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1. Pacno3sHaBaHue 60s1e3Hen 1 npobsiem B pa3BUTUKM PAaCTEHUN

2. KOHTpOfIb 3dlrPA3HEHUNA TAXE/IbIMA METAJT/1TaMU



Industry 4.0

The term “Industry 4.0"” is used to signify the beginning of the fourth industrial revolution — the previous
three being mechanical production, mass production, and then the digital revolution. It could be argued that

Industry 4.0 is simply an amalgamation of the three previous eras in manufacturing, but Industry 4.0 is
poised to be much more impactful than that.

Industrial Internet of Things (lloT), Automation, Artificial Intelligence, Big Data & Analytics, The Cloud,
Cybersecurity, Simulations, Robotics, Smart manufacture, Mobile devices, Smart manufacture, etc.
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Introduction

Crop losses are a major threat to the wellbeing of rural families, to the
economy and governments, and to food security worldwide

USAblight (a national project on late blight on potato and tomato) says
that (annual) global losses ‘exceed US$6.7 billion'.

Globally, about 16% of all crops are lost to plant diseases each year.
Dr. Caitilyn Allen Department of Plant Pathology, University of

Wisconsin—Madison

Increasing number of smartphones and advances in deep learning field
opens new opportunities in the crop diseases detection.

The aim of our research is to facilitate the detection and preventing
diseases of agricultural plants by both deep learning and programming
services. The idea is to develop multifunctional platform that will use
modern organization and deep learning technologies to provide new level
of service to farmer’s community.



PDDP Why do we need the

Deep Learning
(hrs/days)

CLASSIFIER
TRAINING

FEATURE
LEARNING

Train on
Large Public
Datasets

Transfer learning was not effective, but why?

Attentively look on this picture. First row — PlantVillage
images, second row — real-life images from the

Internet.
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Steps of general approach:
1. take a deep network pretrained on a big dataset;

2. fine-tune the chosen deep classifier on the huge images-
database (PlantVillage);

3. evaluate it on a test subset of images, collected from the
Internet.

ResNet50 architecture showed the best result:

eaccuracy on a test subset of the PlantVillage data — 99.4%;
eaccuracy on 30 images collected from the Internet — 48%.




PDDP Architecture
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PDDP consists of a set of interconnected services and tools developed, deployed and hosted with the help of the JINR
cloud infrastructure. Our web-portal (pdd.jinr.ru), was developed with the Node.js and PHP. It provides not only a web-
interface but also the API for third-party services. We have the TensorFlow model in the Docker realized as a

Tensorflow serving. The model can work at the virtual server, or at a GPU cluster.
We have a mobile App for Android that was developed using the Flutter, so we could build it for iOS, and Windows.



PDDP database (http://pdd.jinr.ru)

B HacTOALYMIA MOMEHT Y Hac ecTb OTAE/bHbIE MOAEeNN AN CNeAyIoWuX KynbTyp: I6/10Kku, 6ap6apuc, BULLIHS, XJIONOK, NILEHULa, KyKYpy3a, KOHOTUIS, OrypLibl, CMOPOJIMHA, BUHOPaA,
OpXuaeu, TOMaThbl, KIy6HUKa.

| ap\ 7" % );} . %

—_—— s S Nar
. g 4 \‘ y: =y

N\

o S .

13

Py

YacTHble mogenu: a6n10Kku, 6apbapuc, BULLHA, X/IONOK, NWEHULA, KYKypy3a, OrypLbl, CMOPOAWHA, BUHOIpaa, OPXMAEN,
TOMaThbl, KNyOHUKa.
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MecTo Deep Learning cpean gpyrnx obnacren

Field of Artificial Intelligence




Basis

ML vs. Deep Learning

Deep learning (DL) is a machine learning subfield that uses multiple layers
for learning data representations

DL is exceptionally effective at learning patterns

Machine Learning

& &y 2273 [

Input Feature extraction Classification Output

Deep Learning

& - i - Il

Input Feature extraction + Classification Output




Basis

Machine Learning Types

Supervised: learning with labeled data

Example: email classification, image classification
Example: regression for predicting real-valued outputs

Unsupervised: discover patterns in unlabeled data
Example: cluster similar data points

Reinforcement learning: learn to act based on feedback/reward
Example: learn to play Go
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Computer Vision Tasks

Computer vision has been the primary area of interest for ML

The tasks include: classification, localization, object detection, instance
segmentation

Classification Classm.catl_on Object Detection sisee
+ Localization

Segmentation
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Computer Vision

What we see SO N A I N B A B I I

What a computer sees
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(a) Standard Neural Net (b) After applying dropout.
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Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input. followed by three
locally-connected layers and two fully-connected layers. Colors illustrate feature maps produced at each layer. The net includes more than 120 million
parameters, where more than 95% come from the local and fully connected layers.
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ML vs. Deep Learning

DL applies a multi-layer process for learning rich hierarchical features (i.e.,
data representations)
Input image pixels — Edges — Textures — Parts — Objects

Low-Level | Mid-Level High-Level | Trainable
Features | Features Features "1 Classifier
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—_— Output
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| M AG E N ET Large Scale Visual Recognition Challenge (ILSVRC)

ILSVRC Top 5 Error on ImageNet
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The introduction of Deep Learning techniques drove performance on
image categorization from 30% error rates in 2010, down to <2% in 2017
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How to learn if lack of data
Transfer Learning

Deep Learning
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Find a deep neural network
pretrained on a big dataset

Replace the classification layer
with a layer appropriate for
your task

Finetune the new classifier on
specific data

Voila! Use the new model for
inference



Autoaugmentation

a. No augmentation (= 1 image)
Random Search learner This learner is a purely
randomised searcher.

The genetic learner has similar elements to the T~ q}p!

Random Search learner, but uses information from s

previous sub-policies when generating new ones to b. Flip augmentation (= 2 images)
more efficiently search for optimal augmentation

parameters.

GRU with PPO updating Agent (gru learner.py) An GRU
controller was used, which output a policy in the form of «
length 10 sequence of vectors, each vector representing a
operation. The GRU controller was updated using proxima
policy optimization(PPO), using the accuracy of the child
network as the reward value. In the context of the PPO
update, which was developed in the reinforcement

learning literature, the subpolicies are the ‘actions’ of RL
agent.

