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ABSTRACT: Three-dimensional (3D) semantic segmentation plays a vital role in modern applications such as
autonomous driving, robotics, intelligent surveillance, and LiDAR-based scene understanding. However, the
computational complexity and high energy consumption of 3D convolution operations present significant challenges
for real-time deployment in resource-constrained systems. This work presents an enhanced energy-efficient 3D
semantic segmentation processor based on offset-wise weight quantization, integrated with a Radix-8 Modified Booth
Encoding multiplier to improve arithmetic performance and hardware efficiency. The architecture employs a
neighbourhood generator and comparator array to efficiently process sparse voxel data while reducing unnecessary
computations. The proposed Radix-8 Booth multiplier decreases the number of partial products during multiplication,
resulting in lower power consumption, reduced hardware area, and improved processing speed. The combined
optimization of quantized weights and efficient multiplication significantly enhances the overall performance of the
segmentation processor. The design is implemented and evaluated using HDL-based simulation, and the results
demonstrate improvements in computational efficiency, energy consumption, and throughput compared to
conventional multiplier-based architectures. The proposed processor is well suited for real-time edge Al applications
requiring fast and energy-efficient 3D scene understanding.
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INTRODUCTION: 3D semantic segmentation enables autonomous vehicles to understand and track the
surroundings. The two primary sources of data for such tasks are the 2D images taken by cameras facing different
directions away from the selfdriving vehicle and 3D point clouds collected by LiDAR sensors installed at the top of
the vehicle. Different from ordered pixels as in image data, point clouds are sparse and unstructured. Since images
are often collected alongside LiDAR data, how to leverage multiple modalities to further improve the 3D
segmentation performance is an active area of research. While some 2D-3D fusion methods have been developed,
the recent state-of-the-art methods for 3D segmentation are predominantly focused on 3D data. Inspired by the recent
development in point cloud transformer models and vision foundation models, this project will be exploring the

extraction of 3D point cloud features and 2D camera image features followed by effectively integrating 2D-3D
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features for outdoor scene 3D semantic segmentation. The fusion method developed to integrate the 2D and 3D
features ultimately achieved an improvement on the primary mloU metrics and convergence speed. In computer
vision and graphics, segmenting 3D scenes is a dangerous and bleak issue. The purpose of 3D segmentation is to
create computational algorithms that predict the fine-grained labels of objects in a 3D environment for a range of
applications, such as medical image analysis, autonomous driving, industrial control, mobile, augmented and virtual
reality and robotics [1,2]. The 3D segmentation can be divided into multi-sorts, instance and semantic segmentation.
The goal of instance segmentation distinguishes between various instances of the same class labels in addition,
semantic segmentation is to anticipate object class labels like table and chair e.g., when segmentation is able to
discriminate between all individual objects, and this is referred to as instance segmentation. In contrast, semantic
segmentation is used when segmentation can only discriminate between classes of objects. Fig. 1 is the explanation
of the two segmentation techniques. Deep learning approaches have recently overtaken numerous study domains,
due to their effectiveness in learning powerful features. Deep learning for 3D segmentation has also piqued the
interest of the academic community throughout the last decade. However, many problems remain unresolved in 3D
deep learning systems e.g., features from the RGB and depth channels are difficult to combine. The irregularity of
point clouds makes exploiting local characteristics challenging, and transforming them to high-resolution voxels
imposes a significant computing load [3,4]. This research provides a comprehensive summary of recent
improvements in 3D segmentation using deep learning methods. It examines frequently used architectures, building
components, convolution kernels and advantages and disadvantages in each scenario. Despite the fact that notable
3D segmentation surveys such as RGB-D semantic segmentation [5] and point clouds segmentation [6] have been
published, these surveys do not cover all 3D data types and common application domains [2,3,5,6]. Furthermore,
these surveys are mostly concerned with describing a broad review of deep learning using point clouds, rather than
only 3D instance and semantic segmentation. Because of the significance of the two segmentation tasks, this research
focuses solely on deep learning approaches, specifically for 3D instance and semantic segmentation. 3D SEMANTIC
segmentation using point clouds is essential for perceiving the surrounding environment in a wide range of
applications such as augmented reality and autonomous driving. Fig. 1(a) shows the voxel-based point cloud neural
network (PNNs) [1], which is the most established approach for 3D semantic segmentation. This model first voxelizes
irregular point clouds into a regular 3D grid and then applies sparse 3D convolutions to extract voxelwise features.
Subsequently, these features are mapped back to the original points via devoxelization to produce per-point semantic
labels. Due to their great capability of capturing geometric information, voxel-based PNNs are also adopted as 3D
backbones in recent hybrid models [2], [3], [4]. However, conventional processors optimized for 2D convolution are
not suitable for those voxel-based PNNs, highlighting the need for dedicated hardware for them. However,
accelerating voxel-based PNNs faces three key challenges, as illustrated in Fig. 1(b). First, large-scale 3D point
clouds demand enormous multiply-accumulate (MAC) operations. Existing PNN processors employ various design
techniques such as dilated graph convolution [5] and max pooling prediction [6] to reduce computation, but these
approaches are only applicable to point-based PNNs. Second, 3D layers in voxel-based PNNs rely on various types

