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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 vl / 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, Resnet101 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 of time 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 of the power and computational capabilities of the 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 (AI). 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 ARM AS57 @ 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 72,5x 27 x 14 mm

Cost 1008

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 mm x 30 mm

Cost 758

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 1 GB 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 SoC @ 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 1 below 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 v1 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).

— 4 ——
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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. KoxkaryJios, JI.M. Kekcedaii, C.A. CapmanberoB, A.A. CararbaeBa, /I. Kospnac
on-®apadu arernarsl Kazak ¥YarTeik YHUBEpcuTeTi, Anmatsl, Kazaxcran

HEPOIIPOLIECCOPJIAP MEH HEMPOKBLTIAMIATKBIIITAPIBIH BA3ACBIHJIA
OBBEKTLIEPI AHBIKTAY KBLTJAMIBIFBIH CAJTBICTBIPMAJIBI TAJIIAY

AHHOTanMs1. AKIapaTThIK TEXHOJIOTUSFA IET'€H CYPaHbICTBIH apTybl HEHPOHBIK JKEJILIep MEH alrOpUTMIEPAiH
namybiHa  okenai. COHFBI OKbULIAPhl  3€PTTEYIIUIEPAIH KBI3BIFYIIBUIBIFBIH  apTTHIPFAH  MAIIMHAIBIK  OKBITY
aNrOpUTMIEPi, COHBIH ilIiHIEe, HEHPOHBIK XKeJliyiep 6acThl Hazapra iirin otelp. HeHpoHBIK kel aropuTMiepine
KECKIHJI OHJAey, MOTIHAIK TUINl eHJey, MAIIMETTepAl Taunay >koHe T.0. jKaraabl, HEWPOHIBIK el KenTereH
cajajlapZia JKOFapbl HOTWIKeNepre KOJ KeTKizemi. bys skericTikrep 3epTreyniiiepai anaMm eMipiHiH 0OapibIK
cayajapbelHIa HEUPOHIBIK allTOPUTMICPII KOJIaHyFa MIa0BITTaHIBIPa (bl BYTIiHTI TaHaa 3uSTKepIiK OciHEeH1 eHuey
MIHAETTEePi ©3€KTi OOJIBIT OTHIP.

JKympic Helipomporeccopiap HeTi3iHIe HEWPOHABIK JKeTi MOAENACPiH CaNBICTRIpMAllBl TYpPAE TalgayFa
apHajraH. 3epTTeyre HeHpOoHIBIK JKeMiHIH Keneci moaenaepi Tagxanasr: MobileNetSSD v1, SSD MobileNet v2.

KympicTbik Makcatsl MobileNetSSD v1/v2 monenbaepi MeH OOBEKTIJIep/li aHBIKTayFa apHAaFaH ajaHaap.ibl
CalBICTBIpMaIbl TYpJe Tajnay. Moxenaep skanmbl Heicangapaarbl Common Objects in Context (COCO) 6a3acbinna
okbIThULABL. OKBITY YiiH 013 Jupyter Notebook-ke Heriznenres Kpi3merTi Kongauapik, o1 GPU men TPU-ra xbuiaam
KOJI JKeTKi3yre MyMKiHmIK Oepemi. JKymbIC aBTOMOOWJIBIEP/I aHBIKTay MBICAIBIH KOJIAaHA OTBIPBIN, KIIIKCHTaH
3aTTap/ibl aHbIKTay1a KapacThIPbUIFaH.
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Kesnenren MakcaTKa KOJI )KETKI3y YIIIiH Kelieci MiHJeTTep KOHbUIIbI:

Coral Dev Board, NVIDIA Jetson Nano, Coral USB Accelerator, Neural Compute Stick 2, Raspberry Pi 4
wiaropMaiapbliH CaNBICTRIPY. Bip Mmiaranbl mporeccopiap - Oy KO kKeTiMai OaraMeH MallMHAIBIK OKBITYIBIH
03BIK YIITLIEPiH OpHATIACTRIPYFa MYMKIH/IIK OEepeTiH KepeMeT Kypanaap 00ibin Tabbiiaasl. Jetson Nano - OyJ1 TOJBIK
(hyHKUMOHANABIFBI Oap KilnkeHTail Linux KoMIbIOTEpi, OHBI OarnapiamMalblK KacaKTaMaHbl KOJJIaHy TYPFBICHIHAH
ukemai eremi. On TensorFlow, Caffe, PyTorch, Keras xone MXNet CHUSKTBI MalldHAIAPIBl OKBITYIBIH OapIIbIK
opTajapbIMeH XyMbIc icted ananpl. Cansictoipy yuriH, Coral Dev Board, Coral USB Accelerator, Neural Compute
Stick 2, Raspberry Pi - Jetson Nano cuskrel (peMBOpKTapAbl KOJIAAHY TYPFBICHIHAH HMKEMJI €Mec, OMTKeHi
amnmapaTThIK apXUTEKTYpachlHA COHKEC KeNeTiH apHaibl (popMaTTarsl MOJENbACPAl FaHa KonmaHa anangsl. COHBIMEH
JKOFaphIZia aThUIBII KETKEH IuaTdopManap e3AepiHiH MIeKTeyli MyMKIHAIKTepiHe KapaMacTaH OJapAbl MAIIHHAIBIK
OKBITYla TalJaNiaHya THIMII eTeTiH OipHemre ¢akropmap Oap. IllareiH KyaTThl TYTHIHY apKachlHAA KipiCTipinreH
Kyitesep nepeKTepii )KuHay OpHBIH/IA OHIeYTe MYMKIHAIK Oepeni, Mbicaibl petiniae [0T KypbUIFbIChIH, pOOOTTAPIBI,
aBTOHOMJIbI aBTOMOOWIIb HEMece JPOHAApIbl JKATKbI3cak Ooyanbl. JKeprijmikri AepekTepii eHJeY KalllbIKTaFbl
cepBepre HeMmece JOEpeKTepll OHJAEY OpTAlbIFbIHA eCenTeylepll JKYKTeyMeH calbICThIpFaHna Oipkarap
apTHIKIIBUIBIKTapAbl Oepeni. BipiHImigeH aepexTepai KallbIKTarbl cepBepiepre JKYKTEy YIKEH Kiaipictep anaisbl,
COHBIMEH KaTap JHEPreTUKANIbIK, KapKbUIBIK JKOHE €CeNnTey TEeXHHKaJIapbhIMeH HH(PACTPYKTypara KOCHIMINA
HIbIFbIHAAp anbin keneai. CoHmaii-ak, OyJ1 »Koraphl ©TKi3y KaOUIETTUTIN MEH CeHIMIUTIKTI KaKeT eTei, OWTKeHI
Hamap curHan OOJFaH jKarJaiaa JepekTepi kibepy askraamail Kaiaybl MyMKiH. ExiHmineH, pepekrepai kioepy
KayiIlCi3iK MeH KYNHMSIBUIBIK MacellesiepiHe anbln Keinyl MyMkiH. COHbIHAQ, XKepriulikTi eHiey Oynrka Oepinerin
JIepeKTep KOJIEMiH a3ailTybl MyMKiH, OYJI OFaH JKOFapbl JEHT eI Ieri TarchipMaap sl OpeIHAAYFa MYMKIHIIK Oepei.

OmapabiH ecenTey KaOineTTepi MEeH KyHBI OOHBIHIIA epeKIIeTiKTepiH OipHelmre miatdhopManapasl cadbICThIpa
OTBIPBIN aHBIKTAY;

[Mnarpopmanap men mopenpaepai 3eprrey Herizinge NVIDIA Jetson Nano NVIDIA-pen (61FPS) yiuin
MobileNetSSD v1 mozeni tuiMzi ekeHi aHbIKTagsl, 0ipak SSD MobileNet v2 mozaeni MobileNetSSD v1 monemimMex
canpicThIpranza Timainiri temeH. Google Coral Dev Board 6acka kypbsuiFbiiapra kaparanaa tauimai (47,8FPS sxone
63FPS). An Raspberry Pi 4 (0,8FPS u 1,4FPS) tiumainiri toemen. Conbimen katap Neural Compute Stick 2 (9FPS u
7,1FPS) monenaepi HeWpOmpoIecCopIapIblH apachiHia TOMEHIT KOPCETKIIITEP KOPCETTI.

