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The single event effects (SEEs) evaluations caused by atmospheric neutrons were conducted on three different convo-
lutional neural network (CNN) models (Yolov3, MNIST, and ResNet50) in the atmospheric neutron irradiation spectrometer
(ANIS) at the China Spallation Neutron Source (CSNS). The Yolov3 and MNIST models were implemented on the XILINX
28-nm system-on-chip (SoC). Meanwhile, the Yolov3 and ResNet50 models were deployed on the XILINX 16-nm FinFET
UltraScale+MPSoC. The atmospheric neutron SEEs on the tested CNN systems were comprehensively evaluated from six
aspects, including chip type, network architecture, deployment methods, inference time, datasets, and the position of the
anchor boxes. The various types of SEE soft errors, SEE cross-sections, and their distribution were analyzed to explore
the radiation sensitivities and rules of 28-nm and 16-nm SoC. The current research can provide the technology support
of radiation-resistant design of CNN system for developing and applying high-reliability, long-lifespan domestic artificial
intelligence chips.
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1. Introduction
CNNs have demonstrated outstanding performance

across various fields such as image recognition, and object
detection.[1,2] Meanwhile, they show utter promising applica-
tions in satellite remote sensing, deep space exploration, and
so on.[3–5] The CNN system based on SoC benefits from these
advantages, which are supporting large-scale parallelism, high
performance-to-power ratio, and variable precision. More-
over, it can greatly improve the reliability and performance,
reduce the weight and power consumption of space electronic
system. Thereby, the CNN system based on SoC has the
tremendous application potential for spacecraft edge comput-
ing and terminal.[6] However, the high-energy particles in the
space radiation environment, such as protons and heavy ions,
pose one significant threat: SEEs.[7–9] The atmospheric neu-
trons interacting with atomic nuclei produce high-energy sec-
ondary particles, capable of causing SEEs in various aerospace
electronic systems around terrestrial.[10,11] And such atmo-
spheric radiation environments exist both on the earth’s sur-
face and in near-earth space. The resulting SEEs can lead to
some issues in numerous safety and reliability artificial intel-
ligence applications in terrestrial environments.[12,13]

The recent research has only focused on the impact of
SEEs on simple CNN models and specific single SoC,[14–18]

especially a little research on radiation experiment and the-
oretical analysis. Given the massive computational require-
ments of CNNs and the complexity of hardware, the impact
of SEEs on CNNs is exceptionally intricate. Therefore, the
various types of CNN models with artificial intelligence ap-
plication scenarios on different SoCs and implementations are
necessary to be studied. The atmospheric neutrons irradiation
accelerated environment can be produced by ANIS at CSNS,
making it feasible to assess the SEEs of CNN induced by at-
mospheric neutron.

In this paper, three different CNN models (Yolov3,
MNIST CNN, and ResNet50) have been implemented on the
28-nm SoC and 16-nm SoC using Vitis-AI and Xilinx Vitis
high level synthesis (HLS) tools. The SEE susceptibilities of
the involved CNNs have been evaluated by the ANIS at CSNS.
The complexity and practical applications of CNN models
have preliminarily revealed the phenomenon and patterns of
atmospheric neutron SEEs. The structure of the paper is as fol-
lows. Section 2 gives description of the tested SoCs and CNN
network models. Section 3 introduces the CNN system design,
atmospheric neutrons experiment platform and process. Sec-
tion 4 analyzes the experiment results. Finally, Section 5 is a
summary of this article.
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2. Tested devices and networks
2.1. Device under test

The two devices under test are shown in Table 1, one is the
28-nm SoC and the other is 16-nm SoC.[19,20] They are com-
posed of a processing system (PS) coupled with programmable
logic (PL) components. For the 28-nm SoC, the PS part con-
sists of dual Cortex-A9 Cores. When it comes to the 16-nm
SoC, the PS section contains dual Cortex-A53 and Cortex-R5
cores. On the other hand, their PL side is implemented in the
form of an FPGA, having flexible and configurable. And it is
noteworthy that the 16-nm SoC has more abundant resources
and powerful computational capabilities for executing CNNs.

Table 1. Comparison between 28-nm SoC and 16-nm MPSoC specifications.

