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COMPARATIVE ANALYSIS OF OBJECT DETECTION
PROCESSING SPEED ON THE BASIS OF NEUROPROCESSORS
AND NEUROACCELERATORS

Abstract. This paper is devoted to a comparative analysis of neural network models based on neuroprocessors.
The following neural network models were selected: MobileNetSSD v1, SSD MobileNet v2. As a research task, the
authors determined an attempt to compare several platforms that differ in size, computational capabilities and cost:
Coral Dev Board, NVIDIA Jetson Nano, Coral USB Accelerator, Neural Compute Stick 2, Raspberry Pi 4. Local
data processing offers a number of advantages compared to downloading calculations to a remote server or data
center. Firstly, downloading data to remote servers takes a lot of time, as well as additional costs for infrastructure
with energy, financial and computer equipment. It also requires high bandwidth and reliability, as data transfer may
not be completed in case of a bad signal. Secondly, data transfer can lead to security and privacy issues. Finally, local
processing can reduce the amount of data transferred to the cloud, which allows to performing tasks of a higher level.

The aim of this paper is a comparative analysis of platforms for object recognition tasks (object detection) with
MobileNetSSD v1 / v2 models. For training, a cloud service based on the Jupyter Notebook, which gives access to
incredibly fast GPUs and TPUs was used. The paper addresses the topic of determining small objects using the
example of car detection.

Based on the study of platforms and models, it was found that the MobileNetSSD v1 model is effective for
NVIDIA Jetson Nano by NVIDIA (61FPS), but in turn, the MobileNet v2 SSD model is less efficient (11FPS).
Google’s Coral Dev Board is more productive than other devices (47.8FPS and 63FPS). Raspberry Pi 4 (0.8FPS and
1.4FPS) turned out to be less effective. Among neuroprocessors, Neural Compute Stick 2 (9FPS and 7.1FPS) showed
poor performance.

Key words: convolutional neural network, neuroaccelerators, neuroprocessor, object detection, deep learning.

1. Introduction

In modern conditions, the tasks of intelligent image processing are relevant, so the question arises of
choosing a hardware platform with minimal power consumption, small size and high computing power
[1-3]. There are a number of neural network models for object detection: Single Shot Detector (SSD),
Faster Region-based Convolutional Neural Networks (R-CNN) and Region based Fully Convolutional
Networks (R-FCN) [4]. These models, combined with various models such as VGG, Resnetl01 and
Mobilenet, determine the optimal combination of performance and speed. The combination of Faster
R-CNN with Resnet-101 provides the best accuracy for object definition with 33.7% average accuracy and
396 ms oftime in the GPU. The SSD-MobileNet model provides 19% and 40 ms in the GPU.

Other studies are aimed at improving the available models. For example, in [5], the performance of
the traditional Faster R-CNN method is optimized by connecting blocks to the Fast R-CNN model, this
new network is called RF-RCNN. The traditional Faster R-CNN method has an accuracy of about 61%,
and with RF-RCNN this value improves to 75%.
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The paper [6] describes the analysis in terms ofthe power and computational capabilities ofthe CNN-
based model for an object detection system. The implementation uses a platform for embedded devices
with support for a graphics processor (GPU), and the results are compared with a traditional platform
based on a personal computer (PC).

In [7], the Movidius Neural Computer Stick is used to implement real-time object detection systems
on the Raspberry Pi 3B. The results show that Movidius reaches 3.5 FPS. In most cases, detection models
are used in modern computers with a GPU, the reason is that models such as Faster R-CNN, R-FCN or
GoogleLenet require high processing, which cannot be satisfied with the built-in device. The most suitable
deployment model with embedded devices and additional graphics processing elements is SSD-Mobilnet,
which is strictly designed for devices with low performance. And also, the MobileNet SSD is an advanced
convolution network architecture (model) that allows for fast recognition [8-9]. MobileNet SSDs are
20 times faster than their peers. The aim of this work is a comparative analysis of the computing
capabilities of neuroprocessors and neuroaccelerators such as Coral Dev Board, NVIDIA Jetson Nano,
Coral USB Accelerator, Movidus Neural Compute.

