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1: Laboratory Basic Information 

 انثٍاَاخ الأساسٍح نهًؼًم  أولا : 
 

 

 ( C1119انًحاكاِ انصُاػٛح   )انشقى انكٕد٘ :  : ى انًؼًمإس

 انرحكى  ُْذسّ انحاسثاخ َٔظى : انقسى انؼهًٙ

 د/أيٛشج ٚس ْٛكم : انًششف

 لا ٕٚخذ : يُٓذس انًؼًم

 انسٛذِ/ َادٚح ٚحٙ ػشفّ : انًؼًمأيٍٛ 

 1303داخهٙ   انرهٛفٌٕ: 

 اخّش يؼًم -2انذوس  –يثُى انًؼايم تانمسى  -انُاحٛح انثحشٚح : انًٕقغ تانُسثح نهكهٛح

 يرش 021 : يساحح انًؼًم
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2: Laboratory Instruments 

 ثاٍَا : لائًح تالأجهزج وانًؼذاخ انًىجىدج تانًؼًم

 

آص إسى و اند  Serial Number انؼذد 

0 

CPU Intel Core 2 Due 2.9/2M 5  MB Ecs-G41 

T.M 

 

2 

CPU p/v 3.6 GB 9  MB Foxconn 

v+s+L 

 

3 

CPU Intel P4 3 GHz 4  MB MSI 

(V+S+L) 

 

4 
CPU Intel P4 3 GHz  0  MB 915 GLM 

 

5 
CPU Intel P4 2.8 GHz /1MB 0  MB BU 800  

 

6 
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3: Laboratory Experimental List  

 ثانثا : لائًح تانرجاسب انرً ذؤدي داخم انًؼًم
 
 

Part 
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 انغشض يُٓا انردشتح و

 ذذسٌة ػًهً لاسرخذاو انًاذلاب  1

1-Variable Learning Rate 

(traingda,traingdx) 

انرذسٌة  ػهى ذطثٍماخ انرحكى يٍ خلال فشوع انزكاء انصُاػً 

 )شثكاخ ػصثٍح(

  ذذسٌة ػًهً لاسرخذاو انًاذلاب  2

2- Batch Gradient Descent with 

Momentum ( traingdm). 

انرذسٌة  ػهى ذطثٍماخ انرحكى يٍ خلال فشوع انزكاء انصُاػً 

 )شثكاخ ػصثٍح(

 ذذسٌة ػًهً لاسرخذاو انًاذلاب 3

:    Creating Discrete-Time 

Models        

انرذسٌة ػهى كٍفٍح دساسح وذحهٍم واخرثاس جىدج الاَظًح 

 انشلًٍح 

 ذذسٌة ػًهً لاسرخذاو انًاذلاب 4

:   Using Fuzzy Logic in 

Control by matlab 

انرذسٌة  ػهى ذطثٍماخ انرحكى يٍ خلال فشوع انزكاء انصُاػً 

 (Fuzzy Logic)انًُطك انًثهى 
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4: Laboratory Beneficiaries  

 ساتؼا : انخذياخ انًجرًؼٍح انرً ٌؤدٌها انًؼًم:
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5: Laboratory Student Beneficiaries  

  خايسا : انخذياخ انطلاتٍح انرً ٌؤدٌها انًؼًم:

 
 طانة 211فً خلال يذِ اسثىع   ػذد انطلاب انًسرفٍذٌٍ يٍ انًؼًم

 لسى هُذسح انحاسثاخ وانُظى  الألساو انؼهًٍح انًسرفٍذج يٍ انًؼًم

 فشق انمسى  4   انفشق انذساسٍح انًسرفٍذج يٍ انًؼًم

 -ركاء صُاػً -َظى ذحكى سلًً –شثكاخ ػصثٍح  انًمشساخ انذساسٍح انرً ذسرفٍذ يٍ انًؼًم

 طشق ذؼهى الانح

 يشاسٌغ انمسى   الأَشطح انطلاتٍح داخم انًؼًم

  يٍ انًؼًم ػذد طلاب انذساساخ انؼهٛا انًسرفٛذٍٚ

  ػذد انشسائم انؼهًٍح انرً ذًد فً انًؼًم

  ػذد انذوساخ انرذسٌثٍثح انرً ذًد فً انًؼًم

انًساتماخ انؼًهٍح انرً شاسن فٍها طلاب يٍ 

 انًسرفٍذٌٍ يٍ انًؼًم

اصدقاء   - EED - انجاز - نهضة المحروسة -سوتىكىٌ 

 . MIE , Iteda  وفكرتي -  مدينة زويل
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6: Laboratory Experimental   

 ذجاسب انًؼًهٍح : اسادسا  
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 انغشض يُٓا انردشتح و

 ذذسٌة ػًهً لاسرخذاو انًاذلاب  1،2

1-Variable Learning Rate 

(traingda,traingdx)  

2- Batch Gradient Descent with 

Momentum ( traingdm). 

