
BitRIC Range Image -61.73% -61.52% 6.05 -54.99% -69.92% -70.82% 8.43 -47.83%

Table 2: Computational complexity comparison. We report the average encoding
(Enc.) and decoding (Dec.) time per frame in seconds. For lossy compression, the
reported values are averaged across all tested rate-distortion (RD) points.

G-PCC RENO JPEG2000 RCPCC RPCC BitRIC

Lossy Enc. 0.749s 0.064s 0.046s 0.245s 0.201s 0.071s
Dec. 0.405s 0.066s 0.041s 0.171s 0.049s 0.087s

Lossless Enc. 0.869s 0.242s 0.132s N/A N/A 0.144s
Dec. 0.422s 0.288s 0.084s N/A N/A 0.175s

BD-rate reductions compared to the JPEG2000 baseline, yielding improvements
of over 60% and 50% in lossy and lossless scenarios on the WOD dataset, re-
spectively (see Tab. 1), further underscoring its robust coding efficiency.
Computational Complexity. Table 2 reports the average per-frame encoding
and decoding times. Note that runtime comparisons should be interpreted as
indicative of computational complexity, given implementation variations across
hardware (e.g ., CPU vs. GPU). Results show that BitRIC achieves real-time pro-
cessing (>10 fps) for lossy compression, outperforming other range-image-based
methods such as RCPCC and RPCC, which cannot maintain real-time efficiency.
BitRIC also significantly outperforms JPEG2000 in compression performance.
In the lossless setting, only JPEG2000 maintains real-time decoding. Exploring
acceleration via model quantization [24] for real-time lossless compression is left
for future work.

4.3 Qualitative Analysis

Figure 5 illustrates the reconstructed samples of various RIC methods under
both low-bitrate and high-precision scenarios, utilizing two representative Li-
DAR scans from the WOD dataset. As demonstrated, our proposed BitRIC
achieves significantly higher reconstruction fidelity compared to existing bench-
marks. For instance, as shown in the first row, BitRIC effectively preserves the
structural contours of the vehicle and pedestrian. In contrast, RPCC exhibits no-
ticeable blurring around pedestrian geometries, while the reconstruction quality
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Bpp / D1 PSNR / CD 4.952 / 87.51dB / 0.007m 4.959 / 79.97dB / 0.018m 5.194 / 66.95dB / 0.069m 4.967 / 62.90dB / 0.115m

Ground Truth BitRIC RPCC RCPCC JPEG2000

Bpp / D1 PSNR / CD 2.700 / 72.70dB / 0.036m 2.710 / 64.79dB / 0.094m 3.563 / 55.46dB / 0.172m 3.568 / 53.36dB / 0.310m

Bpp / D1 PSNR / CD 4.809 / 87.47dB / 0.007m 4.809 / 78.60dB / 0.021m 5.011 / 65.15dB / 0.085m 4.809 / 67.22dB / 0.076m

Bpp / D1 PSNR / CD 2.528 / 71.56dB / 0.042m 2.538 / 62.35dB / 0.130m 3.436 / 54.55dB / 0.219m 3.457 / 56.95dB / 0.231m

Fig. 5: Qualitative visualization. Range images are converted into point clouds to
facilitate a more intuitive assessment. Rows 1 and 3 display compression results at
lower bitrates, while rows 2 and 4 show results at higher bitrates. Point color denotes
elevation relative to the ground, transitioning from blue (low) to red (high).

of RCPCC and JPEG2000 is severely degraded by compression artifacts. Un-
der high-bitrate conditions, although BitRIC and RPCC appear qualitatively
similar to the naked eye, quantitative analysis reveals a substantial performance
gap. Specifically, BitRIC achieves a Chamfer Distance of only 7 mm, which is
less than half that of RPCC, further validating its superior efficiency.