Tyiiin ce3mep: >KMHaKTasFaH HEHPOHABIK JKelli, HEHpoyIeTKimTep, HeWpompoueccop, OOBEKTIHI aHBIKTAY,
TEPEHICTIIT OKBITY.

E.T. Ko:karyJos, I.M. Kekcebaii, C.A. CapmanderoB, A.A. CaraTdaeBa, /I. JKoaxac
Kazaxckuii HarmoHaNBHBIH YHUBEpCUTET UMEHH anb-Dapadu, Anmatel, KasaxcTaH.

CPABHUTEJIbHBIN AHAJIN3 CKOPOCTH OBPABOTKH OBHAPYKEHUSI OBBEKTOB
HA BA3E HEUPOITPOLIECCOPOB U HEUPOYCKOPUTEJIEH

AHHOTanUs. BBICTPBIN poCT NaHHBIX, BHEIPEHHUE HEHPOHHBIX CETEHl M MOSBJIEHHE PA3IUYHBIX TEXHOJIOTHII,
YCKOPSIOIINX Ipouecc o0ydeHus, IIPUBEJIM K pa3paboTKe HeHpomnpoleccopoB U HelpoyckopuTeneid. B mocnennue
rO/Ibl aJTOPUTMBI MALIMHHOTO OOy4YeHHs IPHUBIICKAIOT OONBIIOE BHUMAHHE MHCCIIENOBATENed, 3TO CBA3aHO C
HEOOXOAMMOCTBIO 00pabOTKHM OOJBIIOr0 MaccuBa JAaHHBIX. AJTOPUTMBI HEWPOHHOW CETH BKIIOYAOT 00paboOTKy
n300pakeHnH, 00pabOTKy €CTECTBEHHOTO $3bIKa, aHAIW3 JaHHBIX M T. J. JOCTHTAeT BBICOKHX DPE3yJIbTaTOB BO
MHOTHX 00JIaCTSAX. DTH JOCTI)KEHHS BIOXHOBWIIM MCCIIEA0OBATEINCH HA TPUMEHEHHE aJITOPUTMOB HEWPOHHBIX CETEH B
CIIOKHBIX OOJACTSIX UENOBEYECKOW JKU3HM, TpeOYIOImeH WCIoab30BaHWE HETPAATHIMOHHBIX aJITOPHUTMOB
aHAJMTUYECKUX BbIUUCICHUI. Ha cerofHsmHuil JeHb 3a/laud HMHTEJUIEKTYaJbHOM 00paboTKu HW300pakeHHui
aKTyaJIbHBI.