انزكاء انصُاػً انرذسٌة  ػهى ذطثٍماخ انرحكى يٍ خلال فشوع 

 )شثكاخ ػصثٍح(

 ذذسٌة ػًهً لاسرخذاو انًاذلاب 3

:    Creating Discrete-Time 

Models        

انرذسٌة ػهى كٍفٍح دساسح وذحهٍم واخرثاس جىدج الاَظًح 

 انشلًٍح 

 ذذسٌة ػًهً لاسرخذاو انًاذلاب 4

:   Using Fuzzy Logic in 

Control by matlab 

انرذسٌة  ػهى ذطثٍماخ انرحكى يٍ خلال فشوع انزكاء انصُاػً 

 (Fuzzy Logic)انًُطك انًثهى 
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Experiment1: Batch Gradient Descent with Momentum  

 انردشتح الأٔنٙ

 :تٛاَاخ ػايح 

  Batch Gradient Descent with Momentum :.إسى انردشتح

( traingdm). 
 ..........................انشاتؼح:....................................انردشتحانفشقح انًقشس ػهٛٓا 

 .........................................انثاَٙ: ................................................انفصم انذساسٙ

 .خٓاص حاسة يرقذو:             الأدٔاخ انًطهٕتح نهردشتح

Core I5-4G RAM 

 الأساس انُظش٘ نهردشتح: 

 

Acting like a low-pass filter, momentum allows the network to ignore small features in the 

error surface.  
 

The magnitude of the effect that the last weight change is allowed to have is mediated by a 

momentum constant, mc, which can be any number between 0 and 1.  
 

When the momentum constant is 0, a weight change is based solely on the gradient.  

 

When the momentum constant is 1, the new weight change is set to equal the last weight 

change and the gradient is simply ignored.  
 

The gradient is computed by summing the gradients calculated at each training example, and 

the weights and biases are only updated after all training examples have been presented.  
 

The traingdm function is invoked using the same steps shown above for the traingd function, 

except that the mc, lr and max_perf_inc learning parameters can all be set.  
. 

 :خطٕاخ ذُفٛز انردشتح

 

-1 -1 2 2;0 5 0 5];  

 

-1 -1 1 1];  

 

(p),[3,1],{'tansig','purelin'},'traingdm');  
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-5;  

 

 

  :انُرائح 

 TRAINGDM, Epoch 0/300, MSE 3.6913/1e-05, Gradient 4.54729/1e-10 - 44 - TRAINGDM, Epoch 

50/300, MSE 0.00532188/1e-05, Gradient 0.213222/1e-10 TRAINGDM, Epoch 100/300, MSE 

6.34868e-05/1e-05, Gradient 0.0409749/1e-10 TRAINGDM, Epoch 114/300, MSE 9.06235e-06/1e-05, 

Gradient 0.00908756/1e-10 TRAINGDM, Performance goal met.  

 

 

 

a = -1.0026 -1.0044 0.9969 0.9992  

 :يُاقشح انُرائح 

 

This method is often too slow for practical problems.  
 

In this section we discuss several high performance algorithms that can converge from ten to 

one hundred times faster than the algorithms discussed previously.  
 

All of the algorithms operate in the batch mode and are invoked using train.  
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Experiment 2: Variable Learning Rate (traingda, traingdx) 

 انردشتح انثاَٛح

 :تٛاَاخ ػايح 

     Variable Learning Rate (traingda, traingdx):إسى انردشتح

 ..........................انشاتؼح:....................................انفشقح انًقشس ػهٛٓا انردشتح

 .........................................انثاَٙ: ................................................انفصم انذساسٙ

 .خٓاص حاسة يرقذو:             الأدٔاخ انًطهٕتح نهردشتح

Core I5-4G RAM 

 الأساس انُظش٘ نهردشتح: 

This algorithm uses heuristic techniques, which were developed from an analysis of the performance of 

the standard steepest descent algorithm.  

 The performance of the algorithm is very sensitive to the proper setting of the learning rate. If the 

learning rate is set too high, the algorithm may oscillate and become unstable. If the learning rate is too 

small, the algorithm will take too long to converge. An adaptive learning rate will attempt to keep the 

learning step size as large as possible while keeping learning stable. 

 

 

h new weights and biases are calculated using the current learning rate. 

New outputs and errors are then calculated. 

 

antee a decrease in error, it gets decreased until stable learning 

resumes. 

 

 خطٕاخ انرُفٛز:

Here is how it is called to train our previous two-layer network: 

-1 -1 2 2;0 5 0 5]; 

-1 -1 1 1]; 

traingda'); 

 

 

 

 

-5; 

 

 

 

 انُرائح:

TRAINGDA, Epoch 0/300, MSE 1.71149/1e-05, Gradient 2.6397/1e-06  

TRAINGDA, Epoch 44/300, MSE 7.47952e-06/1e-05, Gradient 0.00251265/1e-06  

TRAINGDA, Performance goal met. 

