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Abstract: Three-dimensional convolutional neural networks (3D CNNs) show considerable promise for lung nodule detection.
However, their high computational complexity and memory demands present substantial challenges for acceleration on a single
field-programmable gate array (FPGA). To address this, we propose efficient mapping schemes for a multi-FPGA platform,
leveraging its massive parallelism to maximize computational efficiency. Our system, integrating six customized FPGA boards,
achieves state-of-the-art performance, delivering approximately 15.9 tera operations per second (TOPS) for nodule segmentation
and approximately 3.8 TOPS for nodule classification. Compared to a central processing unit baseline, it achieves a 128.2×
speedup while exhibiting 6.7× higher energy efficiency than a graphics processing unit implementation. Furthermore, the system
attains a state-of-the-art recall rate of 87.1% on the real-world clinical benchmark.
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1 Introduction

Lung cancer continues to be one of the most prevalent and
lethal malignancies globally, with recent clinical statistics un-
derscoring its significant impact on public health (Siegel et al.,
2024, 2025). Early and accurate detection of lung nodules
via computed tomography (CT) scans is vital for improving
patient survival rates.

Historically, interpreting volumetric CT scans requires
radiologists to meticulously analyze hundreds of slices per
patient, a process that is not only time-consuming but also
prone to human error due to fatigue. To address these chal-
lenges, computer-aided detection (CAD) systems have been
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developed to automate localization and diagnosis of potential
lesions (Messay et al., 2010; Tan et al., 2011; Isensee et al.,
2021; Lin et al., 2024).

High-performance CAD systems typically decompose the
workflow into two pivotal sub-procedures: segmentation and
classification (Cui et al., 2025; Wang JX et al., 2025). The
precision of both stages is fundamental to the overall diagnostic
accuracy and clinical utility of the system.

In recent years, deep learning—particularly convolutional
neural networks (CNNs)—has achieved remarkable success in
medical image analysis (Litjens et al., 2017; Cui et al., 2025;
Qin et al., 2025; Wu et al., 2025). However, early CNN-based
methods often convert 3D medical volumes into 2D images to
reduce computational overhead (Kuang et al., 2025), inevitably
losing critical depth information and spatial continuity inher-
ent in volumetric imaging.

To address these limitations, 3D CNN architectures have
been proposed for dense volumetric segmentation, achieving
superior accuracy (Shen et al., 2018b). Despite their perfor-
mance advantages, 3D CNNs exhibit significantly higher com-
putational complexity and memory bandwidth requirements
than 2D CNNs—often by an order of magnitude. Conse-
quently, the high inference latency of 3D CNNs remains a
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primary barrier to real-time clinical deployment.
Field-programmable gate arrays (FPGAs) provide an at-

tractive solution for deep learning acceleration, offering a good
balance of energy efficiency, low latency, and reconfigurability
compared with central processing units (CPUs) and graphics
processing units (GPUs) (Aydonat et al., 2017; Zhang C et al.,
2019). Although single-FPGA implementations have success-
fully accelerated 3D kernels (Shen et al., 2018b), modern deep
medical models often exceed the on-chip memory and logic ca-
pacity of a single device. Multi-FPGA platforms offer a scal-
able alternative, but existing multi-FPGA CNN accelerators
often rely on rigid interconnect topologies, such as simple ring
or linear array (Zhang C et al., 2016; Geng et al., 2018; Jiang
WW et al., 2019; Shen et al., 2019; Zhang WT et al., 2019),
leading to severe communication bottlenecks during inter-layer
synchronization.

Inspired by the successful deployment of deep neural net-
works (DNNs) in cloud-scale FPGA data centers (Fowers et al.,
2018; Microsoft, 2019), this work focuses on accelerating 3D
CNN-based lung nodule detection using a multi-FPGA plat-
form with a highly flexible topology. A preliminary version of
this work was presented at the 56th Annual Design Automation
Conference (Shen et al., 2019), and this paper substantially ex-
tends our preliminary studies (Shen et al., 2019, 2020) in three
key aspects.

1. Topology innovation: a hybrid interconnect architec-
ture with dedicated fast routing paths to alleviate multi-FPGA
communication bottlenecks;

2. Algorithm advancement: a novel hybrid mapping strat-
egy integrating model and data parallelism, beyond layer-wise
mapping;

3. Pipeline integration: an end-to-end unified pipeline
tightly coupling segmentation and classification.

These improvements deliver a throughput gain over the
prior work (Shen et al., 2019) and a state-of-the-art recall rate
of 87.1% on the LUNA16 benchmark. To the best of our
knowledge, this work is the first end-to-end multi-FPGA ac-
celeration framework for lung nodule detection that seamlessly
integrates 3D CNN-based segmentation and classification on a
multi-FPGA platform. Recent multi-FPGA studies in medical
imaging (2023–2025) have focused on single-FPGA accelera-
tion (Khan et al., 2023) and 2D CNN models (Lu et al., 2024),
or on surveys only (Diaconu et al., 2025; Cheng, 2025), without
realizing unified pipeline integration of the two core stages.

The key contributions of this paper are summarized as
follows:

1. An end-to-end 3D CNN-based lung nodule detec-
tion pipeline optimized for multi-FPGA execution, integrating
high-precision lung nodule segmentation network (LNS-net)
and lung nodule classification network (LNC-net);

2. A flexible multi-FPGA architecture with hybrid inter-
connects and direct inter-FPGA fast paths, reducing commu-
nication latency by up to 17%;

3. Hybrid parallelism mapping schemes tailored to net-
work characteristics, balancing workloads and maximizing re-
source utilization;

4. Multi-level communication optimizations that achieve
over 80% accelerator utilization by overlapping computation
and transmission.

2 Related works

2.1 3D CNN accelerators

FPGA-based acceleration of 3D CNNs has been exten-
sively studied and has attracted growing attention, primarily
for medical imaging (Shen et al., 2018b, 2020; Basalama et al.,
2023) and video analysis (Hegde et al., 2018; Chen et al., 2019;
Fan et al., 2019; Wang YC et al., 2019; Gao et al., 2025). Early
works proposed uniform template-based accelerators support-
ing both 2D and 3D CNNs via algorithm–hardware co-design
and optimized data reuse (Shen et al., 2018b). Later studies
further improved the efficiency by fusing consecutive convolu-
tion layers and exploiting deep pipelining (Shen et al., 2020).

