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Abstract. Continnous monitoring of agricultural crops has traditionally
been carried out through direct human supervision, either empirically or
through instrumentation, this way in which agricultural workers monitor
states of their production. This activity is very laborious since it involves
constantly taking measurements and visual verifications during practi-
cally the entire evolutionary period within the crop to have certainty in
the production yields for each established agricultural cycle. This article
describes a method that uses a differential neural network that identifies
the stages dynamic evolution; available water resource, amount used by
plant and amount of material that fulfilled its life cycle, biomass, and
that with accurate data it is possible to have better crop performance
in each agricultural cycle as well as the care of the inputs and resources
related to this important human activity.
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1 Introduction

Currently there are numerous strategics and ways to carry out control, identifica-
tion, estimation and monitoring, all with applications to physical measurements
of known signals, obtaining a permanent reading of the controlled variables, and
through the execution of an algorithm or mathematical method. In this docu-
ment it is based on the identification part that is fundamental for the success
of a good control implementation and is carried out using a differential neural
network [1][2][3]. Here this differential neural network DNN method is applied
to a dynamic model of agricultural crop growth [9] which identifics parameters
for their biological development through its variables, such as the amount of
water needed and the amount of biomass developed [8].Constant monitoring of
an agricultural crop traditionally carried out by a human here is assisted by
DNN, a computational that integrates calculation and simulation tools, capa-
ble of identifying the system parameters in detail [11]. MATLAB®and Python are
software that, among their multiple functionalities, contain modules that could
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estimate the parameters of a plant[17][18]. It would also allow calculating its re-
sponse to different input signals or physical variables to be measured, and thus
determine the intelligent models that best fit the reality of a given system in
the agricultural sector. Information on the status of crops is a growing demand
from both farmers (to support precision farming methods) and institutions at
different levels (to improve yield forecasts or ensure environmentally friendly
practices)[12]. Agricultural management by growth stage is essential to optimize
the yields of inputs such as nitrogen , plant growth regulator (PGR), fungicides
and water [9].

2 Methodology

Identification is a method of collecting data to model the behavior of a given
system [1][3]. In this paper, this identification incorporates a DNN differential
neural network structurc. These have the potential to model nonlincar systems
that take into account the input/output relationship of a dynamic differential
network. Therefore, with the purpose of carrying out the process of identifying
the parameters of the system itself for state variables in the first instance for the
agricultural sector, the dedicated structure to carry out this process is shown,
Fig.1. Effectivencss has been recognized through the use of artificial neural net-
works for solving problems in reality that are based on an intelligent approach
that is based on mathematical theorems that approximate for the identification
of nonlinear systems [1] [13].

Algorithm 1 algorithm DNN
(n,yn), Data Set A, W initialize
for cach © «— &

for each layer o;(z) = a; (1 + efbi""”) . eidszla) = @iy [1 +e beIP] . Cij
compute (@, Y5 )W; = —s[K1P A0 () TIW,; = —si[Ko PAAy(w) T (30)7]

for each weight Wi+— update

V, < st[ATQoAt + 7] is obtained V; bounded

(zn, vy ), update parameters €

while Ay, Wy, + Wy, € L* condition not satisfied

Repeat

20 R W Rgs

where W, refers to the weights in node i;.

Algorithm 1 shown in the pseudocode can be seen that learning law (12)
of multilayer dynamic neural network (7) has a structure similar to the back
propagation of multilayer perceptrons, Because it is derived using the Lyapunov
approach, the stability of the global asymptotic error is guaranteed. Hence, the
local minimum convergence problem.
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Fig. 1. neuro-dynamic network structure
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3 Crop model formulation

1t is well known that variations in water content affect plant growth, the water
flow process forms a soil-plant system, where water variations directly affect the
roots of the plant [7][8]. Description is represented by the following:

1. Soil water availability.
2. Water is available for growth.
3. dry bicamass number.

Process is the movement of molecules, water that enters is equal to that
which is not used by transpiration and the stored :

dW

= {Wabsorption} — {Wremoved} (1)
o — T2 e

{Wabsorption} = &4 (1 T 55) ¢ (2)

{Wremoved} = pp(2)€a + 226 (3)

in (3) the term G(z) is considered by transpiration and g is the plant growth
rate

(o373

&g = —Qgr3 s — —
14 ga:ff

(4)

For plant growth [5], the variation in dry matter is considered, @y number
of biomass processed in time , ag correspond to the degradation rate of plant,
o reason of essential intent and element ¢ drives speed growth, classification
according to 1:

— (a) the dry mass cannot grow; If ¢ < 0, then p(z) = %, z > 1 tends
fe.