4.4 Downstream Task Evaluation

To investigate the practical implications of compression artifacts on autonomous
driving applications, we evaluate 3D object detection performance using the Cen-
terPoint [39] detector, which is pre-trained on uncompressed WOD range images.
As illustrated in Fig. 6, BitRIC demonstrates exceptional robustness to compres-
sion noise. While traditional and specialized codecs (e.g., JPEG2000, RPCC,
RCPCC) experience a precipitous drop in mean Average Precision (mAP) at
lower bitrates, BitRIC maintains a performance highly comparable to the un-
compressed raw baseline. For example, at ∼2 Bpp, BitRIC maintains a pedes-
trian (Level 1) detection mAP of 65.67 (vs. 67.77 for raw data), significantly
exceeding RPCC (58.95), while RCPCC and JPEG2000 fail to yield meaning-
ful detection results. The superior downstream performance of BitRIC can be
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Fig. 6: Quantitative results of 3D object detection on the Waymo Open Dataset. The
CenterPoint [39] detector is trained on raw range images and tested on compressed
range images. Average Precision (AP) is reported for both “LEVEL 1” and “LEVEL 2”
difficulties on the validation set.

Table 3: Contribution of each component in the contextual backbone. BD-BR (D1/D2)
is measured relative to the JPEG2000 anchor. Complexity metrics (Params and
FLOPs) are evaluated per bitplane.

Range
Embedding

Positional
Embedding

Horizontal
Folding

U-Net-based
Aggregation

BD-BR Params. ↓ FLOPs ↓
D1 ↓ D2 ↓

✗ ✓ ✓ ✓ -16.26% -21.03% 1.76M 27.78G
✓ ✗ ✓ ✓ -60.37% -60.21% 4.42M 27.78G
✓ ✓ ✗ ✓ -61.43% -61.33% 5.93M 144.55G
✓ ✓ ✓ ✗ -45.06% -46.39% 2.92M 9.90G
✓ ✓ ✓ ✓ -61.73% -61.52% 4.42M 27.78G

attributed to two key advantages: (i) the hierarchical bitplane decomposition
preserves global geometric integrity across bit-depths, and (ii) the ORM effec-
tively mitigates truncation-induced information loss and compensates for the
loss of high-frequency spatial details essential for detection.

4.5 Ablation Study

We conduct ablation studies to evaluate the contribution of each key module.
All evaluations in this section are performed on the Waymo Open Dataset.
Contextual Backbone Components. To evaluate the effectiveness of the pro-
posed contextual backbone, we conduct a systematic ablation study of its key
components, as reported in Tab. 3. The Range Embedding proves most criti-
cal; its removal causes a severe performance drop because the model must then
rely on positional cues alone to estimate bitplane distributions. The inclusion
of Positional Embedding provides consistent performance gains with negligible
computational overhead. Disabling Horizontal Folding increases FLOPs by over
5× (27.78G vs. 144.55G), confirming its essential role in maintaining efficiency
without sacrificing reconstruction quality.
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Table 4: Impact of the folding ratio r.

Ratio BD-BR Params. ↓ FLOPs ↓
D1 ↓ D2 ↓

1 -61.43% -61.33% 5.93M 144.55G
2 -61.70% -61.55% 4.71M 58.83G
4 -61.73% -61.52% 4.42M 27.78G
8 -54.83% -54.29% 4.38M 15.21G

Table 5: Ablation of estimation stages.

Stage BD-BR Params. ↓ FLOPs ↓
D1 ↓ D2 ↓

1 -24.27% -25.12% 4.26M 21.55G
2 -50.25% -50.33% 4.34M 24.66G
3 -61.73% -61.52% 4.42M 27.78G
4 -61.90% -61.68% 4.52M 31.64G

Ground Truth
Bpp / D1 PSNR / CD

w/ ORM
2.528 / 71.58dB / 0.042m

w/o ORM
2.528 / 68.96dB / 0.062m

w/ ORM
0.916 / 57.52dB / 0.145m

w/o ORM
0.916 / 55.19dB / 0.249m

Fig. 7: Impact of the introduced one-step refinement. Visual comparisons are presented
at two representative bitrate points. Please zoom in for a better view.