Several comprehensive surveys have reviewed FPGA-
based CNN accelerators (Jiang JY et al., 2025; Varughese
and Sridevi, 2025), offering insights into dynamic parallelism,
pruning, quantization, and fast convolution algorithms that
motivated our adoption of a sparsity-optimized Winograd al-
gorithm. Advanced quantization schemes, such as static block
floating-point representation (Fan et al., 2023), further comple-
ment our 8-bit fixed-point design by reducing logic resource us-
age with negligible accuracy loss. While prior works have also
explored 3D CNN acceleration for video understanding (Hegde
et al., 2018; Chen et al., 2019; Fan et al., 2019; Wang YC et al.,
2019; Khan et al., 2023), most existing designs target single-
FPGA platforms and face scalability bottlenecks when han-
dling large models, motivating our scale-out approach based
on multi-FPGA systems.

2.2 Scale-out acceleration for CNNs

As CNN models grow deeper and more complex, scale-out
acceleration using multi-FPGA platforms has become increas-
ingly important (Zhang C et al., 2016; Jiang WW et al., 2019;
Shen et al., 2019; Liu et al., 2022; Lu et al., 2024). Early designs
use deeply pipelined ring or star topologies (Zhang C et al.,
2016; Shen et al., 2019), while Jiang WW et al. (2019) demon-
strated super-linear speedup for DNN inference across multi-
ple FPGAs. Recent works introduce automated end-to-end
design flows for large-scale CNNs across multi-FPGA clusters
(Lu et al., 2024), and bandwidth utilization and efficient com-
puting engines have also been emphasized (Cheng, 2025). In
industrial settings, FPGA clusters such as Microsoft’s Project
Brainwave have been deployed for large-scale DNN inference
(Fowers et al., 2018; Microsoft, 2019), but mainly target 2D
CNNs or recurrent networks.

While existing multi-FPGA solutions offer promising scal-
ability, most focus on 2D CNNs or use rigid interconnect
topologies, leaving 3D CNN-based medical image processing
under-optimized. Our work extends these foundations by intro-
ducing flexible inter-FPGA connections and efficient mapping
schemes to minimize communication overhead, presenting the
first end-to-end multi-FPGA acceleration framework for 3D
CNN-based lung nodule segmentation and classification.
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3 Background

3.1 3D CNN-based lung nodule detection

The workflow for 3D CNN-based lung nodule detection,
depicted in Fig. 1, comprises two principal stages: segmenta-
tion and classification, each facilitated by a dedicated 3D CNN.
The pipeline commences with the application of image masking
to raw 3D CT scans to delineate the region of interest (ROI) by
excluding non-lung structures. Subsequent data preprocessing
yields input images that are partitioned into fixed-size blocks
for the segmentation module. This module outputs probabil-
ity maps, which are then processed by connected component
analysis to identify candidate nodules. The final classification
stage evaluates these candidates to ascertain their status.

The architecture of LNS-net, the 3D CNN devised for
lung nodule segmentation (LNS), is presented in Fig. 2. The
network consists of 3D convolution (CONV), transposed convo-
lution (TCONV), max-pooling (POOL), batch normalization
(BN), and rectified linear unit (ReLU) activation layers. For
the first dense block, the preceding convolution layer yields
64 input feature maps feeding into the block. Within each

dense block, six 3× 3× 3 CONV layers are implemented, each
with subsequent BN and ReLU operations, and every internal
convolution layer generates 12 new feature maps as the fixed
growth rate. The feature maps are resized by transition layers,
which are positioned between dense blocks and employ convo-
lution and max-pooling. Each transposed convolution layer is
configured with a 3 × 3× 3 kernel and is followed by BN and
a ReLU layer.

LNS-net adopts a high-level architecture comparable to
U-net (Jiang WW et al., 2019), comprising contracting and
expansive paths. A principal distinction lies in the contract-
ing path, which is constructed from repeated dense blocks
in lieu of unpadded convolutions. Moreover, the expansive
path is implemented entirely with TCONV layers. Similar to
U-net’s skip connections, the inputs to most TCONV layers
are sourced from two streams: the output of the immediately
preceding layer and the feature maps from the corresponding
dense block in the contracting path. A critical deviation is the
fusion method, wherein the two data sources are combined by
element-wise addition (denoted by the

⊕
symbol in Fig. 2), as

opposed to the concatenation operation utilized in U-net. The
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Fig. 1 Procedure of lung nodule detection

Fig. 2 Architecture of the proposed 3D CNN for LNS (LNS-net)
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resultant complexity of LNS-net introduces significant chal-
lenges for its implementation on FPGAs.

In contrast to the computationally intensive LNS-net, the
network designed for LNC employs a comparatively lightweight
architecture. As illustrated in Fig. 3, the network is structured
around three CONV blocks. Each block contains two CONV
layers succeeded by a max-pooling operation. The architecture
terminates in a fully connected (FC) layer, which receives the
output of the final CONV block to yield the classification
decision.

3.2 Algorithm analysis

3.2.1 Execution time distribution of sub-procedures

To assess the computational profile of the proposed algo-
rithm, we measured the execution time of each sub-procedure.
The results, obtained by processing a single image through
multiple iterations on an NVIDIA GeForce RTX 2080 GPU,
are presented in Table 1. The analysis reveals that LNS con-
stitutes the most computationally intensive step, accounting
for over 88% of the total time. Furthermore, LNS and LNC
collectively represent more than 98% of the computational
load, which justifies our dedicated effort to accelerate these
two components.

It should be noted that the profiling results in Ta-
ble 1 are obtained using 32-bit floating-point precision with-
out hardware-specific optimizations, serving as a representa-
tive baseline for understanding the computational distribution
across sub-procedures. This baseline is intentionally distinct

Table 1 Time distributions of sub-procedures in lung nod-
ule detection

Sub-procedure Time (s) Percentage

IM 0.45 0.4%
IPP 1.02 0.8%
LNS 111.55 88.5%
CCA 0.52 0.4%
LNC 12.51 9.9%

Time values are reported in seconds per full CT scan (512×512×300 voxels)
using 32-bit floating-point precision. Percentages indicate the proportion
of the total processing time attributable to each sub-procedure. IM: image
masking; IPP: image pre-processing

from the optimized 8-bit fixed-point implementations reported
in later sections, and the absolute time values are not directly
compared.