Pabora mocBsmieHa CpaBHHUTEIBPHOMY aHAJM3y HEMpOCETEeBBIX Mojeneil Ha 0a3e HelpompoueccopoB. brum
BbIOpaHbl cieayrome HelpocereBble Moxaenu: MobileNetSSD  v1, SSD MobileNet v2. B xauectse
UCCIIEI0BATEIbCKOM 3a/laud aBTOpaMM ObUIa OINpEJelieHa MOIBITKA CPAaBHEHHTh HECKOJIBKO IIaTdopM, KOTOphIC
OTJIIMYAIOTCS 110 pa3Mepy, BHIYUCIUTENBHBIM BO3MOKHOCTIM U croumocTh: Coral Dev Board, NVIDIA Jetson Nano,
Coral USB Accelerator, Neural Compute Stick 2, Raspberry Pi 4. 113-3a Hu3K0T0 3HEpronoTpedieHust BCTPOSHHbIE
CHCTEMBI IO3BOJIIOT 00palaThiBaTh JaHHBIE B TOYKE cOopa, Hampumep, ycrpoictBa loT, poOoTel, aBTOHOMHBIE
TPaHCIIOPTHBIE CPEACTBA WK IpoHbI. JIokaibHast 00paboTKa JaHHBIX HpeyIaraeT psil MPEUMYILECTB 10 CPaBHEHHIO
C 3arpy3Koi BBIYHMCIICHUH Ha yIaJICHHBIA CEpBEp WM B LEHTP 00pabOTKM AaHHBIX. Bo-TIepBhIX, 3arpy3Ka JaHHBIX Ha
yZIaJeHHbIE CEpBEPHl 3aHMMAeT MHOTO BPEMEHH, a TakkKe JOIOJHUTEIBbHBIE PacXoabl Ha HH(QPACTPYKTYpY C
SHEpPreTUIeCKNM, (PUHAHCOBBIM M KOMIIBIOTEPHBEIM O0OpYIOBaHHEM. JTO Takke TpeOyeT BBICOKOH IPOITYyCKHOM
CIIOCOOHOCTH U HaJIeXKHOCTH, IIOCKOJIbKY IIepe/iada JaHHBIX MOXKET ObITh He 3aBepIlieHa B CIydae IUIOXOro CHUTHaia.
Bo-BTOpBIX, Iepeaya JaHHBIX MOXKET INPHBECTH K MpodieMaM 0€30HMacHOCTH M KOH¢uIeHnnanbHocTH. Hakoner,
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JOKanbHast 00paboTKa MOXET YMEHBIIUTh 00bEM JaHHBIX, HEepPEeJaBaeMbIX B 00JIAKO, YTO MO3BOJISET BBINOJHSIThH
3aaul OoJiee BBHICOKOTO ypoBHs. OIHOIUIATHBIC IPOLIECCOPHI SIBISIOTCS OTIMYHBIMH HHCTPYMEHTAaMH, KOTOpBIE
MO3BOJISIIOT Pa3BepThIBATh NEPENOBbIE MOJEIN MAIIMHHOTO OOyuYeHMs 1o JocTynHOW neHe. Jetson Nano - 3T0
HeOOoJbIION MONHO(YHKIMOHAIBHBIA KOMITBIOTEp LinuX, KOTOpBIH JAenaer ero rMOKMM B IUIaHE HCHOJIBb30BaHUS
nporpaMMmHOro obecrieueHus. OH MOXKeT paboTaTh CO BCEMH CpEAaMU MAIIMHHOTO OOYYCHHMs, TaKUMH Kak
TensorFlow, Caffe, PyTorch, Keras m MXNet. [Ins cpaBHEHHS, OH SBISCTCS HETHOKAM C TOYKH 3pPEHUS
MCTOIb30BaHus Takux miatdopm, kak Coral Dev Board, Coral USB Accelerator, Neural Compute Stick 2, Raspberry
Pi -Jetson Nano, NOCKOJBbKY MOXET HCIOJIB30BaTh MOJEIU TOJNBKO B CIEIHANbHBIX (DOpMATaX, COOTBETCTBYIOIIUX
armnapaTHoOd apXUTEKTypeE.

Henpto paboThl ABNSETCA CpaBHUTENBHBIN aHANMW3 IUIATGOPM U 3aJad pacmo3HaBaHUSA 0OBEKTOB (object
detection) ¢ momemsmu MobileNetSSD v1/v2. B catee mMozenu oOyueHbl Ha obmue o0BekTHl B 0aze Common
Objects in Context (COCO) Habopa nanHbiX. s 00y4yeHus UCTIONb30BaIach 00IauHbIil cepBrC Ha ocHOBe Jupyter
Notebook, kotopast gaet goctyn k HeBepositHo ObicTpbiM GPU u TPU. B pabote 3aTparuBaercst TeMa onpeeneHus
MaJIeHbKUX 00BEKTOB Ha IIPUMEpPE ACTEKTUPOBAHUS aBTOMOOMIICH.

Ha ocHoBe m3ydenus miardopM u Mojeliell yCTaHOBJICHO ,uTo Mojeiab MobileNetSSD v1 addexrusna s
NVIDIA Jetson Nano ot NVIDIA (61FPS), Ho B cBoro ouepens monenb SSD MobileNet v2 menee 3ddexrrBHa
(11FPS). Coral Dev Board or Google siBisiercss 6oiee mpou3BOIUTEIbHEE YeM apyrue ycrpoiicta (47,8FPS u
63FPS). Menee a¢dexruBapiM okazancst Raspberry Pi 4 (0,8FPS u 1,4FPS). Cpean HeiiporponeccopoB HH3KYIO
npousBoauTenbHOCTH nokaszan Neural Compute Stick 2 (9FPS u 7,1FPS).

KiaroueBble cjI0Ba: CBEpTOYHAs HEHpPOHHAS CETh, HEHPOYCKOPUTENH, HeHpormporeccop, oOHapyKeHHe
00BEKTOB, TITyOOKOE 00ydeHHE.
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