- -

c. Crop+Flip augmentation (= 10 images)

+ flips




One-shot / Few-shot Learning:

Few-shot learning (FSL) is a branch of supervised machine learning, focused on learning from limited number of
examples?!

Inspired by human/animal ability to rapidly generalize from few examples.

Typical scenarios?:
* Learning for rare cases — when obtaining labelled data is hard or impossible
* Reducing data gathering effort and computational cost

Variations:

* (<50, e.g. 5,10)-shot learning: General case, where only few examples are given

* 1-shot learning: Extreme case, where only one data example is given (e.g. 1 image per class)
* 0-shot learning: Instead of image, we have description of new class

* ‘Less than 1’-shot learning?: N classes, M examples, M<N, use soft-labels

Why does it work?

In ML, experience is gained by fitting data.

In FSL we also have prior knowledge!. Two training phases:

1. Gain prior knowledge by fitting large amount of examples that are similar to goal task
2. Gain experience on small dataset for goal task.



Few-shot learning literature:

Few-Shot Literature Overview
. A lot of image classification papers 30
(paperswithcode.com show 69 papers)
25
. In 2018 FSL starts object detection
(paperswithcode.com show 12 papers, we can
find more)

e  Other topics include image generation, NLP, 15
regression, etc.

10
| I I
Note: 2018 is undersampled o Emm =

2015 2016 2017 2018 2019 2020

B |mage Classification ®Object Detection = Other



Geometrical loss functions: arcface sphereface cosface

&

Softmax SphereFace CosFace ArcFace

61

ArcFace, or Additive Angular Margin Loss, is a loss
function used in face recognition tasks. The softmax is
traditionally used in these tasks. However, the softmax loss
function does not explicitly optimise the feature
embedding to enforce higher similarity for intraclass
samples and diversity for inter-class samples, which results
in a performance gap for deep face recognition under
large intra-class appearance variations.



https://paperswithcode.com/method/softmax

How to learn if lack of data - Siamese Networks

Siamese networks is a part of one-shot learning approach. One shot-learning aims to learn information
about object categories from one, or only a few, training samples/images

Extracted features = Train siamese network on your
own paired data

Distance
- — alculation = Take the trained twin and
&E append a classifier on top of it
/ Same or not?
= Finetune the new classifier on
CN _> specific data appropriate for
N your task

"

Same as for transfer learning
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How to learn if lack of data
Triplet Networks
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“d” is some kind of function for calculating the
distance between vectors, for example, Euclidean
distance.

“un

a” is an anchor image which we want to identify

“,”n

p” image the same class as anchor

“,n”n ;

n” image of another class not matching the anchor
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Deep Learning optimized for smartphones

Mobilenet V2: bottleneck with residual
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General pipeline

MobileNetV2

= Embedding

Batch MobileNetV2

=% Embedding

MobileNetV2

= Embedding /

Triplet
Loss
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Quantization: smaller, faster, better?

i

Q(x,scale, zero_point) = round( - zero_point)

32 Bit Network scale

Quantlzatlmj = x86 CPUs with AVX2 support or higher (without
Interval Learning AVX2 some operations have inefficient

ii implementations)
| ! L

=  ARM CPUs (typically found in mobile/embedded
Abit 4 Bit Network devices)

16



Quantization Results

Comparison of Model Sizes

QUANTIZATION SPEEDUP

NORMALIZED TO NON-QUANTIZED

Quantized model

e
MB
- No quantization

® No quantization ™ Quantized model

Accuracy remains the same!

MODEL

SPEEDUP

17



Evaluation of the Results




Attacks on Deep Learning Visual Classification

“vanda” noise “gibbon”

57.7% confidence 99.3% confidence

The left image shows real graffiti on a Stop sign, something that
most humans would not think is suspicious. The right image
shows a physical perturbation applied to a Stop sign. The

systems classify the sign on the right as a Speed Limit: 45 mph
sign!
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PDDP web-portal, telegram-bot, API, app
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Mpunoxenune MonpoGoeats

Kynstypsi  Boneann  Komanga  Uwpsi  My6nmkaymn  Basza

BepoATHee BCero aT0: Moauka

Mozauka - OfHO M3 CaMbix Py , uepea
MeXaHu4eckue NOBPeX/IeHs, NoYBY M ceMeHa. BbinauTs, KakiM UMEHHO BMPYCOM 3apaeH0 pacTeHue, HeNpocTo, OIHaKo OBlIMM
AN BCEX BMAOB MO3aMKW Ha OpraHax pacTeHus 6enbiX MNW 3eneHbiX MATeH

ka/dissases/rmv

namnbonee pacOpocTpaHeHHOE

THNA. Y3IHATE S0 OHYEHE

B [OATHaMA

p WH u, hopm M Briepeble CUMNTOMbI MO3anku 6bink 0BHapyxeHbl B XIX Beke Ha MnaHTaUuax

TabaKa: Ha NIMCTbAX BAPYr ApKue , OpraHbl cTanu TepsTb GopMy, U BONBHOM KYCT CO BpeMeHeM

norus. Bcnen 3a HUM 3a60Neni CocefiHHe PacTeHMA, M BCKOPE BCA NNaHTauMA cTana HenpuroaHa ANA Bbipalleanus Taéaka.
HHE Nony4Hn «TabayHaa L0 TaéaKa».

BHBIE Nep BUpYCa NMPU €CTECTBEHHOM PAaCMpPOCTPAHEHWM — BPEAHbIE HACEKOMbIE: TS, UMKaAKM, KWW, TPUNCH,

Bellbl, HEMATOMbI. OHM MUTAKTCA PacTH COKaMU 1, NUTaTENbHYK "3 pacTeHuit,

Bupyc. [} s B B TEYEHWE HECKONbKMX 4YacoB W NoNajaeT Ha 3[40pPOBOE pacTeHwe npu

peMelleHnn BpeanTens K HOBOMY UCTOUYHWUKY NUTaHKA.

IMUMO EpEﬂHTEﬂEﬁ VIHq]EKI.MH pa3HocHTCA Yepes Nbl/ibly, CeMeHa, pacTUTe/IbHbIe OCTAaTKW W COPHAKW.