of operations beyond convolution. Submanifold sparse convolution (SBCONV) performs active voxel search (AVS)
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to identify the active voxels within the receptive field prior to convolution. Furthermore, downsampling (DNSAMP)
and upsampling (UPSAMP) require output coordinate generation in addition to AVS. Thus, it is critical to accelerate
both AVS and output coordinate generation while keeping hardware overhead minimal. However, prior designs either

fail to support output coordinate generation or rely on AVS schemes that are
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Fig. 1. (a) Overview of 3D semantic segmentation employing voxel-based PNNs and (b) challenges in processing
voxel-based PNNs.

suboptimal in terms of latency and hardware overhead [7], [8], [9], [10]. Lastly, irregular voxel distributions cause
unbalanced workloads across parallel computing resources, undermining hardware utilization. The hybrid scheduler
in [8] could enable parallel processing of multiple blocks for layers with fewer channels, but the system performance
is still limited by external memory I/O or the AVS module as they can process only one block at a time. In this work,
we present a 3D semantic segmentation processor that achieves high energy efficiency by mitigating the design
challenges above.

LITERATURE SURVEY: Feature representations of point clouds is key to model learning and can be grouped into
three categories. Projection-based methods project 3D points to a 2D plane and perform 2D CNN, which is runtime

efficient but results in 3D information loss. Voxel-based methods transform point clouds into voxel grids and apply
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3D convolution or sparse convolutions, but face scalability issues as they are constrained by kernel size but need to
achieve large receptive fields. Point-based methods operate directly on the points, such as PointNet [8], but the
unstructured nature of point clouds impact their computational efficiency. Sparse Point-Voxel Convolution (SPVC)
[10] uses both point-based and voxel-based methods but on two different streams of operations to, respectively,
preserve geometrical information and enable large receptive fields, followed by fusing the information of both
streams. Applying self-attention networks to 3D point cloud processing is natural as self-attention is invariant to
permutation and input cardinality, while 3D point clouds are essentially sets of sparse unordered points in 3D space.
Point Transformer (PT) [14] is composed of 3 types of blocks: Point Transformer Block that performs self-attention
among points, Transition Down Block as an encoder, and Transition Up Block as a decoder, symmetric to the
Transition Down Block as in a U-net structure. The PT decoder in the final layer produces a feature vector for each
point and an MLP follows to map it to the final logits. Superpoint Transformer [9] partitions point clouds into a
hierarchical superpoint structure and applies the self-attention mechanism to capture relationships among
superpoints, achieving a model with comparatively fewer parameters but similar performance with other larger
models. Both transformer approaches aim to partition and structure the unordered point clouds in ways to be better
understood by the encoderdecoder style architecture. Along with the use of Transformer for point cloud segmentation,
Vision foundation models use VisionTransformer (ViT) [4] to train on large-scale image datasets and produce high-
quality visual features. One foundation model is Distillation with No Labels (DINO) [3], composed of self-supervised
Vision Transformers with knowledge distillation, trained on ImageNet without labels. Given an image, DINO creates
global and local views via data augmentation to encourage the model to recognize the same content across different