28-nm SoC 16-nm MPSoC

Processor core Dual Cortex-A9
Dual Cortex-

A53+Cortex-R5
System logic cells (K) 85 103

DSP slices 220 240
On-chip memory DDR3 DDR4

Block RAMs (Mb) 4.9 5.3

2.2. Convolution neural network models and dataset
Three CNN models were selected for their advantages

such as real-time image recognition and object detection appli-

cations. The architecture of these CNN models comprises sev-
eral major components: including convolution layer (Conv),
maximum pooling player (Max-pooling), rectified linear unit
(ReLU), fully connected layer (FC), residual blocks (RB) +
batch normalization (BN), global average pooling (GAP), and
feature pyramid networks (FPN), as summarized in Table 2.

For the 28-nm SoC, the Yolov3 model is trained on the
Common Objects in Context (COCO) 2017 dataset, which
contains a large-scale object detection images categorized into
80 classes.[21] The second model is based on the MNIST CNN
model, trained on the MNIST dataset consisting of 28×28 pix-
els images divided into 10 different categories.[22] The third
model keeps the same architecture as the MNIST CNN, while
it is implemented using Vitis HLS.[23]

For the 16-nm SoC, the Yolov3 model is trained on
the PASCAL Visual Object Classes (PASCAL VOC) 2012
dataset, which consists of object detection images divided into
20 categories.[24] The second model is the ResNet-50, trained
on MNIST, a dataset consisting of 32×32 pixels images di-
vided into 10 categories.[25]

It is noteworthy that these CNNs based on 28-nm SoC
and 16-nm SoC are all implemented by Xilinx Vitis-AI tools,
except for the third one in the 28-nm SoC.

Table 2. The convolution neural network architectures.

Network Dataset Output types Conv Max-pooling ReLU FC RD+BN GAP FPN

Yolov3@28-nm SoC COCO2017 80
√ √

(Leaky)
√ √

MNIST CNN@28-nm SoC Vitis-AI MNIST 10
√ √ √ √

MNIST CNN@28-nm SoC
MNIST 10

√ √ √ √
Vitis HLS

ResNet50@16-nm SoC MNIST 10
√ √ √ √ √ √

Yolov3@16-nm SoC VOC2012 20
√ √

(Leaky)
√ √

3. Convolution neural networks system design and atmospheric neutrons experiment
3.1. Vitis-AI and Vitis HLS tools

In this paper, several CNN models have been developed based on the 28-nm SoC and 16-nm SoC, leveraging the Vitis-AI
tools and Vits HLS tools.[26,27] In additions, the model’s inference time, accuracy, the position of the anchor boxes (height/width),
and classification result, are individually evaluated, as shown in Table 3.

(i) Vitis-AI tools
This framework includes quantization, optimization, compilation, as well as libraries to run inference and the acceleration

runtime (XRT) for deploying quantized neural networks on SoCs, as depicted in Fig. 1. It provides minimal effort for migrating
an application from one edge platform to another. And the N2Cube, based on the XRT, provides the application programming
interfaces to implement CNN application in Python or other language. In additions, some DPU un-supported operations like
softmax and pooling are implemented on the CPU side.

Table 3. The CNN systems output detection results.

Experiment SoC Inference support Network Inference time Accuracy Classification result Height/width

28-nm SoC Vitis-AI tools Yolov3
√ √ √

Vitis-AI tools MNIST CNN
√

Vitis HLS tools MNIST CNN
√

16-nm SoC Vitis-AI tools ResNet50
√ √

Vitis-AI tools Yolov3
√ √ √ √
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TensorflowFrameworks

Vitis AI models

Vitis AI 

Development kit

Overlay Deep learning processing unit (DPU)

Xilinx runtime library (XRT)

AI profiler AI library

AI quantizerAI quantizerAI complier

Model zoo Custom models

PyTorchCaffe

Fig. 1. The Xilinx Vitis-AI framework.

(ii) Vitis HLS tools
The Xilinx HLS tool is applied to simplify the CNN’s

complex design flows. It converts the high-level specification
languages to low-level hardware languages, and automates the

compilation of the high-level specification functional language
into a register-transfer level (RTL) acceleration IP core. Con-
sequently, then the acceleration IP core can be used by Vivado
software suite. The CNN models can be rapidly implemented
by this approach.

3.2. CNNs on devices
3.2.1. Design process of CNN systems-based Vitis-AI

The Vitis-AI utilizes the INT8 data type for quantizing
the CNN models, facilitating the model compression to reduce
area, memory, and other resources. The implementation flow
of Vitis-AI is illustrated taking an example of the 16-nm SoC
CNN system. This process includes training CNN models on
personal computer (PC), quantizing, optimizing, and compil-
ing models on Vitis-AI tools, and subsequent hardware devel-
opment, as drawn in Fig. 2.