2. Hardware testing platforms

Platform NVIDIA Jetson Nano single-board computer for computing in the field of Artificial
Intelligence (Al). A small computer with CUDA-X Al library support delivers 472 gigaflops to run
modern Al workloads. The solution expands the capabilities of developers in terms of creating loT
applications, including for entry-level DVRs, home robots and smart gateways with analytical capabilities.

Figure 1 - NVIDIA Jetson Nano

Table 1- NVIDIA Jetson Nano Features

Parameter Value

CPU Quad-core ARMA57 @ 1.43 GHz
GPU 128-core Maxwell

RAM 4 GB 64-bit LPDDR4 25.6 GB/s
Cost 100$

Intel® Neural Compute Stick 2 is a plug-and-play development kit for Al. The module can work
without connecting to cloud technologies and allows you to create prototypes using inexpensive end
devices such as Raspberry Pi4, etc.

Figure 2 - Intel® Neural Compute Stick 2+Rb Pi4
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Table 2 - Intel® Neural Compute Stick 2 Specifications

Parameter Value

VPU Intel Movidius Myriad X
Power supply USB 3.0 Type-A

Sizes 725x27 x 14mm

Cost 100$

Coral USB Accelerator is a specialized ASIC developed by Google, which is considered a lightweight

version of the TPU (Tensor Processing Unit) provided as part of cloud services for training neural
networks.

Coral USB Accelerator supports two different operating modes: at standard frequency and maximum
frequency. At maximum frequency, output performance grows in two.

Figure 3 - Coral USB Accelerator+Rb Pi4

Table 3 - Coral USB Accelerator Specifications

Parameter Value

ML accelerator Google Edge TPU coprocessor
Connector USB 3.0 Type-C* (data/power)
Sizes 65 mmx 30 mm

Cost 7%

Coral Dev Board is a single-board computer that is ideal for quickly performing machine learning
(ML) operations in a small form factor (technical product standard). You can use Dev Board to prototype
your embedded system and then scale it to production using the integrated Coral System-on-Module
(SoM) system in combination with custom PCB hardware.

Figure 4 - Coral Dev Board

Table 4 - Coral Dev Board Specifications

Parameter Value

CPU NXP i.MX 8M SoC (quad Cortex-A53, Cortex-M4F)
GPU Integrated GC7000 Lite Graphics

ML accelerator Google Edge TPU coprocessor

ram 1GB LPDDR4

Flash memory 8 GB eMMC

Sizes 48mm x 40mm x Smm

Cost 150 %
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The Raspberry Pi 4 is a single-board computer the size of a bank card, originally developed as a
budget system for teaching computer science, but later gaining wider application and fame.

Figure 5 - Raspberry Pi 4

Table 5 - Raspberry Pi 4 Specifications

Parameter Value

SoC Quad core Cortex-A72 (ARM v8) 64-bit SoOC @ 1.5GHz
GPU VideoCore VI ¢ OpenGL ES

Sizes 88 x 58 mm.

Cost 35$

3. The results of a comparative analysis of neuroprocessors

The following neural network models were selected as objects for testing: MobileNetSSD v1, SSD
MobileNet v2. Models are trained on common objects in the Common Objects in Context (COCO)
database of a data set. For training, we used a cloud service based on the Jupyter Notebook, which gives
access to incredibly fast GPUs and TPUs.

Graph 1below shows the results of a study on the processing speed of data on single-board platforms.
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Graph 1 - The result of testing platforms in FPS (the number of frames per second)
The diagram shows that the MobileNetSSD vl model is an order of magnitude faster with the

NVIDIA Jetson Nano (61FPS). The results obtained were tested for the task of recognizing the flow of
cars in real time (Figure 6).
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Figure 6 - Test result of MobileNet v1 / v2 SSD models in FPS (frames per second) trained using the COCO dataset

Based on the result (Figure 6), it can be seen that the detector missed small cars. The solution to
this problem is to increase the resolution of input images. Vehicles that are far away are not a problem for
the model. As the approach getting closer, models will be able to recognize their presence. The second
problem that may encounter is that the models do not distinguish between the "front" and "frontal" type of
vehicle. These incorrect classifications are partly due to the fact that the front and rear parts of vehicles
have many visually similar characteristics. Despite this, MobileNet SSDs achieve high recognition
accuracy.