contexts and scales. The student-teacher framework is core to DINO, where the student network processes multiple
augmented views of an image and the teacher processes global views only. While both networks have the same
structure, student parameters are updated by backpropagation, whereas teacher parameters are updated with an
exponential moving average of student parameters. The teacher is observed to have better performance than the
student throughout training, acting as a guidance to the student by providing higher quality target features for the
student. Both networks produce probability distributions over the dimension of “prototype scores” and cross-entropy
loss is computed to measure difference in output distributions. The combination of 3D point cloud and 2D images
features to achieve 3D semantic segmentation are being explored more recently compared to single-modal data based
segmentation. MSeg3D [5], which implements geometrybased and semantic-based fusion techniques, is one of the
early models using both LiDAR and camera data to achieve comparable results with the state-of-the-art LiDAR only
methods. BEVFusion [6] transforms camera and LiDAR features to the shared bird’s-eye view (BEV) representation
space and fuses the concatenated BEV features with fullyconvolutional BEV encoder. DINO in the room (DITR)
[13], an approach presented in a very recent paper with code not yet published, takes advantage of 2D foundation
model to extract image features, projects them to 3D, and finally injects them into a 3D point cloud segmentation
model. DITR has two variants: an injection approach that uses 2D features from DINOv2 and a distillation approach
that aligns 3D features with DINOv2 features during a pretraining phase, which can be used for cases when images

are unavailable during inference. The 2D image features extracted by DINOvV2 are reverse projected to 3D point
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cloud and then max-pooled to different scales, such that they can be added to the skip connection between the pair of
encoder-decoder blocks in a U-net style 3D point backbone. Point Transformer V3 (PTv3) [12] and DINOv2 [7] are
the two backbone models used in this project. PTv3, different from its previous versions, utilizes serializations to
structure points into formats that enable the attention mechanisms to better capture spatial and contextual information.
Scalability and efficiency improvement is core to PTv3. To more efficiently define the spatial proximity of points,

space-filling curves are used to serialize point clouds.

EXISTING METHOD:

3D semantic segmentation accelerator with an offset-wise weight quantization
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Fig. 2. Overall architecture of the proposed processor.

Overall Architecture Fig. 2 shows the overall architecture of the proposed processor for 3D semantic segmentation.
It consists of a top controller, an octree management unit (OMU), DMCE, UVSU, memory banks, and a coordinate
buffer. For a balanced blockwise processing, we adopt an octree structure [ 11] during off-chip preprocessing to group
input voxels into blocks, instead of the fixed-size block-based grouping [8]. OMU manages block-level metadata,
such as voxel counts and addresses. Based on this information, input feature maps (IFMAPs) and coordinates of the
voxels belonging to each block (local voxels) are loaded from external memory. For SBCONYV layers, the processor
also loads the data of the voxels at the boundary of the neighboring blocks (foreign voxels) that may fall within a
3x3x3 kernel window centered on a local voxel, following [8]. DMCE comprises four computing cores and RRU.

Each core supports bit-slice operations for mixed-precision weights exploiting 2b-8b multipliers.
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Fig. 3. Characteristics of SBCONYV and the proposed offset-wise weight quantization scheme that leverages

the weight distribution of each offset.