— (b) ¥ = 0, presents p(z) = (l"fg)az,biomass increases as area.

— (c) ¥ > 1,ifx > 1 then p(x) = Iw%l)% , this case is unusual since it quickly
goes to zero.

below dynamic system, which represents the relationships given in equations (1)
to (4).

. T1tT2t
i = _all—&-i -1y Ty
Q39 ¢t

i o T 1Tt e QgL3 ¢t T ¢ (5)
Ty =0 — Qo4 — -~

1 + 053.’132,5 1 + Oé7.'L'3’L
. QAT (T3,
T3 = —QgX3 ¢ + —1 ¥ arz

T3t

Plant of the previous system (5) is defined (2 = (1, 29,23) € B*2 > 0.
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Climatic parameters ultimately influence dynamic evolution of agricultural
crops, solar irradiation, humidity, air, and also elemental inputs for their devel-
opment.,as those described in Table 1. [9]

Table 1. Parameters description

Parameters description units
e Reason for pond water decrease. [time] ™!
2 Water consumed by plant [timexmass] ™"
as Limiting parameter of x2, [mass_1
ay Intrinsic increase of water within the plant [timexmass] ™"
as lteason for water decrease within the plant. [time] "
[o 75 Intrinsic decrease in water by photosynthesis. [t‘,ime><7fnass}_1
ar Limiting parameter of xy [mass]_l
as Characteristic ratio water within the plant. [timexmass] ™"
[ Plant degradation [time] ™!
T Water available in the delimited area [time]
Tt Quantity of internal water [timexmass] !
Lat Biomass completed process [Limc X 111&55]71
Tt Irrigalion action [Limc X IIlLLSS]71

A dynamic model system approach to agricultural systems markedly im-
proves production in each cycle, which although this is outside the scope of this
document, It has a great economic and labor impact environmental impact, in
addition to the social components .

4 Differential neural network structure

Nonlinear system (5) and the DNN (7) are considered. If the assumptions are
met [1][2][3]:

xy = f(ze,u,t)
 €R",u e R n>m

(6)

which analyzes following neuronal structure:

ds
d%i = Ady + Wi 0(2) + Wai(8)u

A E RTIXTI,Wl.t E RnXTL,WQ.t E Rﬂxﬂ’o_(_) E R.n (7)

and with sigmoidal activation functions that satisfy Lipschipz condition based
on Lemma 1:
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ai(z) = G»i(l + ﬁ_b"r")71 -
, _1 (8)
b (x) = @iy (1 + e Znbur ] — &

lo(z) = o213, < Lolle, — )%,

(9)

lp(ae) — (eI, < Tollee = 2ilii,

where A, A, are positive definite matrices.

Input signal is defined as:

Ty STt

A strictly positive matrix @ given that a matrix A is stable, then the Riceati
equation positive

ATP 4+ PA+ PTP+O=0 (10)

T =9W, +2W, + /1{1

Woi=WTA, " W
Wi=WeTa W (11)

O=01 + A, + 12 Ay

Weight updating rule contained in the differential neuronal structure shown
in Fig.1 is shown.

Wi = —5;[K1 PAo(5:)7] (12)

Wa = —s[KaPAry(ur) " ()]

where dead zone is defined by:
i
s =1— T 13
[P3a] W
7
u(t) = NP (14)
min QIP_%

Lemma 1. if differentiable vector given ¥(x) € R™,(x € R™) satisfies the
Lipschitz condition globally, presents the constant |

1f(z1) = fz2)|| < Il|lw1 — 2,1 >0 (15)
for any x1,:9 € R"™, property for r, Ax € R":



Ldentification of agricultural irrigation model via differential neural network| 167

Ilf(x+ Az = 9(z) + V" g(x) Az + vy (16)

where the vector vy meets ||vg|| < 21,|| Az

Lemma 2. A positive function V(z) € R™

V(@) = [lle— =" - ul} (17)

o2 = ([of2) (o] defined :
e = {E el (18)

and V(zx) is differentiable:
YV (m0) = Al — 7 — el (19)

the Llpschitz constant = 1.