3.2.2 Dense blocks

The architecture of the dense blocks in LNS-net is based
on DenseNet (Huang G et al., 2017). A key characteristic of
an L-layer dense block (L = 6 for LNS-net) is that the lth

layer receives l inputs. These inputs comprise two parts: the
initial input feature maps to the dense block (shared across
all layers) and the output feature maps produced by each of
the preceding CONV layers. These inputs are concatenated
to form the composite input for the lth layer. All CONV
layers within the dense blocks are configured to generate an
identical number of output feature maps (i.e., 12 for LNS-net).
Notably, since the input of a dense block is shared among all
constituent CONV layers, each layer can initiate computation
in advance without waiting for the output of preceding layers.
Once the output of a CONV layer within the dense block is
generated, all subsequent layers can proceed with computation
concurrently—this architecture thus exhibits a high degree of
inherent parallelism.

3.2.3 Transposed convolution layers

The TCONV operation is the reverse of standard convolu-
tion. Since the underlying procedures of CONV and TCONV
layers are thoroughly documented in the literature, a detailed
exposition is omitted here for brevity. This work instead fo-
cuses on the analysis of parallelism inherent in TCONV layers.
The pronounced spatial separation between their dual data
sources results in intricate dependencies. However, the dis-
tributivity of convolution over addition enables parallel com-
putation for TCONV layers, as expressed in Eq. (1):

O = (i+ i′)w = iw + i′w, (1)

where i and i′ represent two independent input feature maps
to a TCONV layer (one from the preceding layer and one from
the corresponding dense block), w denotes the 3D filter, and O

is the output feature map. This equality holds due to the dis-
tributivity of convolution over addition, allowing the TCONV
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Fig. 3 Architecture of the proposed 3D CNN for LNC (LNC-net)
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computation to start as soon as the dense-block output is ready
without waiting for the preceding layer’s result.

3.3 3D Winograd minimal algorithm with sparse
inputs

3.3.1 Overview of the 3D Winograd algorithm

The Winograd algorithm has been utilized in many
works (Dey et al., 2018; Shen et al., 2018b) for CNN accel-
eration on FPGAs, owing to its ability to lower computational
complexity and conserve hardware resources such as digital sig-
nal processor (DSP) slices. Shen et al. (2018b) presented the
first implementation of a 3D Winograd algorithm for FPGA-
based 3D CNN acceleration, which is formulated as{

F (m3, r3) = (MmMT)RMT,

m = ((XxXT)RXT)�((WwWT)RWT),
(2)

where x is an input tile of size (m + r − 1)3, w is a filter
tile of size r3, the scalar m (in F (m3, r3)) denotes the output
tile size, and the bold symbol m represents the intermediate
transformed tile. X , W , and M are constant transformation
matrices determined by m and r (following the notation in
Shen et al. (2018b)), and R represents a 90◦ rotation opera-
tion. � represents the element-wise multiplication (Hadamard
product).

3.3.2 Sparsity in transposed convolution

The adoption of the 3D Winograd algorithm is highly
advantageous for reducing the computational complexity of
LNS-net, given that CONV and TCONV layers account for
over 90% of its operations. A significant challenge arises when
applying this algorithm to TCONV layers, as transposed con-
volution requires explicit zero insertion between input elements
before computation (Fig. 4a). These artificially inserted zeros
introduce numerous invalid multiplications and redundant cal-

culations in subsequent Winograd transforms. The interme-
diate data tiles within the Winograd transformation exhibit
fixed sparsity patterns (Fig. 4b, zeros shown in blue), with the
overall sparsity level reaching approximately 87.5% zeros. This
structured sparsity originating from the zero insertion of trans-
posed convolution (Fig. 4a) can be fully exploited to simplify
transformation procedures and skip all redundant zero-related
arithmetic operations. A detailed mathematical justification
of the fixed sparsity pattern is provided in Section S1 in the
electronic supplementary materials (ESM).

Our sparse-optimized transformation templates based on
the Winograd algorithm achieve 54.8% adder reduction (com-
plete resource data are provided in Section S2 in the ESM).

4 System architecture design

4.1 System overview

Fig. 5a presents an overview of the multi-FPGA system
designed to accelerate 3D CNN-based LNS. The system com-
prises a host CPU, multiple FPGA nodes, and an intercon-
nection network utilizing a central switch. The host CPU
accesses the double data rate synchronous dynamic random
access memory (DDR) of each FPGA node directly through
the peripheral component interconnect express (PCIe) inter-
faces (PCIe IFs), enabling efficient loading of initial data from
main memory into the FPGA nodes’ DDR and retrieval of
final results. Additionally, the CPU configures the network in-
terface (NI) modules via the PCIe IFs to manage inter-FPGA
communication links.

This work adopts the scalable star topology introduced
in Shen et al. (2019), but extends it by incorporating di-
rect inter-FPGA connections—referred to as the fast path—to
support low-overhead data communication. Figs. 5b and 5c
demonstrate the application of the fast path in two classical

Fig. 4 Zero padding for transposed convolution (a) and sparsity patterns in the Winograd domain F (23,33) (b)



6 | ENGINEERING Inform Technol Electron Eng 2026 27(6):250186

CPU DDR
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(b) (c) (d)

FPGA node with fast path only
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(e)

...
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Fig. 5 Overview of the multi-FPGA system: (a) the sys-
tem architecture; (b)–(e) different interconnect topologies
among FPGA nodes

network topologies. Under the constraint of at most four
interconnect interfaces per FPGA node, a node can con-
nect to the switch only when it uses fewer than four direct
FPGA-to-FPGA links. This study focuses on the hybrid
topologies in Figs. 5d and 5e, where most nodes possess both
routine path and fast path connections, ensuring robust local
and global interconnectivity.

The system consists of N = 6 FPGA nodes, each equipped
with four quad small form-factor pluggable plus (QSFP+)
cages supporting up to 100 Gb/s per link. One port per node
connects to a central switch via a 40-GbE routine path (GbE is
short for gigabit Ethernet), and the remaining three ports are
interconnected with other nodes via 100-GbE fast paths using
optical cables. Detailed routing rules and latency breakdown
are provided in Section S3 in the ESM. Data transmission over
the routine path employs the standard transmission control
protocol/Internet protocol (TCP/IP), while fast path uses a
custom lightweight protocol optimized for low-latency com-
munication between FPGA nodes. Accordingly, two types of
network interface modules are implemented per FPGA node
(refer to Section 4.3 for details).