Tensorflow framework

Freeze

Xilinx vitis AI docker

Xilinx 28 nm SoC and Xilinx 16 nm

Transfer

CNN model
training

CNN model .h5

file (Yolov3.h5
and so on)

FinFET MPSoC

Model.so file

Inference Python
script

Inference dateset SD card

(BOOT.bin and
image.up)

Model.so file Dpu-model.elf

Optimizer

Parser

Compliation tools

DPU model (INT8)
(deploy.pb)

Quantize network
parameters

Float model (32)

Quantization tools
Data pre processing

Python scripts

CNN model .pb file
(Yolov3.pb and so on)

Dataset

(COCO2017,

VOC2012, MNIST)

Device .dcf
and .json files

Fig. 2. The Xilinx Vitis-AI design flow.

The Yolov3 network is trained on the VOC2012 dataset.
The model is trained using the standard 9 anchor boxes.
Input images size is resized to 416×416 by Yolov3, after
which objects are detected. The bounding box coordinates
(height/width) are then output with relative to the original
dataset size.

Firstly, the Yolov3 is trained by TensorFlow framework
on the PC. The training consists of two stages. During the
first stage, most layers are frozen and only the last few output
layers are trained; in the second stage, all layers are unfrozen
and the model is fine-tuned. The pretraining process includes
50 epochs in each stage. Then the light-weight model graph
Yolov3.pb will be generated.

Secondly, the deploy model (deploy.pb) is generated ac-
cording to the frozen network graph Yolov3.pb serves as the
input, with the input and output nodes, input shape and dataset

preprocessing script.
Thirdly, according to device’s data processing unit (DPU)

types, hardware architecture description files (.json and .dcf),
the quantized network is compiled by Vitis AI deep neural
network development kit (DNNDK) tool. This step compile
layer information for DPU, summarizing operations required
for both DPU and CPU sides. Then, the dynamic link library
file (.so) is generated using Xilinx runtime docker.

Finally, the generated .so file, dataset and inference
Python script are transferred into the SD card for deployment.
This implements the Yolov3 model on the MPSoC system.

The ResNet50 network is trained on the MNIST dataset.
Input images are converted into 32×32 pixels by ResNet50
for number classification. The ResNet50 network follows the
same Vitis-AI flow as Yolov3. Additionally, the Yolov3 net-
work for the 28-nm SoC is trained on the COCO2017 dataset.
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This network design flow mirrors the Vitis-AI flow as Yolov3
in MPSoC. Regarding another two MNIST dataset CNN net-
works, one follows the Vitis-AI flow, and the other follows the
Vits HLS flow. The input images size is 28×28 pixels, and
they classify number. The former adheres to Vitis-AI flow,
similar to Yolov3 and ResNet50.

3.2.2. The design process of CNN system-based Vitis
HLS

SoC-based inference accelerators can be implemented
using Vitis HLS. The design flow is shown in Fig. 3. For
the MNIST CNN, the network accelerator IP core can be
designed by Vitis HLS based on the network framework,

PC (Xilinx tools)

FPGA (Zynq 7020 SoC)

CNN model training

Generate model parameters

Synthesis

Acceleration IP core

Vivado

Block design

Zynq 7020 SoC processor
system

Synthesis

Implementation

Bitstream generation

SoC logic inferencing

SD dard: dataset, model
paremeters, bitstream,
inference python script.

Vitis HLSPC (tensorflow)

Fig. 3. The design flow of Vitis HLS tools.

weights, and biases. The accelerator IP can then be integrated
into the block design. The Vivado software suite is employed
to connect the accelerator IP core with Xilinx 28-nm Zynq-
7020 SoC in the block design. In this manner, the same archi-
tecture MNIST CNN can be implemented.

3.3. Atmospheric neutrons experiment

In this study, simulated atmospheric neutron irradiation
experiments were conducted at the ANIS facility of CSNS.
During the irradiation tests, the neutron intensity exceeded
106 n/cm2·s. The atmospheric neutron irradiation experiments
fluence was measured by ANIS neutron detector, then the flu-
ence data acquired by CSNS-ANIS host computer software.
The JEDEC is the terrestrial neutron spectrum data.[28] The
ANIS neutron spectrum is highly consistent with the JEDEC
standards. During experiments, the test chip was positioned
about 20 m from the target center, utilizing the accelera-
tor beam with the power of 140 kW. A beam spot size of
2 cm×2 cm was employed with the uniformity of ±10%, en-
suring coverage of the test chips. Figure 4 shows the SoC and
MPSoC CNN systems of neutron irradiation.