Theorem 1. For a system of equations form (6) in conjunction with neural
network (7), it is true that:

A, Wi+ Wo € I (20)

where identification error Ay meets following equation:

t—o0

T
1
lim sup T[ ( (—)1A3Afstdt <7. (21)
t=0

be candidate Lyapunov function and its derivative:

Vi i= ATPA + tr WKW | o+ tr WL KW, (22)

T | d [~ =
VA :a(AfPAt) + atr[WﬂKflwu]

+ %tr [WZJ(;IWQ,L]

(23)

Gliven that s;> 0

Vi < se ATIA; + Ly + Lz — AT O15, + s,
(24)

where:
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I=ATP+PA+ PTP+O
2T —_ —

1Ly = [WlwtKﬁWl_L] +2AT PW, 0,
o i — o

Hr T, = [lethlwl,t] +2AT PW, sy

equating learning matrices:

WI,L = WLL-WZL = WQ.L (25)
is obtained
Iy, =0.1,,=0 (26)
is obtained V; bounded
Vi < 8:[A] oA, + 1] (27)

Right side of this inequality can be estimated as follows:
Vi £ 56hmin [P%(—)lP*%] [||P%A||2 _ul <0 (28)

Since 0 < st < 1, produces:

Vi < —AT @0 Aviisy < —AT OgAysy + 7 (29)
Integrating (27) from 0 to T :

T
Vp— Vo< — / (O1AT Apsydt < 5 (30)
=0

Since Wy g = Wi qandWy g = Wy, Vi are bounded

T
] (©1AT Ayspdt < Vo — Vi < Vo + 4T (31)
t=0

5 Simulation results

DNN constants initialization:

—8 0 0
Ag=1 0 =8 0 |2 =(7.500)
0 0 -8



Ldentification of agricultural irrigation model via differential neural network| 169

2 2 =2 0.15 0.08 =0.1
Wy =Wy=125 —4|P=| 0.08 0.32 -0.22
7T—4 6 —0.10.22 0.36
75
8.5~ Q
5.5 \\\
[ e 4
45t \‘\ 1
4 Y .
35+ \.\‘\\
3tk e =
2% 1 2 3 4 5 6 7 8
Time
Fig.2. T'irst state of identifier converging true system state; ae = 2.0(time X

mass) ", as = 0.01(time x mass)™", ag = 0.0001(time) "
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Fig. 3. Second and third states of identifier converging true system state; a; =
0.0001(time) ™", az = 20(mass) ™", aq = 0.1(time x mass)™, as = 0.1(time) ™", as =
0.1(time x mass)™', ay = 0.1(mass) ™
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Identification simulation shows characteristics achieved over time by dynamic
system (5), which are shown by means of DNN initialization constants matrices
A, Wy, Wiy first in Fig. 2 the convergence of state 27 towards the natural evolu-
tion of the trajectory (available water) is observed with ae,ag and ag parameters
arranged below this same graph, second in Fig. 3 dynamic evolutionary trajecto-
rics of states zg and x3 arce shown which in conjunction with the aq,as,0u,05,06
and a7 parameters show the temporary consumption of water by the plant and
reach of maturity of its biomass. Evolution of states are captured in these sim-
ulations which in applications of DNN proposal in this document give a very
approximate graphic identification result as those shown above.

6 Conclusion

DNN is applied to identification dynamic agriculture growth (evapotraspira-
tion). Through it, a numerical example was developed to show how proposed
identifier will be used to approximate the dynamics of the system of equations
and its states are shown in graphic form.Mathematical use form especific model
result useful applied agriculture area with model every time better aproximated
by hand of artificial neurons witch in document is applied throuuh a specific
structure that provides a high quality result and a well-supported numerical
interpretation all this in company of computational numerical software.
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