4.2 Accelerator design

Fig. 6 presents an overview of the proposed 3D TCONV
accelerator. Although the overall workflow is analogous to that

in Shen et al. (2018b), the transformation of input data and
multiplication products employs optimized templates. Specifi-
cally, the transform templates for X (input transform) and M

(intermediate matrix transform) from the original Winograd
implementation in Shen et al. (2018b) are replaced with our
optimized templates for X ′, X ′′, and M ′′, which were first in-
troduced in our prior work (Shen et al., 2019). Compared with
the original templates in Shen et al. (2018b), our optimized
approach reduces adder usage by 25%–75% and eliminates all
redundant operations. Furthermore, two additional sparsity
pattern identifier (SPI) modules are integrated to locate non-
zero data in the register files, with all SPI modules sharing
input signals from the tile index generator (TIG). Notably, the
proposed architecture is also compatible with 3D CONV ac-
celeration by bypassing components such as SPI and TIG and
replacing the transformation templates with those reported
in Shen et al. (2018b).

4.3 Network interface modules

As described in the preceding section, two distinct types
of NI modules are implemented in each FPGA node to accom-
modate different data transmission requirements. One module
adheres to the standard TCP/IP, whereas the other employs a
customized lightweight protocol introduced in this work.

4.3.1 TCP/IP-based network interface module

The NI module manages communication links,
packet encapsulation/parsing, and reliable transmission via
TCP/IP (Shen et al., 2018a), using a standard three-way hand-
shake for session initialization and packet retransmission to
guarantee correctness. The principal components of the NI
module are specified below.

Packet analysis (PA) validates Ethernet, IP, and TCP
headers, detects packet errors and loss, and delivers valid
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Fig. 6 Overview of the 3D TCONV accelerator: (a) block diagram of the accelerator architecture, where input and weight
data are transformed using optimized Winograd templates (Shen et al., 2019) that achieve 25%–75% adder reduction
over the original design (Shen et al., 2018b); (b) workflow of a single PE
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payloads to the data first-in first-out (FIFO).
Session check (SC) consults the TCP table to route pay-

loads destined for the current FPGA node to the ingress
module, and requests retransmission upon detecting checksum
failure or packet loss.

Session management agent (SMA) manages connection
establishment/termination, records session information in the
TCP table, and maintains a retransmission timer for timeout-
based recovery.

Packet encapsulation (PE) constructs outgoing packets
by appending headers to payloads from the egress module’s
data FIFO.

The NI module also integrates a 40-GbE media access
control (MAC) unit as the physical and link layer interface. A
100-GbE MAC is under development for the platform’s four
100-GbE links.

4.3.2 Network interface module with lightweight network
transmission protocol

To minimize the data transmission overhead on the fast
path between FPGA nodes, a customized lightweight network
transmission protocol was designed. Similar to user datagram
protocol (UDP), this protocol operates without handshaking
between sender and receiver nodes. It forgoes packet retrans-
mission in cases of loss or corruption, trading reliability for
lower latency. This design is suitable for high-speed, low-
congestion links. In our system, the inter-FPGA connections
utilize dedicated 100 Gb/s links without intermediate conges-
tion, making the lightweight protocol an ideal fit.

Fig. 7 illustrates the customized packet format, which is
a simplified derivative of the Ethernet frame. Each packet
comprises a 12-byte header and a payload of up to 1024 bytes.
The header includes “Sid” and “Did” fields to identify the sender
and receiver FPGA nodes, “on/off” and “DAddr” fields to spec-

Sid Did
0 7 8 1516 31

Total length
Header checksumFragment offset (13 bits)

DAddr
Flag

Data

Packet header 
(12 bytes)

LFOn/Off FF

Packet format

On/Off: 1-> on-chip;
             0-> off-chip 
   

             {FF, LF}: 10-> the first fragment
{FF, LF}: 01-> the last fragment
{FF, LF}: 00-> middle fragments
{FF, LF}: 11-> no fragment    

Packet payloads
(0–1024 bytes)

Fig. 7 Packet format. FF: first fragment; LF: last fragment

ify the payload destination address, and a “total length” field
defining the packet size in bytes. Additional fields facilitate
packet loss and error detection.

The architecture of the lightweight NI (LNI) module
closely resembles its standard counterpart shown in Fig. 8.
The key modifications include the removal of session manage-
ment modules and the replacement of the TCP table with a
node registration table (NRT). Furthermore, a 100-GbE MAC
is integrated at the link layer instead of a 40-GbE MAC. The
NRT records each node’s adjacency relationships (connected
nodes, ports, and connection path types “R”/“F”) and is shared
among all local LNI modules, as illustrated in the upper section
of Fig. 9.

Fig. 9 illustrates the packet reception workflow within the
LNI module. The lightweight packet analysis module extracts
header information and detects packet loss or errors. It then
performs an NRT lookup to determine whether the packet is
destined for the current node. In the event of packet loss,
the module duplicates the current payload as a compensation
mechanism, storing the copy in a data duplication FIFO to
avoid the overhead of retransmissions.

5 Implementations

5.1 Overall acceleration framework

We offload computationally intensive workloads—
specifically, the computations associated with LNS-net and
LNC-net—to FPGAs, while the host CPU undertakes fewer
computationally demanding tasks such as image pre-processing
and system management. Fig. 10 illustrates the complete end-
to-end pipeline, and Table 2 summarizes the latency and data
transfer breakdown.

The processing pipeline operates in four stages: (1) pre-
processing on CPU; (2) LNS-net segmentation on FPGA1–4
using model parallelism; (3) connected component analysis
(CCA) on CPU; (4) LNC-net classification on FPGA5–6 using
data parallelism. Detailed stage-by-stage operations are pro-
vided in Section S4 in the ESM. The total end-to-end latency
for a full CT scan is about 1.3 s. The CPU acts as a coordi-
nation hub between FPGA stages, performing tasks that are
inefficient on FPGAs (pre-processing and CCA) while manag-
ing data movement. The data size reduction from 6 MB to
0.5 MB after CCA minimizes PCIe bandwidth contention.
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Fig. 10 End-to-end pipeline with data transfer details

Table 2 End-to-end latency and data transfer breakdown

Stage Processing unit Data size (per scan) Transfer path Latency

Pre-processing CPU 150 MB → 6 MB DRAM → CPU cache 45.0 ms
LNS-net FPGA1–4 6 MB PCIe → FPGA DDR 1.25 s

CCA CPU 6 MB → 0.5 MB FPGA DDR → PCIe → DRAM 1.5 ms
LNC-net FPGA5–6 0.5 MB PCIe → FPGA DDR 6.0 ms

Total ∼1.30 s

DRAM: dynamic random access memory

5.2 CNN mapping scheme for LNS-net

We propose a workload-balancing mapping scheme for
dense blocks across multiple accelerators, which forms the
foundation of the overall LNS-net mapping strategy. The de-
tailed load-balancing procedure is provided in Section S7 in
the ESM; here, we summarize its key principles.