(a) 28 nm SoC (b) 16 nm MPSoC

28 nm SoC 12 V power

16 nm FinFET
MPSoC USB port

12 V powerUSB port

Fig. 4. The 28-nm SoC and 16-nm MPSoC CNN systems of atmo-
spheric neutron irradiation experiment.

During the irradiation test, the Yolov3, ResNet50, and
MNIST CNN were executed in real-time, and various metrics
including inference time, accuracy, height/width, and classifi-
cation result were recorded. The test process of atmospheric
neutron irradiation experiment is drawn in Fig. 5.

Y

Y

N

N

Start

Choose the test CNN model

(YOLO, ResNet50, MNIST)

Dataset inference

(VOC, COCO, MNIST)

Atmospheric neutron
irradiation

CNN system test
exception?

Record experimental result

Goal fluence?

Statistic analysis

CNN system reconfiguration

Fig. 5. The test procedure of atmospheric neutron irradiation experi-
ment.

The 28-nm SoC and 16-nm SoC-based CNN systems
have been implemented. The process of the irradiation exper-
iment is as follows. Firstly, the SoC system and CNN model

018501-4



Chin. Phys. B 34, 018501 (2025)

are selected. Secondly, the CNN model performs inference
process in real-time. Thirdly, the atmospheric neutron irradi-
ation experiment was launched at the ANIS and the system
outputs are monitored in real-time. Finally, the CNN system
is reconfigured in case of system exception. Experimental re-
sults are recorded, and the irradiation is halted when achieving
the goal fluence. The process of neutron irradiation is repeated
until all CNN models have been tested.

4. Atmospheric neutrons experiment results and
analysis

4.1. Xilinx 28-nm Zynq-7020 SoC experiment results and
analysis

The observed SEE soft errors can be categorized into
eight main types: false negative (FN), false positive (FP), clas-
sification error (CE), accuracy decrease (AD), accuracy in-
crease (AI), system crash (SC), system halt (SH), duplicate
recognition (DR).

FN: the number of detected objects is different from the

golden prediction and is lower.
FP: the number of detected objects differs from the golden

prediction and is higher.
CE: the number of detected objects is same as the golden

prediction, but the objects classification results are different.
AD: the object detection accuracy is lower than the

golden prediction.
AI: the object detection accuracy is higher than the golden

prediction.
SC: the SoC CNN system fails to perform dataset infer-

ence.
SH: the SoC CNN system stops outputting messages.
DR: the SoC CNN system repeatedly outputs the same

object detection results.
The definition of the FN and FP can better be depicted in

Fig. 6.[29] In a typical environment, the Yolov3 CNN system
is able to detect the three objects. However, in an irradiation
environment, the Yolov3 CNN system may detect either two
objects or four objects.

Dog

Bicycle

Car

Truck

Dog
Bicycle

Car

Bicycle

Car

(a) Golden prediction (c) FP: higher recognition(b)  FN: lower recognition

Fig. 6. The Yolov3 objects detection example.

Table 4 provides a summary of the SEE soft errors de-
tected during the atmospheric neutron irradiation. The SEEs
soft errors are categorized into eight types for Yolov3, while
four types for Vitis-AI MNIST CNN and two types for Vi-
tis HLS MNIST CNN. And the SEE cross-section were com-
puted.

The SEE cross-section can be calculated by[30]

σ =
N
F
, (1)

where σ is the cross section of SEE soft error in unit cm2; N is
the number of SEE soft error events; F is the neutron fluence in
particles per cm2. The atmosphere neutron experiment fluence
is 2.358×109 n/cm2, 1.211×1010 n/cm2, 1.342×1010 n/cm2,
respectively.

In the atmospheric neutron irradiation environment, the
SoC-based Yolov3 CNN system was sensitive to SEE. The
FP, FN, CE, AD, and AI severely impacted the inference per-
formance of the Yolov3 CNN system. During irradiation, the
Yolov3 CNN system was more prone to missing objects detec-

tion, leading to decreased accuracy. In addition, it is worth not-
ing that some object recognition accuracy improved as well.
The objects detection associated errors (FP, FN, and CE) ac-
counts for 19.91%, while the recognition accuracy decrease
and increase accounted for 75.29% of all errors.

For the Vitis-AI MNIST CNN system, CE was the pre-
dominant error type.