B. Offset-Wise Weight Quantization Fig. 3 illustrates the proposed offset-wise weight quantization scheme
leveraging the unique characteristics of SBCONV. In SBCONYV, convolution is performed only when a voxel exists
at the center of the receptive field. Therefore, each offset of the cubic kernel is connected to a different number of
input voxels, thus participating in computation with a varying number of output voxels. More specifically, the weights
at the center of the kernel are connected to all voxels, whereas the number of voxels connected to weights at the other
offsets depends on the spatial distribution of the voxels. When an offset is associated with a larger number of voxels,
its weights are updated with more diverse gradients during training, which leads to a higher variance in the
distribution of those weights. Therefore, the weights at the center exhibit the highest variance. To exploit this property,
our offset-wise weight quantization scheme assigns different bit precisions (2/4/6/8-bit) to each offset based on the
distribution of its weights, while sharing a scale factor across all offsets. The proposed scheme continues to reduce
the precision in 2-bit steps until the proportion of non-overflowing weights drops below a predefined threshold. C.
Unified Voxel Search Unit AVS can be viewed as a nested loop structure: (1) iterate over all local voxels (as output
voxels), (2) iterate over 27 spatial offsets, and (3) iterate over all stored coordinates to determine if they are neighbors
of the current output voxel. Fig. 4 displays UVSU, which parallelizes the inner two loops to search all neighbors of
the current output voxel in a single cycle. To enable this, the neighborhood generators first produce a set of
neighborhood coordinates using the base coordinate. Each comparator array determines whether each coordinate
stored in the buffer is involved in the current convolution and, if so, identifies the corresponding offset. The
comparison results are represented as a 27-bit bitmap. The bitmaps are fed into 27 encoders to extract the indices of
all active voxels in parallel, and those indices are then stored in the mapping table. This approach reduces overall
computation latency by 80.1% compared to the sequential search that should iterate over 27 offsets, with a 14.1%
area overhead in UVSU due to the additional comparators, AND gates, and 128-to-7 encoders. While this approach
still iterates over output coordinates, the latency of AVS is hidden by overlapping it with computation. Furthermore,
UVSU supports efficient output coordinate generation for DNSAMP and UPSAMP layers. In conventional GPU
implementations, output coordinate generation involves three sequential steps: round-down-to-nearest-even, sorting,
Copyright @ 2026 IJEARST. All rights reserved.
INTERNATIONAL JOURNAL OF ENGINEERING IN ADVANCED RESEARCH

SCIENCE AND TECHNOLOGY
Volume.02, IssueNo.02, August-2026, Pages: 1164-1180



DOI: 30.0485/1jearst.10.01.3500 https://jjearst.co.n/

Base Coo.| . 1 Next
| X ¥, g
ldxe=1 i BIBH Jelxg .
Coo. NBG| |NBG| |NBG| X128 Neighbor ldx
Buffer | | | - i i@ 27 offsets

XYZn P+ Comparator Array —_]
XYZ; [t Comparator Array  ——is

| w2 |

~+ Comparator Array —f—E

| XYZ 177

Xg

EN=1 for

DNUPSAMP
W12z
1 1
@f-tvf,-‘u? @r-f.-f, a7 aee 3w 2T ee @ftfrf,l?

(b) (c)

Fig. 4. Architecture of (a) unified voxel search unit, (b) neighborhood generator, and (c) comparator array.

(Components highlighted in red are only enabled for DNSAMP and UPSAMP layers.)

@ Cycle 0 e @ Cycle 1 -l @ Cycle 2

mask IEKIEEE] | | Mask CONCERR]| | Mesk COCGEER]
'd:%‘j: Priority 'd:?;: Priority "‘:j‘j: Priority
Encoder Encoder Encoder
COO)y COO COO;ny COOqut
(33 32 P
21 2_.1'7
2,0 2 20

Fig. 5. Integrated output coordinate generation in UVSU.