M ydacTum 6onesHb npu BereTaTMBHOM ecnu

OBWUbI, KI'IYSHH YepeHKH, NOABOW U NPUBOK. Laxe npu HEVAENHUR NpUBMBKE, €CNW He NPOU3OLIND CPacTaHus, HH¢EKL(HR
egaeT nonactb B TKaHu. , 4TO T ﬁbICTpEE Ha TPaBAHWCTBIX PacTeHURX, YeMm Ha
besssx, H nerve Ha MONORbIX, YeM Ha CTapbIX K3EMNAIAPAX.

cTo pacnpocTpaHenue npoMcxoauT c nomou.luo canoeoro Mnemapn NPMBMBOYHOTO HOXE, CEKAaTOpa M HOXHWL MpH
loseneHn o6peaku, koraa
28MKa NOPAXKAET OTYPULI, TOMATbI, nepum Kanycty nﬁnoma, penwc KApTO(hENS, CMOPOMIMHY, & TAKKE UBEThI.

verine
TEHUA, MOpPaMEeHHbIE BUPYCOM TabayHOil MO3aMKM, CMacTW HEBO3MOXHO. B HacToslujee BpeMs MNoka HET cpepcTs,
AYTONEIOLLMX BO3BYANTENS MH(DEKLMN Pa3 U HaBceraa.

e Mepbl NpoTUE GoNe3HU ABNAIOTCS NpelynpeauTenbHbIMU. TNaBHan 3a/la4a — YKPENuTb 3alIMTHBIE CHAbI PACTEHM, TaK Kak
HaKakTes, NPEX/E BCero, caMble cnadble u2 HUX. He MeHee BaxHa 60pbba ¢ BpeUTENAMU-NEPEHOCUMKAMM BUPYCA.

odbunakTHKa
nepesIx 6ez np YRanATh ¢ y4acTka 3ap p TaK Kak UHo 6bICTPO

pexonuT Ha 3N0POBLIE KYCTBI. HaCTUYHOMA 0BPE3KOM 60NbHBIX NUCTLER, MOGETOB HE CEPKATH PACTIPOCTPAHEHUE BUPYCA;

e cobupaTb ceMera ¢ 60MbHbIX PacTeHNH;

jo6nopaTh ceroobopoT. ONTUMANbLHBLIA CPOK

ha;

[pv 06peaKe MMWHNX NOBETOB, NACKIHKOBAHUN TOMATOR 06PaGaTbiBaTh CAiOBbIA MHCTPYMEHT: CEKATOPbI, HOXW = CTIADTOM Wk

TEOPOM MaPraHLOBKK;

KYNbTYp W Of LBETOB Ha OfHOM MecTe — 2-3

9:38@ 4 Ll Sl GDr

Haun6onee BeposTHble BapuaHTbl

Osgema

http://usrbb.ru/botainika/t_imgs/diseases
2

Mogpo6Hee - http://usrbb.ru/botainika

/btdesc.php?d_id=141&lang=ru

http://usrbb.ru/botainika/diseases

lannbl ‘ L

Message 2 ©
WHdopmauus PacnosHatb Lo6aButb
0 npoekTe 60n€e3Hb doTo 60nesHu

[MomoYb NpoekTy

e ® |
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PDDP mobile App

Google play: "DoctorP”. * Only android version is available

1222@ il wall G2 11:49 il Sl 12230 il ol GO 1224Q all Sl GD 12240 il Call GO

X DoctorP X Bbl cHuMany X DoctorP X DoctorP X OcTaBUTL OT3bIB

MpuBer, s DoctorP!

BeposTHee Bcero aT0: Be!
R

TyT 8bl MOXETE OCTABUTL OT3bIB O CBOEM OfbiTe
PAGOTE C NPUNOXEHMEM, O TOKXE NDEANOXEHNS 1

O6wuit nporHos
NOXeNaHus pGSpOﬁOTHMKOM

CoobweHue
YacTHBIA NPOrHO3 = KNY6HUKA
£ nomorcio onpeaensTe 6ONE3HN No
dororpadnam. Bee UTo Bam HyKHO NoKa3arb ONUCaHUe U neyeHue
c,nenan: - choTorpaduposaTs 3ty 6GonesHb BbI3blBAIOT rpuébl poaa
iizgzuzev ::l:;erw; w;: :::;pom ero Mycosphaerella fragariae. 3aGonesaune
300PaX C yeTp! 5 TCA CNEAYHLUM 06pa3om: Kak ¢ Bamu cBazarbea?

- BECHOI Ha MOMOAbIX NINCTBSX NOABNAIOTCH TEMHO-
QUONETOBbIE MENKME TOYKM ANAMETPOM 2-4 MM;

- Ha CTapbiX NUCTbAX OKpYrnblie nATHa C TEMHO-
KpacHbIM OGOAKDM]

- BuinagieHue LieHTpa NATeH, 06pasoBaHme AbipoyeK
Ha NUCTbAX;

- yCbIXaHne nopaxeHHbIX INCTbEB;

- Nofneraxue LiBETOHOCOB.

B HacToALLEE BPeMs 5 yUyCh,
AIO3TOMY MOTY GHONUAMPOBATS

TONEKO HEKOTOPLIE BUfE 1 BONE3HY,
HO CO BpeMeHeM NogsuTes Gonbile
PACTEHWA ¥ BonesHeR

NOKa3aTh ONUCAHUE U NleYeHne Kak Bce rpubkoBble Bo3byauteny, Ramularia
tulasnei 3uMyeT B BepxHMX CNOAX MOYBbI MOA
ONaBLIMMY MCTbAMU. BeCHOM, Nocne TasHuA CHera
Metee BepoATHO: Cepast rHINL M BbICbIXaHWA 3€MAW, NaTtoreH NofHUMaeTca B
BO3/lyX M NONajiaeT Ha HWKHIO YaCTb NUCTa.
B GonesHb  Nnp TCH B Havane-
cepefuHe Mas. Kowupum (cospeswue cnopbi)
HAUMHAIOT PacnpoCTPaHATLCA C KOHUa WioHA. Ao
KOHLa fleTa NOPaXaloTCA 3/10pOBble MUCTLA, YCbl 1
nnosl.
MWK GonesHn NPUXOAUTCS Ha MHOHb. [MMoHavany

OCTOBUT: OT35IB
E] OTNPABUTL ( OCTABUTL OT35IB ) ( OCTOBUTL OT3bIB ) (

The user has the opportunity to photo a diseased plant and get a prediction for the disease and treatment suggestions.
It is possible to download images in the absence of the ability to take a photo. The application requires access to the
Internet to work.