Workloads are partitioned into
n

p
groups, where n and p

represent the number of layers per dense block and the num-
ber of accelerators, respectively. During each iteration, once
an accelerator fj completes its current task, it immediately
broadcasts the results to all other accelerators. The unas-

signed workload with the highest computational cost from the
subsequent group is then assigned to fj . This dynamic load-
balancing approach ensures equitable execution time across ac-
celerators. Each FPGA node maintains a local result buffer for
each layer it computes. When accelerator fj completes a layer,
it writes the output feature maps to its local on-chip buffer,
multicasts the results to all other nodes via the switch (routine
path), and waits for an acknowledgment bitmap from all re-
ceivers before marking the transmission as complete. Receiver
nodes employ double-buffering for incoming inter-layer data
and enforce barrier synchronization via layer dependencies.

The computational cost of each CONV layer in a dense
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block is defined as C(j) = α · OPs(j) + β · Dep(j), where
OPs(j) is the floating-point operation count and Dep(j) cap-
tures synchronization overhead (α = 1.0 and β = 0.2 in
our implementation). This hybrid metric ensures that both
arithmetic intensity and synchronization delay are considered
during workload assignment.

A key design decision involves mapping p accelerators onto
f FPGA nodes. We adopt p = f (one accelerator per FPGA
node), achieving 18% higher system throughput compared to
that of a hypothetical p > f design. A quantitative comparison
is provided in Section S5 in the ESM. This strategy distributes
control logic and on-chip buffer management across all nodes,
reducing individual node complexity.

For mapping multiple dense blocks, we assign a dedicated
accelerator to each block on every FPGA node, preventing un-
derutilization from reconfiguring a single accelerator for blocks
with differing parameters. Similarly, distinct accelerators are
implemented for each TCONV layer due to their parameter
variations. Within an FPGA node, these accelerators are orga-
nized into a computational pipeline for independent operation;
across different nodes, accelerators operate in parallel.

As a case study, we demonstrate the mapping scheme for
LNS-net using four FPGA nodes (p = f = 4), as shown in
Fig. 11. Execution is organized into seven pipeline stages cov-
ering the initial CONV layer, dense-block computation, inter-
node communication, and subsequent TCONV layers, enabling
multiple images to be processed concurrently. A detailed walk-
through of each stage (initialization, dense-block workload as-
signment, and TCONV layer computation) is provided in Sec-
tion S6 in the ESM. Dense-block computation, packet trans-
mission, and TCONV processing proceed concurrently, im-
proving pipeline utilization and reducing accelerator idle time.
Double-buffering is employed to hide data loading/storing be-
hind computation, with inter-stage double buffers implemented
in external memory.

Fig. 12 presents the block diagram of the system on chip
(SoC) in each FPGA node. A main controller module allo-
cates computational tasks among accelerators and is directly
configured by the host CPU via PCIe buses. Each accelerator
is equipped with a task scheduler module to govern the execu-
tion of multiple computational tasks. All accelerators access
external memory through the memory-mapped AXI4 bus and
utilize on-chip buffers for inter-layer data. Multiple NI mod-
ules are introduced to eliminate resource contention, ensuring
that each accelerator has exclusive access to a dedicated mod-
ule. An optimization scheme for NI module type assignment
is detailed in Section 5.4.

5.3 CNN mapping scheme for LNC-net

As discussed, LNC-net is mapped onto multiple FPGA
nodes using a data parallelism strategy, where each participat-
ing node stores the complete set of model weights and pro-
cesses different batches of candidate lung nodule images (size:
16× 32× 32). Since the CONV layers within LNC-net exhibit
significant size variations, employing a single accelerator for
all layers would lead to low computational efficiency (Abadi
et al., 2016). To address this, we assign a dedicated accel-
erator to each CONV block, as the two CONV layers within
a block are of similar size (differing primarily in the number
of input/output channels, as shown in Fig. 3). Accelerators
for different blocks can be configured with distinct parameters
(e.g., parallelism degree). Each accelerator executes CONV
layers of its corresponding block sequentially.

To enhance throughput, the accelerators are organized
into a computational pipeline. The entire set of LNC-net
weights and intermediate data is stored in on-chip buffers
to minimize access latency, and double-buffering is employed
to support concurrent read/write operations. Fig. 13 illus-
trates the data flow of four consecutive images through the
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Fig. 11 Timing graph of the proposed mapping scheme. Conv0-0 denotes the initial CONV layer
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Fig. 13 Data flow among the accelerators for the LNC-net. Here, W and R denote write and read operations, respectively

accelerators within an FPGA node (weight data movement is
omitted for clarity). As shown, only the input of CONV1-1
and the output of the FC layer involve off-chip memory access;
all other inter-layer data reside in on-chip buffers, promoting
high reuse and significantly reducing memory access overhead.
Furthermore, the FC layer processes a batched set of images
to increase weight reuse, transforming its computation from
matrix–vector to more efficient matrix–matrix multiplication.

The architecture of the 3D TCONV accelerator is re-
purposed for LNC-net, with the SPI and Winograd tile data
prefetcher (WTDP) modules bypassed due to the absence of
input sparsity. Similarly, the PE designs adopt the templates
from (Shen et al., 2018b). For the FC layer, we implement
a multi-array matrix-multiplication architecture based on the
one in Microsoft (2018), which offers high configurability, al-
lowing its parallelism to be tuned to match the throughput of
the preceding CONV accelerators.

5.4 Inter-FPGA communication optimizations

The use of reliable TCP/IP on the routine paths in-
herently introduces communication overhead between FPGA
nodes. Optimizing these inter-FPGA communications is there-
fore critical to minimizing accelerator idle time and improving

the overall computational efficiency of the system. This work
implements optimizations at the hardware, scheduling, and
network levels. It is important to note that, as established
in Section 4.2, the FPGA nodes accelerating LNC require no
inter-node communication; thus, the following optimizations
apply solely to the nodes handling LNS.