and deduplication. Sorting and deduplication ensure that each output coordinate is unique, as multiple input
coordinates may map to the same output coordinate. However, sequentially running them degrades throughput, and
implementing dedicated hardware for each step would incur hardware overheads. Contrarily, UVSU integrates output
coordinate generation with the base coordinate selection of AVS, introducing only a 0.44% area overhead. First,
round-down-to-nearest-even is embedded in the neighborhood generators, and the rounded coordinate becomes the
output coordinate. To avoid duplicates without sorting and deduplication, UVSU employs a bit-mask and a priority
encoder, as depicted in Fig. 5. After AVS for the current base coordinate is completed, UVSU masks the searched

input coordinates. Then, the priority encoder selects the first non-masked coordinate as the next base, preventing
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duplicates. As a result, UVSU reduces computation latency, power, and area by 12.7%, 20.5%, and 23.1%,

respectively. D. Interleaving-Based Workload Balancing The proposed processor utilizes serial bit-sliced
computation to fully exploit the benefit of offset-wise weight quantization in SBCONV layers. However, this
serialization lowers bit-slice-level parallelism, resulting in poor utilization of computing cores. To address this issue,
we introduce voxel-level parallelism; four cores asynchronously compute the outputs of their assigned local voxels
in parallel. For high utilization, it is necessary to balance the workload across cores, and the workload per core can

be expressed as:

WL”,NNZZ&” =M 55 Ly Z

ieV jeN, eV jeN

where V is the set of the assigned local voxels, Ni denotes the set of the neighbors for local voxel i, and bi, j denotes
the bit-width required for the weight offset between voxel i and its neighbor j. As in Eq. (1), the workload per core
can be decomposed into two factors: the number of allocated local voxels and the average workload per local voxel.
The workload per local voxel depends on the spatial distribution of voxels, which appears random and is difficult to
predict. However, we found that these variations tend to average out over multiple voxels. Therefore, we focus
primarily on equalizing the number of local voxels allocated to each core. Fig. 6(a) shows two baseline workload
distribution strategies along with the proposed interleaving-based allocation scheme. It also depicts the routing of
mapping table entries to each core, where the neighbor information of local voxels is stored. Each core can identify
its workloads by accessing the connected entries. An empty entry indicates no workload and is thus skipped. Since
the voxel-level parallelism is first introduced in this work, there is no prior design to directly compare with. Therefore,
we constructed our own baselines representing straightforward approaches. Bl is the simplest method, which
partitions voxels into four equal-sized groups. This introduces significant imbalances in local voxel counts across
cores, due to the inherent difficulty of the octree in fully loading voxels into fixed-size memory, as well as randomly
intermixed foreign voxels. B2 further separates local and foreign voxels, then assigns the contiguous chunk of the
local voxels to each core. While this achieves balanced voxel distribution, it requires a dynamic routing of mapping
table entries, leading to a high routing complexity. To overcome these limitations, we propose an interleavingbased
allocation scheme depicted in Fig. 6(a). As in B2, the local voxels are first separated from foreign voxels. Then, they
are distributed to the cores in an interleaved manner instead of contiguous allocation. This guarantees that the number
of local voxels assigned to each core differs by at most one. In addition, the table entries are hard-wired, significantly
simplifying routing. Furthermore, the proposed strategy innately achieves a more balanced distribution in terms of
the average workload per voxel compared to B2. This benefit arises since the voxels close to each other in memory
are likely to be physically close in the 3D space, and physically close voxels often exhibit similar workloads.
Therefore, interleaving ensures that these similar workloads are distributed across cores. Fig. 6(b) shows that our
strategy reduces the computation latency by 47.3% and 9.8% compared to B1 and B2, respectively, on the
SemanticKITTI dataset [12].
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E. Dual-Mode Computing Engine AVS for all voxels must be completed before the four computing cores begin
processing. To avoid AVS latency, we leverage the fact that all local voxels are always convolved with the center
weight in SBCONYV, which does not require AVS. Thus, AVS and the computation on center voxels can proceed in
parallel. In addition, since both require the same number of cycles as the number of local voxels, this parallel