We can run the model on the mobile device directly (we have tried it) but models changing too often.



Server side

o

Omiicanie/JIedeHne: N:30455 (2022-11-15 09:30:00) PDD

TIporxo3s mozxem: Tpumc|Tag|ITayTiHHEII K1em (¢pnanka:@ysapnos|@uTodTopos|bakTepnos) (possr:IlayTnaHsIl Kiem|HexBaTKka a1eMeHTOB|Cepas IHILIb)
{"success": "true", "cropsel":"violet", "cropse2":"roses", "cropse3":"succulent", "full1":"Thrips", "full2":"Aphid", "full3":"Spider mite", "cropsel_diseasel":"Fusarium", "cropsel_disease2":"Late blight", "cropsel_disease3":"Bacteriosis",
"cropse2_diseasel":"Spider mite", "cropse2_disease2":"Nutrient deficiency"”, "cropse2_disease3":"Botrytis blight"}
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Tlepesiit kauk:YacTHEI Ipor#os - Gpuatka

X
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O0BIaHO NepEkle MPHSHAKH CEPOH IEHIH IOABTAIOTCA HA JeeCTRaX PacTeHHA H|
BOJAHMCTHIX NATHBINEK. [IpaKTHUeCKH OJHOEPeMEHHO C HHMH, €CTH EHHMATeTH
BOSHHKIOT PasiHYHBEIX PasMepOB YYaCTKH, CHAYATa MeIKHe, SaTeM OHH CTaHOEA
ceposartoro orTeHKa. OHu GyATO GBI MPHCHIMAHEI SOT0H, M €CTH NPOBECTH 10 HED - - - e . . L
BCAKHX COMHEHHH, cepai THHIb Ha OpXHTee It also appears at the base due to the increased level of humidity, there may still be quite damp soil, as well as cool air in the
TToABnzeTCA TaK %€ ¥ OCHOBAHHA M3-3a MOBBIMIEHHOTO YPOBHA EIAAHOCTH, MOKET OBITh emé JOEOIBHO CHIPOH TPYHT, a TaK&e room where the orchid grows. The fact that the disease has already struck the plant is indicated by spots of a dark shade. These
NIPOXTamHEIH BOSAYX B MOMEIIeHHH, TAe NpoHuspacTaeT opxuies. O Ton, ¥T0 32007eBaHAe YAe MOPASHIO PaCTEHHE, TOEOPAT spots are covered with a gray coating. The plant wilts pretty quickly.
MIATHA TEMHOTO OTTEHKa. JTH IIATHA NOKPHIBAIOTCA CEPBIM HATETOM. PacTenne J0E0aBHO SBICTPO EAHET.
Prevention
IIpoduiaxTura * Quarantine is required for newly acquired plants.
*» HeoOXominM KapaHTHH J14 BHOED IIPHOOPETEHHEIX PACTEHHI. * Regular inspection.
* Peryaapuetit ocMoTp. * Gray mold fungus infects weakened orchids kept in the wrong conditions with insufficient care. Inspect the growing area for
» I'pudox cepoi TR NOpaxaeT ocIad: OpXHIeH, COTep A B HeMPaBMIBHBIX YCIOBHAX TIPH HEJOCTAaTOTHOM favorable conditions for gray mold. Because this pathogen thrives and overwinters on dead or dying plant material, remove
yxoge. OcMOTpHTe MECTO 4714 BEIPAIIHEAHHA Ha HATHUHE GIaroNpHATHBIX YCIOBHH J14 Cepoi rHuIH. [I0CKOIBKY 3TOT NatoreH plant debris, fallen flowers, and leaves to reduce the possibility of fungus spread.
TIPOLBETAET M SHMYET Ha MEpTESIX HTH YMHPAIOMIHX PaCTHTENbHEIX MaTepHATAX, YAATHTE OCTATKH PACTEHHMH, ONABIIHE UEETH « It is advisable to carry out all water procedures in the cold season in the morning or in the first half of the day, so that by the
H JHCTBA J14 TOTO, YTO0E! YMEHBIIHTE BO3MOKHOCTD PaCIpOCTPaHeHHA IPHOKA. evening the plants have had enough time to dry out.
* Ree ROTHREIE TINATIETUNRE R XATATHRN TENHOT IOTA KETATATRHA OCUTITACTRIATA © VTNA MTH R MTANROH MATORWHS THE UTOOR ¥ &




https://github.com/AndriyMulyar/semantic-text-similarity

TEXT CLASSIFICATION

A TRAINED BERT MODEL WAS USED
10 CLASSIFY PLANT DISEASES. TEXT
SUGGESTIONS ARE FED TO THE
MODEL INPUT, AND THEY ARE
CONVERTED TO VECTORS AT THE L
OUTPUT. THEN THESE VECTORS ARE
COMPARED WITH VECTORS IN THE
DATABASE OF TEXT DESCRIPTIONS
OF DISEASES.

BERT MODEL



3aaaun:

1 PacwupeHune 6a3bl nzobpaxkeHmn

2. DKCNEPUMEHTbI C pa3anyHbiMn PyHKuMamm notepb (ArcFase, CosFace, etc)

3. DKCNePUMEHTbI C N0400pOM ONTUMAJIbHbIX NOIMTUK aYTYMEHTALMN AAHHbIX

4. dkcnepumeHTbl ¢ Unsupervised learning

5. Pa3zpaboTka aBTOMATU3MPOBAHHBIX NHCTPYMEHTOB NOMCKA M MOMNOAHEHMS 6a3bl
n3obpaxxeHnmn



OTcnexunBaHue pasBuUTUSA pacTeHUN

CoBMeCTHbIM MpoeKT ¢ TemMMpA3eBCKOW akajeMmen B pamkKax MpPOeKkTa
HayuHbIV LeHTp MMpOBOro ypoBHSA “"ArpoTexHosorum byayuwero”

Kamepa

* Knaccudukauyums cTeneHu
pasBUTUA pacTeHUs.
* OnpeaeneHne BecOBOW rpynnbl

40 caHTMMeTpOB

pacTeHus.