4. Conclusion

The results of this paper show that the MobileNetSSD v1 model is effective for NVIDIA Jetson Nano
from NVIDIA (61FPS), however, this device for the MobileNet v2 SSD model showed a low performance
(11FPS) compared to other devices. Google’s Coral Dev Board is more productive than NVIDIA Jetson
Nano, whose results for neural network models are 47.8FPS and 63FPS, respectively. The Raspberry Pi 4
(0.8FPS and 1.4FPS) turned out to be not effective, since the platform does not have a built-in
neuroprocessor and a neuro accelerator. Among neuroprocessors, Neural Compute Stick 2 (9FPS and
7.1FPS) showed poor performance.

E.T. Koxarynos, [J.M. XXekcebaii, C.A. CapmaH6eToB, A.A. CaFat6aeBa, [. XXongac
an-Papabu atbiHAarsl Kasak ¥nTTbik YHUBepcuTeT Anmartsl, KasaxcraH

HENPOMPOLIECCOP/IAP MEH HEMPOXXbITOAMAATAbILLITAPAbLIH BASACBIHOA
OBBEKTINEPAL AHBILUTAY XblIJTJAMAbLITbIH CANLICTBIPMA/BLI TANOAY

AHHOTaumA. AKNapaTTbiK TEXHONOTMAra AEreH CypaHbICTbIL, apTybl HEMPOHABIK XXe/LLEpP MeH anropuTMAEPALL,
fJamyblHa  akeng”™  Courbl XXblngapbl 3epTTeyLepAl, Kbi3bIrYLWbIIbITbIH - apTThIpraH  MalliuMHabIK - OKbITY
anropuTmaep”™ COHbIL, iWiHAe, HEMPOHABIK Xenlep 6acTbl Ha3apra Wri OTbip. HelpoHabIK Xeni anroputmaepLue
KeCKiHAi eudey, MITWAaK Tingi eugey, ManiMeTTepdi Tanjay >XsHe T.6. >xaTafbl, HEMpPOHAbIK >Keni KenTereH
cananapfa >korapbl H3TV)Kenepre Kon >kKeTwsed™ Byn XencnkTep 3epTTeywlinepai ajam emipiHiy 6ap/bik
cananapblHAa HeipPOHAbIK anropuTMAEPAI KongaHyra wabbiTTaHabipagbl. BYTIHI Tauga 3uaTkep/k 6eiHeHi euaey
MiHAeTTepi e3eKTi 60/1bIN OTbIP.

YKyMbIC HeliponpoLeccopnap HerisiHge HepoHAbIK dxeni MogenfepiH canbiCTbipMaibl TYPoe Tangayra
apHa/iraH. 3epTTeyre HEMPOHABIK XeNiHiL Kenea Mogengepi Taugangsl: MobileNetSSD v1, SSD MobileNet v2.

YKymbIcTblK MakcaTbl MobileNetSSD v1/v2 mogenbgepi MeH OObeKTifnephi aHblKTayra apHanraH anaugapgpl
canbicToipMansl TYPae Tangay. Mogengep »annsl HeicaHgapgarsl Common Objects in Context (COCO) 6a3acbiHia
OKbITbINAbl. OKbITY YLiH 613 Jupyter Notebook-ke HerizgenreH Kbl3MeTTi KongaHablk, on GPU meH TPU-raxbingam

KO/ >XeTL3yre MyMKLWALW 6epesi. XXymbic aBTOMOGMAbAEPAI aHbIKTAY MbICASbIH KOMAAHA OTbIpbIM, K1LIKeHTal
3aTTapgbl aHbIKTaya KapacTbIpblaraH.
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Ke3genreH makcaTka Kos xeTLu3y YLiH Kesea M1HAETTep KOMbIgp:

Coral Dev Board, NVIDIA Jetson Nano, Coral USB Accelerator, Neural Compute Stick 2, Raspberry Pi 4
nnatgopmanapbiH canbICTbipy. BIp nnatansl npoueccopnap - 6yn Kon xetival 6araMeH MallMHabIK OKbITYAbIH
03bIK Y/TifiepiH OpHanacTbipyra MYMKIHAIK 6epeTil KepeMeT Kypangap 60bin Tabbinagbl. Jetson Nano - 6yn TonbIk
(hyHKLMOHaNabIrbl 6ap K1WKeHTad Linux KOMMblOTEp” OHbI BargapnamabiK dxacakTamMaHbl KOMAaHy TyprbiCbiHaH
vkempl etear On TensorFlow, Caffe, PyTorch, Keras x3aHe MXNet CuAKTbI MalLMHanapAbl OKbIHYAbIH 6apbIK
opTasiapbIMeH XyMbIC toTein anagbl. CanbicTbipy Ymm, Coral Dev Board, Coral USB Accelerator, Neural Compute
Stick 2, Raspberry Pi - Jetson Nano cuskTbl (hpeiiMBOPKTapAbl KONAaHy TYPrbiCbiHaH MKemal emec, eiiTKeLl
annapaTTbiK apXUTEKTypacbiHa CIMKEC KeneTwl apHaiibl (popmMatTarsl Mogenbiepal raHa kongaHa anagbl. CoHbIMeH
Xorapbla aTblbIn KeTKeH nnaThopManap e3fepLuLl WekTeynl MyMIWwHIKrepLle KapaMactaH onapasl MalnHas biK
OKbITyfa nalifanaHyga Twmpal etetwt 6lpHewe caktopnap 6ap. LLarbiH KyaTTbl TYTbiHY apKacblHAa LIPHOMPLUTeH
YWenep aepexTepal XuHay OpHbIHAa eHaeyre MYMKIHAiK 6epeal, Mbicansl penHae 10T KypbinrbicbiH, po6oTTapsel,
aBTOHOM/bl aBTOMOOW/b HeMece [LPOHAAPAbl XaTkbi3cak 6onagpl. XKeprwkn gepekrepal eHey KallbIKTarbl
cepBepre Hemece [epekTepAl eHAey opTa/ibirbiHa —ecenTeynepal >KYKTeyMeH canbicTbipraHga 6lpkatap
apTbIKWbIbIKTapasl 6epear blpwiulaeH fepektepal KalwbiKTarbl cepsepriepre XYKTey Y/IKeH KLptoTep anafbl,
COHbIMEH KaTap 3HEPreTUMKaNblK, KapXblIbIK X3He ecenTey TexXHUKanapbiMeH WH(PACTPYKTypara KoCbIMLIA
WbIrbiHAap anbin kenear CoHpait-ak, 6yn »orapbl eTk13y KableTTwn MeH CeluMALIKN KaxeT ereal, eiTkel
Hawap curHan 6onraH >xargaviga gepektepal x1bepy askTanmail kanybl MYMKiH. EwwHwieH, aepektepal »x16epy
Kaylwic13alK neH KynuanblibiK Macenenepiue anbin kemyl MymklH. CoHbIHAR, Xeprikn eHaey Oyntka 6epLueTiu
[iepeKTep KenemLu azaiTybl MYMKIH, 6y OraH >xorapbl feLrelifen TancelpmManapibl opbiHgayra MYMKIHAIK 6epear

OnappblH ecenTey kablueTTepl MeH KyHbl 6OiibIHLIA epeKLuenkTepw 6lpHele nnatdopmanapibl canbiCTbipa
OTbIPbIN aHbIKTaY;

Mnatgopmanap MeH mogenbaepal 3eptrey Henssge NVIDIA Jetson Nano NVIDIA-geH (61FPS) YiiH
MobileNetSSD v1 mogen TwmMal ekell aHbikTangsl, 61pak SSD MobileNet v2 mogenl MobileNetSSD v1 mogenlmeH
canbicTbipraHga Timawn temeH. Google Coral Dev Board 6acka Kypbinrbinapra kaparaHga tiumal (47,8FPS xaHe
63FPS). An Raspberry Pi 4 (0,8FPS 1 1,4FPS) Twumawn temeH. CoHbiMeH Katap Neural Compute Stick 2 (9FPS u
7,1FPS) mogengepl HeliponpoueccopnapAbly, apacbiHAa TEMEHMN KepCETLULLTEP KEPCeTn.