execution fully hides AVS latency, as illustrated in Fig. 7(a).
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(b) two processing modes of DMCE.
To realize this, DMCE has dual-mode dataflow as shown in Fig. 7(b). In the center-first mode, all four cores
collaboratively process center voxels regardless of their original core assignment. More specifically, when an IFMAP
is broadcast to all four cores, each core uses its preloaded bit-sliced weights at the center to perform partial
computations. Then, RRU aggregates the outputs from four cores and writes partial sums into memory. Once AVS
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and center voxel computations are complete, DMCE transitions to the neighbor-parallel mode. In this mode, each
core independently processes the neighbor voxels associated with its assigned center voxels. In addition, RRU is
reconfigured to operate as four independent accumulators. Overlapping between AVS and center voxel computations,

enabled by dual-mode dataflow, results in an 18.0% reduction in overall computation latency.

PROPOSED METHOD:
3D semantic segmentation accelerator with an offset-wise weight quantization using Radix8 booth encoding
multiplication
BOOTH MULTIPLIER:
Booth’s Multiplication Algorithm is a Multiplication algorithm that multiplies two signed binary numbers in two’s
complement notation. The algorithm was invented by Andrew Donald Booth in 1950 while doing research on
crystallography at Birkbeckcollege in Bloomsbury, London. Booth used desk calculators that were faster at shifting
than adding and created the algorithm to increase their speed. Booth’s algorithm is of interest in the study of computer
architecture.
BOOTH ALGORITHM:
Booth’s algorithm examines adjacent pairs of bits of the N-bits multiplier Y in signed two’s complement
representation, including in implicit bit below the least significant bit,y1=0.For each bit yi , for i running from 0 to
N-1,the bits yi and yi-1 are considered. Where these two bits are equal, the product accumulator P is left unchanged.
Where yi=0 and yi-1=1, the multiplicand times 2i is added to P; and where yi=1 and yi-1=0, the multiplicand times
2i is subtracted from P. The final value of P is the signed product. The representation of multiplicand and product are
not specified; typically, these are both also in two’s complement representation, like the multiplier, but any number
system that support addition and subtraction will work as well. As stated here, the order of the steps is not determined.
Typically, it proceeds from LSB to MSB, starting at i= 0; the multiplicand by 2i is then typically replaced by
incremental shifting of the P accumulator to the right between steps; low bits can be shifted out, and subsequent
additions and subractions can then be done just on the highest N bits of P[1].
RADIX-8 MODIFIED BOOTH ALGORITHM:

The Booth algorithm consists of repeatedly adding one of two predetermined values to a product P and then

performing an arithmetic shift to the right on P.

Multiplicand A

Multiplier B Encoder H Partial product generator |

‘ Final product |

l

Product A*B

Fig. 8 Booth algorithm
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The multiplier architecture consists of two architectures, i.e., Modified Booth. By the study of different multiplier

architectures, we find that Modified Booth increases the speed because it reduces the partial products by half. Also,
the delay in the multiplier can be reduced by using Wallace tree. The energy consumption of the Wallace Tree
multiplier is also lower than the Booth and the array. The characteristics of the two multipliers can be combined to
produce a high-speed and low-power multiplier.

The modified stand-alone multiplier consists of a modified recorder (MBR). MBR has two parts, i.e., Booth Encoder
(BE) and Booth Selector (BS). The operation of BE is to decode the multiplier signal, and the output is used by BS
to produce the partial product. Then, the partial products are added to the Wallace tree adders, similar to the carry-
save-adder approach. The last transfer and sum output line are added by a carry look- ahead adder, the carry being
stretched to the left by positioning.