30 rpagycos

Fopuwok
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[lpyrve npoekTbl, HO Mbl MPO HMX He pacckaxem - NDA

CanaTtebl
KapToLluka
A6.10KkuM
Caabl



Set of images

Data collection was carried out in
automatic mode using raspberry pi 4,
a digital camera with manual focus,
and sonar.

A set of images in 5 days:

> 446 images

P 4
T X
,/“‘ W

45937 1656922093.7701 1656922186.3365 1656922208.2808 1656922225.5775
b 35jpg 576.jpg 664.jpg 263.jpg

= 8R AL

1656922799.5995  1656922820.4272 1656923038.4058 1656923077.8588 1656923117.4895 1656923183.0592 1656923202.4668
781jpg 048jpg 902jpg 865jpg 742jpg 258jpg 832jpg

1656923425.0214  1656923471.7066 1656923493.6070 1656923519.4312 1656923550.5826 1656923576.7198  1656923598.0400
968,jpg 3Jpg 764jpg 954jpg 333jpg 11jpg 126jpg

> More than 150 different
I classes of objects

&




Experiment N2l

Information:
Architectures: YOLOvV5S
Batch size: 16
Epochs: 50

umber of classes:

Classes: '‘bakery’, 'drinks', 'garnire’, 'main’, 'other’

Step #1 Step #2

Recall:  0.666
Precision: 0.785
Map: 0.728
Count of images: 100

- N

, 'salad’,'soup’

Recall: 0.807

Precision: 0.924
Map: 0.904
Count of images: 200

If there are not many classes (in our case 7),
then yolo allows you to get good results, already
with a training sample of 200 marked up images,
and if there are more than 250 of them, then
everything is finein general, but how much
worse will it be if there are more image classes
and the training sample is smaller?

Step #3

garnire 0.80 e

fbakery 0.8 SR

0%
»}
\

Recall: 0.926

Precision: 0.938
Map: 0.954
Count of images: 270



Experiment N22

Information:

If there are a lot of object classes, and there is
Architectures: YOLOVSS, YOLOv6S, YOLOv7 not enough data for training, then no
Count of images: 126 architecture can cope. Need to use a custom
Batch size: 16 classifier.
Epochs: 400
Number Of ClaSSES: 36 ('beetroot', 'black_and_white_salad_with_parsley’, 'black_bread', 'buckwheat’, 'bun’, 'cabbage_c', 'cabbage_salad’, 'chicken_cutlet','compote’, 'egg_with_mayonnaise_and_peas', 'fried_wings_-2_pieces-',

'halibut_with_lemon’, 'herring’, 'homemade_cutlet', 'jelly’, 'lemon_drink’, 'liver_in_an_omelet', 'mashed_potatoes', 'olivier_salad’, 'orange_juice', 'pasta’, 'pickle’, '‘pork_schnitzel', 'pork_with_mayonnaise', 'potato_soup’, 'potatoes_with_meat’,

'salad_with_radishes_and_herbs’, 'salad_with_salmon_and_crackers’, 'sausage_in_the_dough’, 'steam_meatballs-2_pieces-', 'tea’, 'tomato_and_cucumber_salad', 'tomato_juice', 'tomato_salad_with_cheese’, 'vinaigrette’, 'white_bread')

Yolo v5s Yolo vé6s Yolo v7

lack_bread _0.96

ey

. j 3]
white_bread 0.92
compote 0.98

Recall:  0.856 Recall:  0.805 Recall: 0.901

Precision: 0.723 Precision: 0.687 Precision: 0.845
Mabp: 0.906 Mabp: 0.854 Mabp: 0.925

- N



Input image

The principle of operation

E—)

Detect.py

: Detect.py

object
coordinates

——

object class and
coordinates

Result

12



Yolo v5s

Metrics results

Recall 0.856
Precision 0.723
mAP 0.906

Yolo v6s

Metrics results

Recall 0.805
Precision 0.687
mAP 0.854

Yolo v7 Yolo + Triplet

Metrics results Metrics results
Recall 0.901
Recall 0.995
Precision 0.845
Precision 0.994
mAP 0.925



Examples

Input images Output images

el

Fr—— e — s — - — - —

Processing

—)

salad with radishes and herbs

| olivier =="tomato juicel

g
g
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Introduction

Air pollution has a significant negative impact on the various
components of ecosystems, human health, and ultimately,
cause significant economic damage.

More than nine out of 10 of the world’s population — 92% — lives
in places where air pollution exceeds safe limits, according

, - ‘ . 4 ‘?"‘/—; .
to research from the World Health Organization (WHO). e , % L i

e L

;i
i RN

There are a lot of regional and international environment
control programs. They use different techniques and
tools but as a result, they all want to understand what is
the current situation and how it will evolve.

24



Deaths from urban Air Pollution
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100 - 150 Estimates by WHO sub-region for 2000 (WHO World Health Report, 2002).
- 150 - 200 The boundaries shown on this map do not imply the expressionof any opinion whatsoever on the
part of the World Health Organization concerning the legal status of any country, territory, city or area
- 200 - 230 or of its authorities, or concerning the delimitation of its frontiers or boundaries. Dotted lines on maps
|:| No Data represent approximate border lines for which there may not yet be full agreement.
© WHO 2005. All rights reserved.

Source: www.geographic.orq



http://www.geographic.org/

Approaches

Generally, studies are based on the data obtained at the sampling sites in manual or
automatic mode. The collected material is analyzed using various techniques in the
field or in special laboratories. Air quality (AQ) monitoring stations provide
information about regulatory air pollutants such as gaseous pollutants, PMs, and
rarely about heavy metals. To get detailed information samples should be processed

in laboratories.

After collection, the data are aggregated and interpreted, and quite often the results
are ambiguous and require the involvement of experts.