1. Hardware-level optimization. We reduce inter-FPGA
communication latency by modifying the NI module’s work-
flow: the receiver sends a single acknowledgment (ACK) for a
batch of packets instead of per-packet ACKs. Consequently,
the sender transmits multiple packets before awaiting a collec-
tive ACK, drastically reducing waiting time. This approach
assumes stable communication links, as it may increase the
cost of retransmissions in case of errors.

2. Schedule-level optimization. The core principle is
to overlap data transmission with accelerator computation.
Specifically, the transmission of tiled result data begins imme-
diately upon their generation by an accelerator, rather than
waiting for all results to be produced. As Fig. 11 shows,
packet multicasting/unicasting (PM/PU) and computation are
largely concurrent, significantly reducing the time receivers
spend waiting for data.

3. Network-level optimization. As described in
Section 4.2, each FPGA node is equipped with four NI modules
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(three LNIs and one TCP/IP-based NI) to eliminate the con-
tention present in our prior design. This raises a new challenge:
optimally assigning NI module types to accelerators. Based on
the analysis in Section 2.2, dense blocks involve more complex
communication patterns than TCONV layers and account for
the majority (∼76%) of LNS-net’s computation. Therefore, we
assign a dedicated LNI module to each accelerator handling
dense blocks to prioritize low-latency communication. The ac-
celerator for the TCONV layers is assigned the TCP/IP-based
NI module, as its communication demands are less critical.

6 Results and evaluation

6.1 Experimental setting

1. Hardware system. We built a system based on a
tower server integrating an Intel® Xeon® E5-2680 CPU (12
cores, 2.5 GHz) and 128 GB random access memory (RAM).
Additionally, the server provides eight PCIe slots, allowing the
CPU to communicate with six customized FPGA evaluation
boards, as well as four NVIDIA GeForce RTX 2080 GPUs
(each with 2944 compute unified device architecture (CUDA)
cores, 8-GB graphics double data rate 6 (GDDR6), 1.80 GHz).
The FPGA boards are connected to the server via a PCIe
hub. Each FPGA board integrates an XCVU9P FPGA, four
dual in-line memory modules (DIMMs) of 64-GB double data
rate 4 (DDR4) RAM, and four QSFP+ cages, each of which
can provide up to 100 Gb/s network bandwidth. One of the
QSFP+ ports on each FPGA board is connected to a switch
equipped with 16 QSFP+ (40 GbE) ports. The other QSFP+
ports on each FPGA board are fully interconnected via 100-
GbE optical cables according to the prototype illustrated in
Fig. 5.

2. Software counterparts. All the software results were
obtained using TensorFlow (Abadi et al., 2016) running on
the CPU and GPU accelerators. To reduce the computational
complexity and memory footprints of LNS-net and LNC-net,
we obtained quantized versions of LNS-net and LNC-net with
the help of the TensorFlow quantization tool. Experimen-
tal results showed that 8-bit fixed-point precision in LNS-net
and LNC-net achieves similar accuracy to the original models.
Therefore, we used 8-bit fixed-point precision for both acti-
vations and weights of LNS-net and LNC-net to evaluate the
performance of our FPGA accelerators.

3. Benchmarks. We used the dataset from the LUNA16
(LUng Nodule Analysis 2016) challenge. The dataset contains
888 3D CT images, with a total of 1186 annotated positive
lung nodules. The experiments were conducted on four ran-
domly selected subsets (0–3) from the official 10-fold splits of
the LUNA16 dataset. These subsets are chosen to be represen-
tative of the overall data distribution, and performance across
them is highly consistent, demonstrating the robustness of our
method.

4. Implementation details for reproducibility. To en-
sure reproducibility, our designs were implemented using Xil-
inx Vivado high-level synthesis (HLS) and VivadoTM Design
Suite (2019.1), targeting a 200-MHz operating frequency on all
FPGA nodes. Key HLS optimization directives include loop
pipelining (II=1), loop unrolling, and array partitioning (cyclic

for input buffers and block for weight buffers) to exploit par-
allelism and meet timing. The original floating-point models
were quantized to 8-bit fixed-point precision using the Tensor-
Flow quantization toolkit with symmetric per-layer calibration,
introducing less than 0.5% accuracy loss. LNS-net is a cus-
tom hardware-oriented architecture combining elements from
DenseNet (Huang XJ et al., 2017) and U-Net (Ronneberger
et al., 2015), while LNC-net is adapted from Dey et al. (2018)
with kernel size and filter count modifications for resource ef-
ficiency. Complete network specifications, HLS configuration
scripts, and source code are provided in the ESM.

6.2 Analysis of experimental results

6.2.1 Evaluation of different topologies among FPGAs

Experiments are conducted to evaluate the effectiveness
of adopting fast paths in the multi-FPGA system by testing
different topologies among FPGA nodes. As illustrated in
Fig. 14, three topologies are evaluated: (1) topology1, where
no fast path exists (i.e., it uses the star topology); (2) topol-
ogy2, where each FPGA node connects to three other FPGA
nodes via fast paths and to the switch via a routine path; (3)
topology3, where FPGA2 and FPGA4 only have fast paths,
while the other FPGA nodes feature inter-FPGA connections
similar to those in topology2.
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Fig. 14 The tested topologies among FPGA nodes: (a)
topology1; (b) topology2; (c) topology3

We accelerated LNS-net on the tested prototypes and
measured the latency for processing a single image (48× 96×
96) to evaluate system performance. To ensure experimental
consistency with the prior benchmark, only FPGA1 to FPGA4
were utilized in this experiment.

Fig. 15 presents the experimental results. Both topol-
ogy2 and topology3 achieved lower processing latency than
topology1, with latency reductions of approximately 7% and
17%, respectively (results averaged over 10 independent runs).
This demonstrates that integrating fast paths between FPGA
nodes effectively reduces communication latency and improves
the overall system performance.

6.2.2 Accelerator configuration and tiling parameters

Four accelerators (Acc1–Acc4) are implemented on
FPGA1–FPGA4 for LNS, while three accelerators (Acc5–
Acc7) are deployed on FPGA5 and FPGA6 for classification.
The cross-layer parameters of these accelerators are listed in
Table 3 (the configuration for the FC layer accelerator in the
LNC-net is omitted from the table; it is configured with 2 PE
links, each containing 32 PEs.) The tiling factors are derived
using the performance model from Dey et al. (2018). To bal-
ance the execution time across the pipeline stages shown in
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Fig. 11, we allocated different resource budgets to Acc1–Acc7,
resulting in distinct tiling configurations.