Table . a Quartet coded signed-digit table

Quartet value Signed-digit value
0000 0
0001 +1
0010 +1
0011 +2
0100 +2
0101 +3
0110 +3
0111 +4
1000 -4
1001 -3
1010 -3
1011 -2
1100 -2
1101 -1
1110 -1
1111 0

Here we have a multiplication multiplier, 3Y, which is not immediately available. To Generate it, we must run the
previous addition operation: 2Y + Y = 3Y. But we are designing a multiplier for specific purposes and then the
multiplier belongs to a set of previously known numbers stored in a memory chip. We have tried to take advantage
of this fact, to relieve the radix-8 bottleneck, that is, 3Y generation. In this way, we try to obtain a better overall
multiplication time or at least comparable to the time, we can obtain using a radix-4 architecture (with the added
benefit of using fewer transistors). To generate 3Y with 21-bit words you just have to add 2Y + Y,ie add the number
with the same number moved to a left position. A product formed by multiplying it with a multiplier digit when the
multiplier has many digits. Partial products are calculated as intermediate steps in the calculation of larger products.
The partial product generator is designed to produce the product multiplying by multiplying Aby 0, 1, -1, 2, -2, -3, -
4, 3, 4. Multiply by zero implies that the product is "0 ". Multiply by" 1 "means that the product remains the same as
the multiplier. Multiply by "-1" means that the product is the complementary form of the number of two. Multiplying

with "-2" is to move left one as this rest as per table.
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ADVANTAGES:

e Low Power Consumption — Offset-wise weight quantization reduces memory access and computation
energy.

e High Processing Efficiency — Dedicated hardware accelerates 3D semantic segmentation tasks.

e Reduced Memory Requirement — Quantized weights occupy less storage compared to full-precision
weights.

e Fast Neighbor Search — Parallel comparator arrays enable efficient neighborhood extraction in sparse
voxel data.

e Maintained Accuracy — Different quantization levels for different offsets preserve segmentation
performance while reducing hardware cost.

e Real-Time Operation — Suitable for latency-sensitive applications such as autonomous systems and
robotics.

APPLICATIONS:

e Autonomous driving and intelligent transportation systems.

e Mobile robots and robotic navigation.

e LiDAR-based 3D scene understanding.

e Smart surveillance and security monitoring.

e Augmented Reality (AR) and Virtual Reality (VR).

e Industrial automation and warehouse robots.

e Drone-based environmental mapping and inspection.

e Smart city and intelligent infrastructure monitoring.

CONCLUSION: This project presents an enhanced version of the 3D semantic segmentation processor based on
offset-wise weight quantization by incorporating a Radix-8 Modified Booth Encoding multiplier in the
computation engine. The proposed modification reduces the number of partial products generated during
multiplication, leading to lower computational complexity, reduced power consumption, and improved processing
speed. The combination of efficient neighborhood processing, quantized weights, and optimized multiplication
hardware enables faster execution of 3D semantic segmentation tasks while maintaining segmentation accuracy. The
results demonstrate that the Radix-8 Booth multiplier significantly improves hardware efficiency, making the
architecture suitable for real-time and energy-constrained edge Al applications such as autonomous vehicles,
robotics, and intelligent sensing systems.
FUTURE SCOPE:

1. The proposed architecture can be extended with adaptive or dynamic quantization techniques to further

reduce power and memory consumption.
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2. Advanced multiplier architectures such as approximate multipliers or hybrid Booth-Wallace multipliers
can be explored for additional performance improvements.

3. The design can be implemented on advanced FPGA and ASIC technologies to achieve higher throughput
and lower energy consumption.

4. Support for larger and deeper 3D neural network models can be incorporated to improve segmentation
accuracy for complex scenes.

5. Integration of LIDAR, camera, and radar sensor fusion can enhance environmental perception capabilities.

6. The processor can be optimized for deployment in autonomous vehicles, drones, and mobile robots
requiring real-time 3D scene understanding.

7. Future work may investigate on-chip learning and reconfigurable Al accelerators to adapt to changing
environments.

8. The architecture can be extended to other applications such as medical 3D image segmentation, smart

surveillance, industrial inspection, and digital twin systems.
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