In most cases such kind of researches are limited, both spatially and temporally




|ICP Vegetation

The aim of the UNECE International Cooperative Program (ICP) Vegetation in
the framework of the United Nations Convention on Long-Range Transboundary
Air Pollution is to identify the main polluted areas of Europe, produce regional
maps and further develop the understanding of the long-range transboundary
pollution. Atmospheric deposition study of heavy metals, nitrogen, persistent
organic compounds (POPs) and radionuclides is based on the analysis of
naturally growing mosses through moss surveys carried out every 5 years. The

program is realized in 39 countries of Europe and Asia. Mosses are collected at
thousands of sites

TN Zne |
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4, L 14,
% ; b,

Hg (mg kg ") 2010 | SEHE Ni (mg kg ") 2010 n
B <00 b =1 ¢ | B 20
[ 003008 B - -2 B 20
[T005-008 g } y § 2.3 0
[o0s.011 @ 7 3.6 140
[ 011-014 6-9 60
B o1s.017 - B so- 1
Bmo7-020 -;3 1 o1
.o - -2

Examples of distribution maps in old Atlas

Centre for

Ecology & Hydrology

NATURAL ENVIRONSS

Heavy metals and nitrogen
in mosses: spatial patterns
in 2010/2011 and long-term

| temporal trends in Europe

Since 2014 the JINR Frank Laboratory of Neutron
Physics sector of neutron activation analysis is the
coordinator of the ICP Vegetation program
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Moss biomonitor

Annual segments
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Three sample changers were !
installed
Each sample changer
consists of:
+» two axes liner movement
device M202A
(DriveSet, Germany)
s Rotated disk with 40 cells
for samples (JINR)
s Three axes Xemo Motion
controller with software
and cables
(Systec GmbH, Germany)




Scanning electron microscope images of captured particles
on the moss surface and corresponding spectrograms

1 - Fe particle with Mg impurity; 2 - Spherule of pure iron;
3 - Al-Fe cluster particle with impurities of Zn, Cu, and Ti; 4 - Diatomic alga



|ICP Vegetation (Past)

The UNECE ICP Vegetation program had a serious
drawback related to its weak adoption of modern
informational technologies. Information on collecting
and processing of samples was carried out manually or
with minimum automation.

Until 2016, data mostly was stored in Excel files. It was
aggregated and processed in different packages
(ArcGIS, MATLAB, etc.) manually by the coordinator.

Files from respondents were usually passed to the
coordinator by email. There were no common
standards in data transfer, storing and processing
software.

Such a situation does not meeat the modern standards for quality, effectiveness, and speed of research and
demands developing a single platform to provides a comprehensive solution for biological monitoring and

forecasting tasks



|ICP Vegetation (First steps)

to more complicated one:
e optimization of the sample collection

The idea was to create a cloud platform for data spatial distribution

management to facilitate IT aspects of all biological  advanced mathematical methods for
monitoring stages starting from a choice of collection multi-level intelligent statistical analysis,
places and finishing with generation of pollution e geostatistical analyses,

maps of a particular area or state-of-environment e atlases and reports creation

forecast in the long term e and others.

We was going to move from simple tasks:
e storing and manipulating with data,
e processing of data,

e calculation of basic statistics,

e creation of simple maps

* etc.



The platform now

Samples collection Samples analysis Data analysis Data presentation Prediction/Controle

Google Earth Engine

v/‘
A

&
2 & & )
p LJ t h O n Tensorflow Microservices {G} -
Keras | HvbriLIT S

. mongo NGINX
(h)lete):l‘lq @; @; /_nmb

Since the launch of the first version of the platform, a mobile application has been developed to simplify the process of
collecting and verifying data, deep learning models for image classification and pollution prediction based on remote sensing
data, various functional blocks implemented in a microservice architecture to automate a number of operational tasks, and
the analytical capabilities of the system are also expanded.




WHY IT’S USEFULL

Fast verification of data structure and it completeness

]

Select e, Sampling sites Concentrations MossMet data ) Add sampling site manually

=

! Export sampling sites metadata - Export concentrations data Export MossMet data
A (P fad® b | IS S W )
LONGITUDE LATITUDE MOSSMET OPERATIONS

2019-7-30

‘ 2019-7-30

* Nice tool to analyze data. ® Access to yours data from anywhere. ¢ Online processing and results.
* Ability to store historical data and analyze trends
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Workflow

1. Collecting samples 2. Processing samples

Samples HM concentrations

metadata

3. Filling in the information

5. Reports
about the concentrations

Site names

W

@==x @ = 3 iarae

MOSSES AS BIOMONITORS OF AIR POLLUTION:
2015/ 2016 sarvey on heavy melals,
nitrogen asd POPs In Evrope and beyend

HM concentrations

4. Analysis

ol — = ——
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DMS

The Data Management System (DMS) of the UNECE ICP Vegetation was developed at the Laboratory of Information
Technologies and consists of a set of interconnected services and tools deployed and hosted at the Joint Institute for
Nuclear Research (JINR) cloud infrastructure. DMS is intended to provide its participants with a modern unified system of
collecting, analyzing and processing of biological monitoring data.

OPERATIONS

i (8

PERCENTILE 90
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DMS. Atlas 2015-2016

Centre for
Ecology & Hydrology

JINR

‘Mosses as biomonitors of air pollution: 2015/2016 survey on heavy
metals, nitrogen and POPs in Europe and beyond’

Naturally-occurring mosses have been sampled across Europe and beyond to monitor the deposition of
heavy metals, nitrogen and persistent organic pollutants (POPs) from the air. Since 1990, the moss
survey has been repeated at five-yearly intervals for heavy metals. Since 2005 and 2010, nitrogen and
POPs respectively were included too in some countries. In 2015/2016, mosses were collected at
approximately 5,100 sites in 34 countries for heavy metals, 1,500 sites in 12 countries for nitrogen and at
selected sites in eight countries for POPs. In 2015/16, participation in the moss survey has greatly
increased in countries in Eastern Europe, Caucasus and Central Asia (EECCAregion). The highest
concentrations of heavy metals were often observed in South-Eastern Europe and the EECCAregion,
whereas the highest concentrations of nitrogen were found in parts of central Europe. In countries that
have participated in atleast four out of the six surveys, the concentration of lead and cadmium in mosses
has declined the most (81% and 64% respectively since 1990) and the concentration of mercury has

hanged (2% decline since 1995). The nitrogen concentration in mosses has hardly changed too

82005 (5% decline

makers and others with an inte inair pollution.