In contrast, for the Vitis HLS MNIST CNN system, the
SC was the main error type. The CNN system stops inference
when the SC error occurs. And it requires to be reconfigured,
severely impacting the normal operation of the CNN system.
This indicates that the implement CNN systems using Vitis
HLS tools are more sensitive in processor system.

It is important to note that regardless of the deployment
method, the 28-nm SoC-based CNN system all occurred SC
and SH errors. The SC manifested as several types as fol-
lows: firstly, the first stage boot loader (FSBL) exception, sec-
ondly, the CNN system inference stage outputs system excep-
tion codes. For the same architecture MNIST CNN, the Vitis
HLS implementation of network is more vulnerable to SEE.
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Table 4. The SEE soft errors neutron experiment results of Xilinx 28-nm SoC.

Experiment network Error types Error count Fluence (n·cm−2) SEE cross-section (cm2)

Yolov3

false negative 93

2.358×109

3.944×10−8

false positive 20 8.482×10−9

classification error 24 1.018×10−8

accuracy decrease 460 1.951×10−7

accuracy increase 58 2.460×10−8

system crash 22 9.330×10−9

system hang 5 2.120×10−9

duplicate recognition 6 2.545×10−9

Vitis-AI MNIST CNN

classification error 6455

1.211×1010

5.330×10−7

system crash 75 6.193×10−9

system hang 12 9.909×10−10

duplicate recognition 1 8.258×10−11

Vitis HLS MNIST CNN
system crash 68

1.342×1010 5.067×10−9

system hang 7 5.216×10−10

4.2. Xilinx 16-nm MPSoC experiment results and analysis

The detected SEE soft errors can be categorized into nine main types: FN, FP, CE, AD, AI, system interrupt (SI), height/width
(HW), DR, auto reboot (AR).

SI: the MPSoC CNN system inference interrupt during irradiation.
HW: the bounding box coordinates of objects is different between the golden prediction. This difference includes height,

width, or both.
AR: the MPSoC CNN system auto reboots during irradiation.
Table 5 lists the SEE soft errors detected during the atmospheric neutron irradiation. The SEEs soft errors were categorized

into seven types for Yolov3, and four types in ResNet50. The SEE cross section can be calculated by Eq. (1). The atmospheric
neutron experiment fluence is 1.626×1010 n/cm2 and 1.516×1010 n/cm2, respectively.

Table 5. The SEE soft errors neutron experiment results of Xilinx 16-nm MPSoC.

Experiment network Error types Error count Fluence (n·cm−2) SEE cross-section (cm2)

ResNet50

classification error 23601

1.626×1010

1.451×10−6

duplicate recognition 2 1.230×10−10

interrupt 2 1.230×10−10

auto reboot 2 1.230×10−10

Yolov3

false negative 323

1.516×1010

2.131×10−8

false positive 188 1.240×10−8

classification error 45 2.968×10−9

accuracy decrease 3579 2.361×10−7

accuracy increase 752 4.960×10−8

interrupt 6 3.958×10−10

width and height 2069 1.365×10−7

In the atmospheric neutron irradiation environment, the
MPSoC-based Yolov3 CNN system underwent testing. The
FP, FN, CE, AD, and AI significantly impact the reliability of
the Yolov3 CNN system. Similar to the 28-nm Yolov3 CNN
system, the neutron irradiation results of the MPSoC Yolov3
CNN system indicate that the number and accuracy of object
detection are affected, with both increases and decreases ob-
served. The object detection-associated errors accounts for
11.36%, while the recognition accuracy decrease and increase
accounts for 88.51% of all error types. In addition, the HW er-
rors were detected during irradiation. These errors resulted in

changes in the object detection (numbers and categories of ob-
jects, prediction accuracy) and different with the golden data.

For the MPSoC-based ResNet50 CNN system, the CE
was also the predominant error type. This is because the CNN
system only outputs the single number category.

4.3. Comparing 28-nm SoC with 16-nm SoC SEE results
and discussion

According to the irradiation experiment, the SEE soft er-
rors observed as shown in Fig. 7. Based on the distribution
results, the accuracy decrease dominates the errors in Yolov3
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networks, accounting for more than 50%. And the FP, FN,
and CE also severely affected the reliability of Yolov3 CNN
system. In addition, the object detection accuracy might also
increase, which causes a threat to the reliability of the CNN
system. For the ResNet50 and Viti-AI MNIST CNN, CE was
the predominant error, accounting for more than 98%. For Viti

HLS MNIST CNN, the SC error accounts for more than 90%.
The SoC-based CNN system encounters significant SC errors,
which should be noticed.