As shown in Table 3, Acc4-1–Acc4-4 exhibit a higher de-
gree of parallelism, reflecting greater computational complexity
of the TCONV layers. For all accelerators, we set Tr = R and
Tc = C to maximize parallelism, as the input image sizes are
relatively small. Block RAMs (BRAMs) and LUTs emerge
as the limiting resources on FPGA1–FPGA3; all available ul-
traRAMs (URAMs) are used to store inter-layer data of the
dense blocks. On FPGA5 and FPGA6, URAMs are unused, as
the available BRAM capacity is sufficient for storing LNC-net
weights and inter-layer data.

6.2.3 Hardware utilization

Table 4 summarizes the full post-implementation resource
utilization and operating frequency of all six FPGA nodes after
place and route. All nodes adopt Xilinx XCVU9P FPGA and
meet the 200-MHz design target. FPGA1–4, implementing
the LNS-net segmentation accelerators, exhibit higher BRAM,
URAM, and LUT usage due to larger intermediate feature
maps. In contrast, FPGA5–6, implementing the lightweight
LNC-net classification accelerators, require fewer resources and
no URAMs. Benefiting from the proposed mapping schemes
and inter-FPGA communication optimizations, most acceler-
ators achieve a runtime hardware utilization above 80%. The
exception is Acc7, whose utilization is limited by data depen-
dency on Acc6—the throughput bottleneck of the classification
pipeline.
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Fig. 15 Processing latency of a single image on different
system prototypes

6.2.4 Latency breakdown

Fig. 16 presents the latency breakdown across different
platforms. Our multi-FPGA system achieves significant la-
tency reduction compared to both CPU and GPU implementa-
tions: segmentation latency is reduced to 9.2 ms (vs. 1187.8 ms
on CPU and 16.5 ms on GPU) and classification latency to
0.3 ms (vs. 10.4 ms on CPU and 0.5 ms on GPU).
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Fig. 16 Latency breakdown of lung nodule detection on
different platforms

6.2.5 Comparisons with CPU and GPU

Table 5 compares the performance of the CPU, GPU, and
our multi-FPGA system in accelerating LNS-net and LNC-net,
using throughput, latency, and energy efficiency as key metrics.
The latency values represent the average processing time per
image across a batch of eight images; larger batch sizes were
infeasible on the GPU due to memory constraints. To ensure
fair comparison, all results in Table 5 use 8-bit fixed-point
precision with appropriate optimizations: TensorRT for GPU
and custom hardware acceleration for FPGA.

Our multi-FPGA system demonstrates superior perfor-
mance in both acceleration tasks. For LNS, it achieves
128.2× and 1.8× higher throughput than the CPU and
GPU implementations, respectively. In LNC, the system

Table 3 Tiling factors and Winograd algorithm configurations of accelerators

Accelerator Winograd configuration Tm Tn Tz Tc (= C) Tr (= R)

Acc1 F (43, 33) 12 6 8 48 48
Acc2 F (23, 33) 12 4 4 24 24
Acc3 F (23, 33) 6 2 4 12 12
Acc4-1–Acc4-4 F (43, 33) 16/16/16/2 8/8/8/8 4/8/8/8 12/24/48/96 12/24/48/48
Acc5–Acc7 F (23, 33) 16/16/16 4/4/4 8/8/4 32/16/8 32/16/8

C and R denote the total number of channels and the spatial resolution, respectively. Acc4-1–Acc4-4 are four distinct accelerators
implemented on the same FPGA4 node, each with its own tiling configuration

Table 4 Post-implementation resource utilization and operating frequency of all FPGA nodes

FPGA Target accelerator DSP BRAM URAM LUT Frequency (MHz)

FPGA1 Acc1 (LNS-net) 3138 (46%) 1289 (60%) 340 (35%) 830k (70%) 200
FPGA2 Acc2 (LNS-net) 3138 (46%) 1545 (72%) 340 (35%) 837k (71%) 200
FPGA3 Acc3 (LNS-net) 3138 (46%) 1613 (75%) 340 (35%) 866k (73%) 200
FPGA4 Acc4-1–Acc4-4 (LNS-net) 2418 (35%) 1191 (55%) 340 (35%) 612k (52%) 200
FPGA5 Acc5–Acc6 (LNC-net) 1842 (27%) 872 (41%) 0 438k (37%) 200
FPGA6 Acc7 (LNC-net) 1842 (27%) 872 (41%) 0 438k (37%) 200

here, k denotes 1000
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Table 5 Comparisons with CPU/GPU solutions

Sub-procedure Metric CPU (E5-2680) GPU (GeForce RTX 2080) Multi-FPGA (MASA-BDv1 (VU9P))

Precision 8-bit fixed 8-bit fixed 8-bit fixed
Power (W per device) 115 225 60 (LNS), 48 (LNC)

Device count 1 4 4
LNS Latency∗ (ms) 1187.8 16.5 9.2

Total throughput (GOPS) 124 (1.0×) 8902.4 (71.8×) 15 894 (128.2×)
Per-device throughput (GOPS) 124 2225.6 3973.5

Per-Watt throughput (GOPS/W) 1.1 (1.0×) 9.9 (9.0×) 66.2 (60.2×)

Device count 1 2 2
Latency∗ (ms) 10.4 0.5 0.3

LNC Total throughput (GOPS) 118 (1.0×) 2145.1 (18.2×) 3773.2 (32.0×)
Per-device throughput (GOPS) 118 1972.6 1886.6

Per-Watt throughput (GOPS/W) 1.0 (1.0×) 8.6 (8.6×) 39.3 (39.3×)
∗ latency values are reported in milliseconds per image patch (48×96×96 for LNS-net and 16×32×32 for LNC-net), averaged across a batch of
eight patches. GOPS: gita operations per second

outperforms the CPU and GPU by factors of 32.0× and 1.8×
in throughput, respectively. Despite leveraging the CuDNN
library for GPU optimization, the computational efficiency re-
mains suboptimal for both networks (NVIDIA, 2019). This
can be attributed to two primary factors: (1) the substantial
volume of inter-layer data in LNS-net increases memory access
overhead on the GPU; (2) the relatively low computation-
to-communication ratio in LNC-net limits GPU acceleration
efficacy. Furthermore, compared to our prior work, the cur-
rent system achieves higher throughput for LNS, attributable
to the introduction of fast paths between FPGA nodes and the
use of 8-bit fixed-point precision.