Centre for
Ecology & Hydrology

MOSSES AS BIOMONITORS OF AIR POLLUTION:

2015/ 2016 survey on heavy metals,
nitrogen and POPs in Europe and heyond

% ICP VEGETATION Y

W e Working Group on Effects
of the

Convention on Long-range Transboundary Air Pollution
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Hylocomium splendens
Hypnum cupressiforme
Pleurozium schreberi
Pseudoscleropodium purum

Other

Examples of the maps for the Atlas 2015-2016
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Flashback to Ind 4.0
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Smart technologies

In last decade, various modern technologies are used in environmental pollution control projects, which make it
possible to provide a new level of service, as well as the quality and speed of obtaining results. Now we can talk about
intelligent platforms capable of generating new knowledge based on incoming and available data and, in some cases,
making decisions that previously required the competence of an expert.

Here are only few examples of such technologies

INTERNET OF THINGS The Internet of things (loT) specify the principles of connection and
X exchanging data between physical objects that are embedded with
sensors and another objects, programs and systems. Many platforms use
loT technologies to organize sensor network and process environmental
monitoring data. That allow to minimize number of errors, automate
routine processes, and speed up data gathering routines.

The Big data is a field that treats ways to analyze, systematically extract
information from, or otherwise deal with data sets that are too large or
complex to be dealt with by traditional data-processing application software.
In case of the environmental monitoring the data we have to work with
could be both large if we dial with huge sensor network and complex if we
dial with sampling sites meta-data.




Smart technologies

Artificial intelligence (Al) is a wide-ranging branch of computer
science concerned with building smart machines capable of
performing tasks that typically require human intelligence. In
environmental monitoring there are always operations
requiring expert opinion. Al technologies could execute primely
analysis and save expert time.

Machine learning is a method of data analysis that automates
supervised Y Y analytical model building. It is a branch of artificial
intelligence based on the idea that systems can learn from
data, identify patterns and make decisions with minimal
human intervention. Both classification and prediction tasks
of ML are very useful for environmental monitoring.

Unsupervised
Learning Learning

Machine
Learning

Reinforcement
Learning

Robotics, remote sensing, drones etc.



Smart technologies

Here are few examples of such platforms:

MegaFon offers a platform for environmental monitoring based on the Internet of
Things - MegaFon.Ecology.

SimpliVity promotes Omnicube, a universal smart monitoring solution that allows to
effectively control various aspects of enterprise operations, including environmental
parameters.

Rostec is implementing projects in the field of intelligent environmental monitoring
systems.

There are solutions that combine weather stations of various levels into a single
infrastructure.

Naturally, there are also foreign projects, mainly based on loT technologies. For
example, the platform of EXM and Libelium companies, designed to improve the
efficiency of environmental monitoring, or solutions from the Filippetti Group or
Novolyze, providing similar functionality.

50N —

40N —.

7 ‘ EMEP (European Monitoring and Evaluation Programme) use transport models and
20w 0 20 Air control station data for atmospheric transport and deposition modeling.

20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 34



Mobile application

During the processing of data for Atlas 2015-2016, we experienced misspelling of moss names, wrong coordinates,
negative concentrations, and many other problems with data. Now for Atlas 2020-2021, we have the mobile application
that allows filling in as required by the UNECE ICP Vegetation manual information about sampling sites.

B GooglePlay | rowx ey
) i ) ) The application automatically sets
oo punoXxeHus aTeropumn v naBHas onynsipHoe OBUHKM . . .
longitude and latitude of the sampling
M .
e site, controls the correctness of the
Play Mapxer Moss ICP Vegetation input data and allows capturing photos
‘. g e of the moss samples and the nearest
s sceit ceni area. The application integrated with
b160! AKLUMU oﬂpMﬂO}KeHMeCOBMeCTMMOCO BCeMU BalLMMu yCTDOV‘CTBaMM, . .
rioop pear ) g " _ the DMS and all information about
o sampling sites can be imported to the

Cnoco6bl onnatbl
Mowu nognucku Syste m .
Wcnonb3oBaTb 60HYC
CnucoK xenaHui
Mowu pgencteusa

PykoBoacTBO Ans
poauTenei




Mobile application

_h
%

.‘ : ) :‘ : ‘ V .\'\
sener 9
E - " F’w“b > N
- LATITUD '
" .v './,//
A SPECIES Déaoponxs
, : o orge, e
por A
Create/edit project < - N\
NCE TO NEAREST TREE CANO E e 2 2
TION ' vh . ;
HERDE RS - =T .

g

* Site name should be unique
* MossMet information could be added

Create/edit sampling sites
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Interesting tasks (Moss species classification)

= 599 images
" £ MOoss species
= 97.6% classification accuracy

:Nééé;;e 6777f1§§§>

_ _ _ _ “p" image the same class as anchor
Siamese networks with triplet loss function

“n" image of another class not matching the anchor

Anchor LEARNING
) ' Negative
- MobileNetV2 =P Embedding \ Anchor
. | Positive Positive
Batch =P MobileNetV/?2 =  Embedding =P T[Igslit
L = max — rgi
- MobileNetV?2 =P Embedding / A 4 (d (Cl, p) d(a’ n) +ma g, 0)
' “d" is some kind of function for calculating the
v CLASS 1 ‘ distance between vectors, for example, Euclidean
- . S / . distance.
atc twin Embedding MLP ) ) . . .
\ CL;SSN B A “a”isananchorimage which we want to identify
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Interesting tasks (Storing of complex data + geodata)

{

"_id": Objectld("60a124f83c549b478a4bsydge"),
"user_id": Objectld("58981bdfge7bas41018bs4dca"),
"project_id": "58981c239e7bas43018bsg3ab"”,
"year_id": "sbes331fge7bas76718b4926",

"site name": "31. Aiviekste",

"longitude": 25.9442,

"latitude": 56.6528,

"'sample date": "2020-09-22",

"altitude (m)": 83,

"land cover": "Forests-coniferous",
"topography": "plain",

"distance to the nearest projection of the tree canopy (m)": 3,
"further details": "sunny",

"moss species": "Pleurozium schreberi",

"cd": 0.123,

"cr': 0.3991,

"cu": 6.3528,

"fe": 123.8097,

"ni": 0.2276,

"pb": 0.6013,

"'v": 0.3835,

"zn": 24.7611

@ Geospatial Queries

db.Address.find({
"mapLocation": {
$geoWithin: {
sbox: {

Different collections (sampling sites, PoP’s, Intercomparison etc)

Tens to hungered parameters
Geo-spatial data

)

Satellite imagery indexes — hungered thousands to millions objects

}

}

}

[ [bottom left coordinates], [top right coordinates] ]
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Interesting tasks (prediction)
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Google Earth Engine

There are more than 100 satellite programs and modeled datasets. Google Earth Engine has JavaScript
online editor to create and verify code and python APl to communicate with user's applications.