 

a = sim(net,p) 



  

10 

 

a = -1.0036 -0.9960 1.0008 0.9991  

 يُاقشح انُرائح:

 

 The function traingdx combines adaptive learning rate with momentum training. It is invoked in the 

same way as traingda, except that it has the momentum coefficient mc as an additional training 

parameter. 
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Experiment 3: Creating Discrete-Time Models 

 انردشتح انثانثح

 :تٛاَاخ ػايح 

        Creating Discrete-Time Models    :إسى انردشتح

 

 ..........................انثاَٛح:..................................انفشقح انًقشس ػهٛٓا انردشتح

 .........................................انثاَٙ: ................................................انفصم انذساسٙ

 .خٓاص حاسة يرقذو:             انًطهٕتح نهردشتحالأدٔاخ 

Core I5-4G RAM 

 الأساس انُظش٘ نهردشتح: 

Discrete time systems (sampled) are dynamic systems in which one or more variables can change only at 

discrete instants of time. 

. These instants (denoted by tk , k=0,1,2,..) may specify the time at which some physical measurement is 

performed or the time at which the memory of a digital computer is read out. 

. The time interval between two discrete instants is taken to be short so that the data for the time between 

these discrete instants can be approximated by simple interpolation. 

. Discrete time sys. Differs from continuous ones in that the signals for a discrete systems are in 

sampled data form. 

. Discrete time sys.s arise in practice whenever the measurements necessary for control are obtained in 

an intermittent fashion.. Or when computer is time shared by several plants so that a control signal is 

sent out to each plant periodically or whenever a digital computer is used to perform computations 

necessary for control. 

. Many modern industrial control systems are discrete systems since they include some elements whose 

inputs and/or outputs are discrete in time. 

 خطٕاخ انرُفٛز:

The syntax for creating discrete-time models is similar to that for continuous-time models, except that 

you must also provide a sampling time (sampling interval in seconds). 

For example, to specify the discrete-time transfer function: 

with sampling period Ts = 0.1 s, type: 

 num = [ 1 -1 ];  

 den = [ 1 -1.85 0.9 ]; 

  H = tf(num,den,0.1)  

or equivalently: 

 z = tf('z',0.1);  

 H = (z - 1) / (z^2 - 1.85*z + 0.9);  
 

Similarly, to specify the discrete-time state-space model: 

with sampling period Ts = 0.1 s, type: 

sys = ss(.5,1,.2,0,0.1);  

 

Recognizing Discrete-Time Systems 
There are several ways to determine if your LTI model is discrete: 
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The display shows a nonzero sampling time value 

sys.Ts or get(sys,'Ts') return a nonzero sampling time value. 

isdt(sys) returns true. 

For example, for the transfer function H specified above, 

H.Ts ans = 0.1000 isdt(H) ans = 1 

 

 انُرائح:

The following plots show these characteristic traits: 

step(H) 
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Experiment 4 : Using Fuzzy Logic in Control by matlab 

 انردشتح انشاتؼح

 :تٛاَاخ ػايح 

       Using Fuzzy Logic in Control by matlab   :إسى انردشتح

 

 ..........................انشاتؼح:..................................انردشتحانفشقح انًقشس ػهٛٓا 

 .........................................الأٔل: ................................................انفصم انذساسٙ

 .خٓاص حاسة يرقذو:             الأدٔاخ انًطهٕتح نهردشتح

Core I5-4G RAM 

 الأساس انُظش٘ نهردشتح: 

نذٚك غشفح ٔذشٚذ انرحكى تذسخح حشاسج انغشفح ػٍ طشٚق انرحكى تذسخح سخاٌ انغاص تأسرخذاو دائشج ذحكى تسٛطح ذؼًم ػهٗ ذثثٛد 

 تذسخح حشاسج انغشفح تصٕسج أذٕياذٛكٛح. يارا سٕف ذفؼم؟؟

Fuzzy controlتأسرخذاو انرحكى انفاصٖ أٔ  ٔلا ٚحراج ْزا انُٕع إنٗ يؼشفح ػانٛح تأَظًح انرحكى الأنٗ كًا أَّ لا ٚحراج إنٗ حساتاخ  

IF-THEN Rulesكثٛشج يثم انُٕع انساتق، كًا أَّ ًٚكٍ ذصًًٛح تأسرخذاو يدًٕػح يٍ انقٕاػذ انهغٕٚح انثسٛطح  كًا سٕف َشٖ  

 لاحقاُ. 
 

 

 

 

 

 

 

 

 خطٕاخ انرُفٛز:

 

Temperature sensor

Gas furnance

Controller

دائشج انرحكى

يفراذ ذحكى انسخاٌ

حساس انحشاسج

سخاٌ غاص
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 انُرائح:
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