In terms of energy efficiency, our multi-FPGA system also
ranks the highest. For LNS, it is 60.2× and 6.7× higher energy-
efficient than the CPU and GPU, respectively. Similarly, for
LNC, it achieves 39.3× and 4.6× higher energy efficiency com-
pared to the CPU and GPU, respectively.

6.2.6 Detection recall

We evaluated detection accuracy using the recall rate,
defined as the proportion of retrieved true positives to all an-
notated positive nodules (negative nodules are excluded from
this evaluation). Fig. 17 compares the recall rate of our FPGA-
based solution and the GPU baseline.
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Fig. 17 Recall rate of multi-FPGA and GPU solutions

The FPGA implementation achieved recall rate closely
matching the GPU solution across the evaluated subsets, with
an overall recall of 0.87—approximately 3% lower than the
GPU’s 0.90. Results are reported for the four evaluated subsets
(subset0–subset3) from the official LUNA16 split. The consis-
tent trend across these subsets indicates that the observed
performance gap is stable. This minor discrepancy stems from
the use of the 3D Winograd algorithm in our FPGA accelera-

tors for computing CONV and TCONV layers. As the Wino-
grad method is an approximation of standard convolution, a
marginal accuracy loss is inherent. Nevertheless, both imple-
mentations attain state-of-the-art recall rates comparable to
top-performing entries in the LUNA16 challenge (Wikipedia,
2019), underscoring the competitive detection accuracy of our
multi-FPGA system.

6.2.7 Reliability analysis of lightweight protocol

To validate that the lightweight protocol’s reliability
trade-off does not compromise segmentation accuracy, we con-
duct an ablation study comparing three configurations.

1. Baseline: TCP/IP only (no fast paths);
2. Lightweight without duplication: fast paths enabled,

but without the data duplication mechanism;
3. Lightweight with duplication: fast paths + data dupli-

cation FIFO (as described in Section 4.3.2).
We first measured packet loss rate under sustained 100-

Gb/s traffic over a 24-h period. The results showed that the
TCP/IP baseline achieved 0% loss (guaranteed by retrans-
mission). For lightweight network without duplication, the
average loss rate was 4.7× 10−7. For lightweight network with
duplication, the effective loss rate after compensation was less
than 1× 10−9.

We then evaluated the impact on segmentation recall
(LUNA16 subset0). As shown in Table 6, the lightweight pro-
tocol with duplication achieved recall identical to the TCP/IP
baseline (87.1% vs. 87.0%), while the version without duplica-
tion suffers a marginal drop (from 87.1% to 86.8% over 10 000
test samples) due to rare packet loss affecting boundary voxels
in TCONV layers. This confirmed that our duplication mech-
anism effectively masks the reliability loss without incurring
the latency overhead of full TCP retransmission.

6.2.8 Ablation study: impact of Winograd algorithm on seg-
mentation accuracy

To explicitly identify the source of the approximately
3.4% recall gap between our FPGA implementation (87.1%)
and the GPU baseline (90.2%), we conducted a con-
trolled ablation study on LUNA16 subset0 with three
configurations: configuration A (GPU, standard CONV), con-
figuration B (FPGA, standard CONV, Winograd bypassed),
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Table 6 Recall comparison across different convolution implementations

Configuration Recall Relative drop Note

Configuration A: GPU (standard CONV) 90.2% Baseline
Configuration B: FPGA (standard CONV) 89.8% 0.4% Hardware-induced quantization loss
Configuration C: FPGA (Winograd) 87.1% 3.4% Winograd approximation + quantization

and configuration C (FPGA, Winograd). All configurations
use identical 8-bit fixed-point quantization and the same LNS-
net model architecture. Results are summarized in Table 6.

The recall of configuration B reaches 89.8%, only 0.4%
lower than the GPU baseline (configuration A, 90.2%), at-
tributed to fixed-point quantization and hardware-specific
rounding. Configuration C with Winograd optimization yields
87.1% recall, representing an additional 3.0% drop relative
to configuration B. These results confirm that the dominant
source of accuracy loss is the approximate computation inher-
ent to the Winograd algorithm.

6.3 Scalability analysis

Our analysis shows that the system scales effectively from
2 to 6 nodes. Extrapolation indicates three potential bottle-
necks: interconnect saturation (N ≥ 8), memory bandwidth
contention (N ≥ 12), and load imbalance (N ≥ 16). A de-
tailed analytical model and mitigation strategies are provided
in Section S8 in the ESM.

6.4 Clinical deployment analysis

As summarized in Table 2, the end-to-end latency for a
full CT scan is approximately 1.30 s, meeting the requirement
for real-time clinical feedback. Detailed physical deployment
characteristics (rack size, power envelope, and cooling) are
reported in Section S9 in the ESM.

7 Conclusions

This paper demonstrates that multi-FPGA acceleration is
a viable path toward clinical deployment of 3D CNNs for lung
nodule detection. Our hybrid interconnect topology with fast
paths and dual-parallelism mapping strategy achieves 128.2×
throughput improvement over CPU and 1.8× over GPU, with
6.7× higher energy efficiency than GPU solutions. The sys-
tem processes a full CT scan in approximately 1.30 s while
achieving 87.1% recall on LUNA16, which indicates competi-
tive detection accuracy relative to the GPU baseline.

1. Real-time viability. In clinical workflows, CAD systems
must return results within seconds. Our approximately 1.30-s
end-to-end latency meets this requirement, and the pipelined
architecture further improves steady-state throughput by over-
lapping scan processing across stages.

2. Key insights. This work offers three takeaways: (1)
FPGAs provide a practical accuracy–efficiency trade-off, de-
livering competitive detection accuracy together with substan-
tially better energy efficiency than the GPU baseline; (2) scal-
ability requires holistic optimization of interconnect, workload
balancing, and communication; (3) clinical deployment is fea-
sible with standard rack mounting, < 500 W power, and silent
operation.

3. Limitations and future work. The 3.4% recall gap from
Winograd approximation calls for hybrid convolution strate-
gies. Interconnect saturation beyond eight FPGAs motivates
exploration of fat-tree topologies. Migrating CPU stages to
FPGA could further reduce latency. Future work includes
multi-center validation and regulatory pathways.
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