Google Earth Engine

Scripts b gt
~ Image Collection
I experiment
I Ivanovo
I Poland
I Sweden
& ndvi
B ndvi_calculation
B razm2
B razmeri
B romania
~ Writer
No accessible repositories
~ Reader
No accessible repositorie:
» Examples
~ Archive

09
+

Landsat (15-30m Resolution)

Search places and datasets

Modis (250-500m Resolution)
skl em 3

| TS O B B | pecor R Tasks |

oy de@dVAS

- Use print(...) to write to this console.

~Object (12 properties)

) Bl: 12064.047964113175
B10: 29936.131469979286
B1l: 26370.662957211858
B82: 11304.906055000618
B3: 10656.781314699789
84: 10501.387422360247
B5: 15921.292788129738
B6: 14681.751035196681
B7: 12001.111283643888
B8: 10358.107056590748
B9: 5052.1419082125585
BQA: 20480

=3
. e Kapr:
CONCEPTUAL SCHEMA OF INDEX CALCULATION
B | v F 2T 'l 1
|76 |9 [9]
| sum
: 1416 6 8 8| iy
R 4 s 6 s8] L2931
O LA - ——
R b ; ! ! Index
g ich % la_6_ 5 8]
O ALINST A Certain area band values
B R Y
Image of the satellite program

20nV¢

Sentinel (250-500m Resolution)

i R AR %
The MOD11A2 V6 average 8-day
land surface temperature (LST) in a
1200 X 1200 kilometer grid.

Specify program and time-period to get a collection of images,
for example, program — *MODIS/006/MODogA1” from 2013-06-
15 to 2013-08-15 (the period relevant for in situ biomonitoring).
Then, define the analyzed area, for example, a square kilometer,
with center at the coordinates where sampling was performed.
During the satellite data collection, under the bands (channels)
of the median image, we execute some mathematical functions
(max, min, median, etc.) and get the numerical values.
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Schema

We use satellite imagery data and the artificial neural network to predict concentration. The general idea is to use data
that we can get from satellite images together with sampling data from DMS to learn NN and then use only data from
satellite images to predict concentration.

Training | => | Learned model |

—»[ Learned model] = [ Prediction ]

o -

P
g Y.
4 G

Google Earth Engine
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Results on the regional level
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Urban Level (Belgrade)

The goal of this study was to facilitate the highly resolved mapping of the presence of potentially toxic elements in the
air of an urban area, which is typically characterised by high and variable pollution. +to check whether model can keep

appropriate accuracy during long time period.
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Figure 1. Moss bag biomonitoring across the Belgrade urban area; maps of the sampling
sites during two seasons: (a) summer (urban, suburban and green zones) and (b) winter
(U-urban sites, GZ-green zones)
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Figure 4. Concentratlon of Cuin the wmter season 2013/2014 (Belgrade):
a) real measurements, and b) prediction values; area A represents an old city
core highly polluted in winter season
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Figure 5. Concentration of Cu in Belgrade: a) biomonitoring measurements in the summer of 2013, and b) prediction for 2018
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Machine learning and neural networks

PR : We use the information on 73, 53, and 156 samples from the
(S PN * Vladimir, Yaroslavl, and Moscow regions gathered in 2018 -
b 2019.
g My T T G The indices are gathered based on data from 13 programs for
e %o : 5 . . £ - . . . . . .
ARl T : 281 sampling sites, and their linkage with the concentration of
et oie e e L et +Te 0 18 heavy metals is verified. Altogether g HMs, i.e., Al, Fe, Sb,
RN e Na, Sc, Sm, Tb, Th, and U, look very prospective for modeling.
Bern A D ST N We examine three approaches: Gradient Boosting, Multilayer
o TRyt o perceptron, and Siamese network.

Ryazan

Input feature vector 1 MmLp Embeddings
- .
— -] *] o hl
e
Acc si Acc ai Acc si Acc ai 3 \
0.92 0.93 0.94 0.94 \ [— Similarity layer Activation  Similarity
4 Euclidean distance Sigmoid || 0.95
0.92 0.92 0.89 0.92 Shared weights (h1,h2)
. . : : MLP Embeddings
Input feature vector 2 h J
0.93 0.93 0.93 0.94 .
e
< . = h2
Table 2. Mean accuracy of the models. GB is gradient boosting. MLP is the \,
multilayer perceptron. SNN is the Siamese neural network. Acc Si is the accuracy

on the selected indices. Acc Al is the accuracy on all indices. o
Siamese network architecture



Results (2019 — 2020)
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The lockdown in Russia that lasted for approximately 1.5 months imposed different limitations. Most of the limitations

restricted the movement activities of the population. According to the official statistics, industrial production in Russia

from the past, by the end of 2020.

decreased by 2.9%
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Results (High spatial resolution)
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High spatial resolution of the SNN model prediction of Sb contamination

chemical,

!

I.e

/

metallurgical, and machine-building, besides several large thermal power plants. Huge transport nodes and federal

The Tula region stands out on the map. There is a multitude of industrial enterprises located in the region
freeways are seen, rather clearly, on the map.
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Draft maps (model trained on Full data)
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We are focused on regression and classification tasks; however, classification is prioritized since it becomes possible to apply
balancing techniques for training datasets, and a gradation of pollution levels is initially used when building maps. For local and

regional maps of some elements, the model accuracy reaches go-95%.



3aaaun:

1. Anpobaums pasanyHbIX CTaTUCTUYECKMX U HEMPOCETEBbLIX MOAeeun

2. MogennposaHue 3arpsasHeHns PM2.g

3. ABTOMaTM3aumsa npouecca NporHo3MpoBaHMUS

4. [TONCK anbTepPHATUBHbBIX MICTOYHUKWM AQHHbIX, YTOObI NpoBepuTL BbigaBaemble GEE
3HaYeHMS.

5*. PaclwmpeHne PpyHKLMOHANbHbBIX BO3SMOXHOCTEN NAATHOPMbI C LieNbto
onpeeneHuns BOSMOXHbIX MCTOYHUKOB 3arpAa3HeHus.



CNACNBO, HA 5TOM NMOKA BCE!