Folding Axis. Range images exhibit a significantly higher horizontal resolution
than vertical resolution (e.g., 64 × 2650), which implies stronger spatial corre-
lations along the horizontal axis. To investigate this, we conduct an experiment
applying the folding mechanism along the vertical axis. The results show that
the BD-BR savings degrade from -61.73% to -50.28% for the D1 metric, and
from -61.52% to -50.56% for the D2 metric, thereby confirming the superiority
of the horizontal folding mechanism.
Horizontal Folding Ratio. We further investigate the impact of the spatial-
to-channel downsampling ratio r in the HSCM. As shown in Tab. 4, setting
r = 1 (i.e., no folding) incurs a prohibitive computational burden. Increasing r
from 1 to 4 results in no significant performance degradation (marginal changes
are likely due to training randomness), while yielding a substantial reduction
in complexity. However, further increasing r to 8 leads to a marked decline
in compression performance. We believe that excessive spatial folding destroys
fine-grained local structures essential for the prediction of subsequent bitplanes.
Consequently, r = 4 is adopted as the default configuration.
Probability Estimation Stages. Table 5 details the ablation study on the
cascaded estimation stages within the PEM. A 1-stage approach, which assumes
spatial independence within the bitplane, yields a heavily suboptimal BD-BR D1
of -24.27%. Progressively conditioning predictions on previously decoded neigh-
bors via 2- and 3-stage partitions substantially improves the compression gain to
-50.25% and -61.73%, respectively. Since a 4-stage partition offers only marginal
improvements at a higher computational cost, the 3-stage design is selected to
strike an optimal balance between compression ratio and model complexity.
One-Step Refinement. Integrating the ORM consistently enhances recon-
struction performance. Qualitative results in Fig. 7 demonstrate that the ORM
recovers more precise vehicle contours and roadblock details than the baseline
at the same bitrates. Furthermore, it introduces negligible decoding overhead
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(2ms on average) because it is invoked only once at the final scale, providing a
cost-effective solution for recovering fine-grained geometric details.
Zero-Shot Validation. To further validate the generalization capability of Bi-
tRIC, we evaluated the model trained on WOD directly on the SemanticKITTI
dataset. Experimental results show that the WOD-trained model achieves a -
56.93% BD-BR (D1) relative to the JPEG2000 anchor on SemanticKITTI (com-
pared to 69.92% in-domain), thereby demonstrating the robust generalizability
of the model.

Please refer to our supplementary material for more details and discussion.

5 Limitation

Despite the promising performance of BitRIC, several limitations remain. First,
BitRIC is currently less competitive than voxel-based approaches (e.g ., G-PCC [12]
and RENO [40]) at extremely low bitrates (e.g ., <1 Bpp). This performance gap
stems from structural differences, where voxel-based octrees efficiently downsam-
ple point clouds through spatial partitioning. Second, the latency in the lossless
mode poses a bottleneck for real-time deployment, requiring further optimiza-
tions such as model quantization, which we defer to future research.

6 Conclusion

This paper introduces BitRIC, a neural framework for LiDAR range image com-
pression based on hierarchical bitplane decomposition. The dual-path architec-
ture, incorporating the Probability Estimation Module (PEM) and the One-Step
Refinement Module (ORM), enables high-performance lossless and lossy coding
within a single model. Experimental results demonstrate that BitRIC signifi-
cantly outperforms previous methods, achieving significant BD-BR savings and
maintaining high fidelity for downstream tasks (e.g ., 3D object detection). Cou-
pled with its real-time processing capability, BitRIC offers a compelling solution
for efficient LiDAR data compression in practical applications. Future work will
focus on exploiting temporal redundancies and model quantization to further
optimize streaming performance.
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