TyWwH ce3gep: XMHAKTaraH HeMpoHAbIK XXenl, HeipoYAeTKilTep, HeliponpoLeccop, O6LEKML aHbIKTay,
TepeHAeTLL OKbITY.

E.T. Koxarynos, [.M. XXekcebaii, C.A. CapmaH6eToB, A.A. CaFaT6aeBa, [l. XXongac
Kasaxckuit HauMOHa/IbHbIA YHUBEPCUTET MMeHU anb-Papabn, Anmartsl, KasaxcTaH.

CPABHUTENbHbIN AHAJIN3 CKOPOCTW OBPABOTKWN OBHAPYXEHWA OBbEKTOB
HA BA3E HEVPOTMPOLIECCOPOB 1 HEMPOYCKOPUTEJIEU

AHHOTauuA. BbICTPbIA POCT AaHHbIX, BHEAPEHWE HEMPOHHbIX CETEW W NOSBEHME PasfIMUHbIX TEXHOMOTUIA,
YCKOPSAOLMX npoLecc 0by4yeHns, NpuBenu K paspaboTke HelipOmnpoLLeccopoB W HelpoyckopuTeneid. B nocnegHue
rofbl anropuTMbl MAlIMHHOIO O0OYYeHWs MPMBMEKalT 60MbLUOe BHWMaHWe uccnefoBaTeneld, 3TO CBA3aHO C
HEOO6X0AMMOCTbI0 00paboTKM 6OMbLLON0 MaccuBa faHHbIX. ANTOPUTMbl HEAPOHHONW CETW BK/OYatOT 06paboTKy
N306paXkeHUii, 06pabOTKy ECTECTBEHHOIO f3blka, aHaNM3 [JaHHbIX W T. A. AOCTUraeT BbICOKMX pe3y/nbTaTOB BO
MHOIMX 06/1acTAX. STU JOCTUXEHNA BAOXHOBWU/N UCC/ef0BaTeNe Ha NPYMEHEHNE a/ITOPUTMOB HEMPOHHBIX CeTell B
CMOXHbIX 06/1aCTAX  YENOBEYECKOW KM3HW, TpebyioLleil MCMonb3oBaHWe HETPaATULMOHHBIX — anropuTMOB
aHaNIMTUYECKMX BbIYUCMEHWA. Ha CerogHsAWHWA [eHb 3ajadn WHTeNNeKTyalbHOl 06paboTkn 1306paKeHui
aKTya/lbHbl.