The SEE cross section for the five CNN models are calcu-
lated and shown in Table 6. Based on these SEE cross-section
data, the 16-nm SoC is much more sensitive than 28-nm SoC.

(a) Yolov3@28 nm SoC

(e) ResNet50@16 nm SoC(d) Yolov3@16 nm SoC

vitis HLS 
(b) MNIST CNN@28 nm SoC

vitis AI 
(c) MNIST CNN@ 28 nm SoC

Fig. 7. The five CNN models distribution of SEE soft errors.

Table 6. The SEE cross section of different CNN systems.

Experiment network SEE cross-section (cm2)

Yolov3@28-nm SoC 2.833×10−8

MNIST CNN@28-nm SoC Vitis-AI 5.403×10−7

MNIST CNN@28-nm SoC Vitis HLS 5.589×10−9

ResNet50@16-nm SoC 1.452×10−6

Yolov3@16-nm SoC 4.592×10−7

The results of the neutron irradiation experiment for dif-
ferent CNN models are presented in Table 7. Whether based
on 28-nm SoC or 16-nm MPSoC, the CE, FP, FN, AD, and AI
were identified as the primary same types of errors for Yolov3

network. Additionally, the MPSoC has a higher error count
and error rate.

The same MNIST dataset was used for the 28-nm Vitis-
AI and 16-nm ResNet50 networks. Since these CNN networks
only output the number category, when the SEE occurs, it only
indicates in the classification results and system performance.
Therefore, the majority of the SEEs result is misclassification,
and the 16-nm SoC has higher classification errors. In addi-
tion, the 28-nm SoC CNN system suffers from more system
exception, which may be related to the packaging of the SoC
itself.

Table 7. The atmospheric neutron irradiation experiment results of different CNN systems.

Experiment network Test objects SEE error types CE FN FP AD AI
Error (CE+FN+FP)

Total errors
rate (%)

Yolov3@28-nm SoC 2415 8 24 92 20 460 58 5.67 688
MNIST CNN@28-nm

122058 4 6455 5.29 6543
SoC Vitis-AI

ResNet50@16-nm SoC 380716 4 23601 6.20 23607
Yolov3@16-nm SoC 7243 6 45 323 188 3579 752 7.68 5029

In terms of the inference time, which include the convo-
lution time, decode time, prob time, and total time, tests were
conducted based on the Yolov3 in both the SoC and MPSoC,
as well as the ResNet50 network. For the 28-nm SoC Yolov3
CNN system, the impact of neutron irradiation did not sig-
nificant impact the inference time. However, for the 16-nm

SoC CNN system, neutron irradiation increased the prob time
by approximately 100 ms for Yolov3. For example, without
irradiation: (prob time: 321.77 ms); whereas with the irradi-
ation, the prob time increased to 419.14 ms. For 16-nm SoC
ResNet50 CNN system, the impact of neutron irradiation on
the inference time of the 16-nm SoC ResNet50 CNN system
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was negligible, with only some slight slowdown observed in
object detection inference. As the semiconductor technology
nodes scaling from 28 nm to 16 nm, the device dimensions
and operating voltage are reduced. Thus, the CNN system
gets more sensitive to SEEs. The 16-nm SoC CNN system,
with more complex system integration, functional modules,
and memory units, is particularly susceptible.

5. Conclusion
The impact of SEEs induced by atmospheric neutron on

CNN system based on 28-nm and 16-nm SoCs have been com-
prehensively evaluated by utilizing ANIS at CSNS. During the
atmospheric neutron experiment, eight soft error types were
detected in the 28-nm CNN system, nine soft error types were
observed in the 16-nm CNN system. The SEE cross section
and distribution of these CNN models were calculated, reveal-
ing the CNN system based on Xilinx 16-nm MPSoC is more
sensitive than the 28-nm SoC. The experiment results illus-
trate that the SEEs severely impact the operation of CNN sys-
tem through atmospheric neutron irradiation and analysis of
experimental results, a comprehensive evaluation of the im-
pact mechanism of SEE on CNN systems. This research pro-
vides critical radiation-resistant design technologies support
and theoretical basis to enhance the reliability of domestic ar-
tificial intelligence chips, supporting the development and ap-
plication of high-reliability, long-lifespan domestic artificial
intelligence chips.
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