PaboTa MOCBsiLLEHA CPaBHWUTENbHOMY aHa/M3y HeMpoceTeBbIX MOAeneil Ha 6ase Heiponpoueccopos. bbim
BblOpaHbl Ccnegywowme HeipoceteBble Mogenu:  MobileNetSSD  v1, SSD MobileNet v2. B KkauecTse
1CCNefoBaTENbCKON 3afaun aBTopamu Obifa onpedenieHa NOMbITKa CPaBHEHWUTb HECKONbKO MaT(hopM, KOTOpble
OT/INYAKOTCA MO pasMepy, BbIUMCINTEbHBIM BO3MOXHOCTAM 1 ctoumocTu: Coral Dev Board, NVIDIA Jetson Nano,
Coral USB Accelerator, Neural Compute Stick 2, Raspberry Pi 4. 13-3a HU3KOro 3HepronoTpe6/ieHnst BCTPOEHHbIE
CUCTEMBbI MO3BONAKT 00pabaThiBaTb AaHHbIE B TOYKe cbopa, Hampumep, yctpoictea 10T, poboTbl, aBTOHOMHbIE
TPaHCNOPTHbIE CPEACTBA MM APOHbI. JIoKaslbHas 06paboTKa faHHbIX Npej/iaraeT psas NPeMMyLLEecTB Mo CPaBHEHMIO
C 3arpys3Koii BbIYMCNEHWIA Ha yaaneHHbIi cepBep UNW B LeHTP 06paboTku faHHbIX. Bo-nepBbIX, 3arpyska AaHHbIX Ha
yfaneHHble CepBepbl 3aHWMAaeT MHOrO BPEMEHW, a TaKxe [OMOSHUTENbHbIE PacXofbl Ha WHMPacTPyKTypy ¢
3HEepPreTUYeCKUM, (DUHAHCOBbIM M KOMMbIOTEPHLIM 000pPYAOBaHUEM. 3TO Takke TpebyeT BbICOKON MPOMYCKHOW
CMOCOBHOCTY M HAIEXXHOCTU, MOCKO/bKY Mepefaya AaHHbIX MOXET ObITb He 3aBepLUeHa B C/lyyae MoXoro CUrHana.
Bo-BTOpbIX, Nepefaya faHHbIX MOXeT NpuBecTu K npobnemMam 6e30MacHOCTM U KOH(MAeHLManbHOCTW. HakoHel,
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NoKa/lbHast 06paboTka MOXKET YMEHbLUMTL 06bEM AaHHbIX, NnepefaBaeMbiX B 06/1aK0, YTO MO3BOJISAET BbINOIHATH
3afaun 6onee BLICOKOr0 YpoBHS. OAHOMMATHbIE MPOLECCOPbl ABAAKTCA OT/IMYHBIMU WHCTPYMEHTaMK, KOTOpble
MO3BONAKOT Pa3BepTbiBaTh MEPeAoBble MOLENM MALIMHHOrO 06y4veHUs No LOCTYNHOMW UeHe. Jetson Nano - 3To
HeOOMbLUOW NONHO(YHKLUMOHA/IbHBIA KOMNbIOTEP Linux, KOTOpbI/A AenaeT ero rmbkMm B MNnaHe MChofb3oBaHWs
nporpamMHoro obecrneueHus. OH MOXeT paboTaTb CO BCEMW CPpefaMy MALIMHHOTO O6YyYeHUs, TakuMKU Kak
TensorFlow, Caffe, PyTorch, Keras m MXNet. [nd cpaBHeHUs, OH SIBSIETCA HErMOKUM C TOYKWU 3PEHUS
Mcnonb30BaHMA Takux nnatgopm, kak Coral Dev Board, Coral USB Accelerator, Neural Compute Stick 2, Raspberry
Pi -Jetson Nano, NocKo/sbKy MOXeT WMCMO/b30BaTb MOAEN TOMbKO B CreLManbHbIX (hopmaTax, COOTBETCTBYHOLLMX
annapaTHol apxXuTeKType.

Llenbio paboTbl ABASETCA CPaBHWUTENbHbLIA aHaM3 NAaTthopm Ans 3agady pacrnosHaBaHMs 00bekToB (object
detection) ¢ mogensmu MobileNetSSD v1/v2. B caTbe mogenn o0ydeHbl Ha 06uive 00bekThbl B 6aze Common
Objects in Context (COCO) Habopa faHHbIX. [1a 06y4eHns MCrnonb3oBanack 06MaqHbIA CepBMC Ha OCHOBE Jupyter
Notebook, koTopas gaeT focTyn K HeBeposTHO 6bicTpbiM GPU 1 TPU. B paboTe 3aTparvBaeTcs TeMa OnpegeneHus
MafileHbKMX 06bEKTOB Ha NprMepe AeTEKTUPOBaHNS aBTOMOBUNEN.

Ha ocHoBe M3y4yeHWsi NiaTopM M MOAENei yCTaHOBMEHO ,4TO Mogenb MobileNetSSD vl adekTuBHa ans
NVIDIA Jetson Nano ot NVIDIA (61FPS), Ho B cBOO ouepelb Mogens SSD MobileNet v2 meHee athgeKkTVBHA
(11FPS). Coral Dev Board ot Google siBnsieTcs 60nee npou3BoAWTeNlbHEE YeM Apyrue ycTpoictea (47,8FPS u
63FPS). MeHee ahekTmBHbIM OKasanca Raspberry Pi 4 (0,8FPS n 1,4FPS). Cpegn HeliponpoLecCOpPOB HM3KYHO
npoussoguTensHocTb nokasan Neural Compute Stick 2 (9FPS n 7,1FPS).

KnioueBble cfnoBa: CBEPTOYHAA HeNpPOHHaA CeTb, HeMpOYyCKOpUTENW, HelponpoLeccop, O6HapyXxeHue
06bEKTOB, r/1y60K0e 06yUeHNe.
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