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Things

I  ,           

        100,000  

      . O      

           . T 

   ,     T M, , , 

   - IT . T   , 

     - ,       -

     . A,    

 ,           

T M. T          

    . F,     
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  IT     . D  ,

            ,  

        .

5.1 Introduction

R               -

   . P    , ,  

. R           

. H,          , -

       . I ,     

        [73]. R  -

    . C       

 ; ,     .

T     I  T (IT)     -

     -,  ,  -  [74,75]. IT 

            

. A IT            -

      . N,       

     . T     IT  

 , ,   .

W Q I (WQI)         

             [58].

D N N (DNN)   IT     WQI  -

        . H, DNN    

     . T,       DNN

  IT        . T -

       DNN   [76]. T
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Figure 5.1: Illustration of a river water pollution monitoring using LoRa network in IoT.

  DNN       

       . K -

           DNN  

      DNN [10,77]. F. 5.1   LR-

IT      ,   LR  (LN) 

      (i.e.,  H,  ,

 , ),       LN   

DNN,      LR G (LG),     N S

(NS).

5.1.1 Motivation

P         :

• A  [44]   -     

      . T      

     . T     

            .

• I [45]            .

T            
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       .

• Z et. al. [46]        

    E     . T

 ,         

        .

• A  [47]    -     -

        . T   

  -         -

.

• T et. al. [48]        

          . T

            

           . N

          -

           .

I  ,    : How to estimate river water pollution level

(estimation of WQI) using limited processing of IoT devices with acceptable accuracy?

T   ,     R W P M

     . I,     ,

    . S,      

   100,000    ,    

  DNN . F,   -   

   . N,       

     ,      

. T   DNN      IT    

     .



5.2. Preliminaries and problem statement 95

5.1.2 Major Contributions:

T     ,           

           

         IT . W 

 LN   IT     , ,   .

T           .

T LG     LN    . O    

:

• W    DNN (T M)     

       .

• E WQI: W  -      

DNN  (S M)    WQI   .

• W     [10]     DNN. T

 DNN      LN (IT ),  

  (CPU, ,  )    WQI  

 .

• Experimental Results: F,       -

        .

T       . S 5.2   .

N, S 5.3      . F, 

     S 5.4. F,    

 S 5.5.

5.2 Preliminaries and problem statement

T         . L,  

            
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      .

5.2.1 Preliminary

H,   ,          IT, 

 IT     (..,  H,  , -

 , ),      WQI    

 . T          WQI  

.

Denition 5.1 (Knowledge distillation) In deep neural network, the process of trans-

ferring the generalization ability of a cumbersome model to a compact model for im-

proving its recognition performance is called knowledge distillation. Here, the compact

model mimics the cumbersome model and achieves acceptable accuracy by utilizing lim-

ited resources [10].

Denition 5.2 (Logits) The logits in DNN are the feature vectors one layer prior to

the softmax or last layer of the network. In other words, logits are also referred to as

the unnormalized predictions of a DNN.

5.2.2 Problem statement and overview of solution

M            

   . T        -

      ’ ,     .

G     -  - , 

          

W Q I (WQI)      , ,  -

 . T         

    IT     ,  -

  , ,  ,        .
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Overview of the solution: T        

    . F,      DNN.

W    DNN         

 . W        IT . T,  

    -         -

   IT . A   DNN    

WQI    . T,    

             

  .

5.3 Knowledge distillation deep learning approach to estimate

river water quality index

K           , 

 ()       ,   ()  

      . T  DNN    LN

   IT   , ,   . T

         . T 

   DNN,   Mt,     

     D. N,   - 

DNN        DNN,  

Ms,       LN. F,     

 D′  D   DNN Ms        Mt

   . F,   (Π)     

WQI   . T          WQI

   Π. F. 5.2  T       WQI.

L Mt  Ms    DNN   DNN, .

T Mt  Mt          ,



98
5.3. Knowledge distillation deep learning approach to estimate river water quality

index

Training

Testing 
instance

Dataset
Cumbersome

compression

DNN
Compressed

DNN model on reduced
dataset

Built

Data reduction

Predicted

DNN model classifier

Knowledge distillation

Estimation of WQI

labels
(WQI)

(Ms)
D

(Mt) (Ms) (D′) (Π)

Figure 5.2: Block diagram for the estimation of WQI.

. L D = xi, yini=1     n   ,

, xi   ith      yi. I   p , 

 q       D     λ,    ith

  xi   , xi = λ× p× q. F ,     

     100 H  - ,      

 100× 3× 3 = 900  . T Mt     D, ,  Ms, 

   D′ = xi
′, yini=1     . F,  

xi
′  xi,   xi

′ < xi,     : ) D

     q ,   ,  xi
′ = λ × p × 1;  ) I

     q        . H, 

  xi
′ = λ× p× 1.

5.3.1 Construction of cumbersome DNN model (Teacher model)

T    -,     ,   

   . T          

       . T   Mt   

        . Mt 

         .
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. F           

 [78],     , a1, a2, · · · , aq     p ,

1, 2, · · · p, . T         FC

    . I   ,    

       FC     

  . T        LSTM

    FC     . F,  

       -  (i.e., ,

, ,  ,   )      FC

     F. F. 5.3      

    , FC,  LSTM     

     , ,  - .

5.3.2 Obtain the compressed DNN model (Student model)

T  ,           .

T           -. N,   

, ,        Mt,   DNN

    [76]. T    Mt  

  Ms        ,  ,

    IT . W     Ms   D   

. H,      ,    

D′        Ms. T  Ms    

   IT , ,       Ms, 

    .
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Figure 5.4: Framework for training student on reduced dataset D′ under the guidance of teacher
trained on dataset D.

5.3.3 Knowledge distillation (transfer of knowledge) to train student model

D   ,          (-

   )           

. T          

   ’      . T -

       DNN     Ms

        [79]. H,  Mt 

   Ms   D  D′, . F. 5.4 

     Mt  Ms. H,    Mt  Ms 

           Ms.

5.3.4 Loss of student model

T            

          . T  

          . N, 

           ,  

      . T    
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  , ,   Mt  Ms  . T 

    

1. D  :

LDL(v, z) =
1

n

n

i=1

k

j=1

vij − zij


2

2
, (5.1)

, v  z     Mt  Ms, . vij ∈ v  zij ∈ z

       . n    

    k  . L θt  θs    

   , .  · 22  F   

    .

2. C    :

L Lt
CE(·)  Ls

CE(·)    -    Mt

 Ms, . T        

     Mt  Ms,    

Lcomb(θt, θs;X,X′, Y ) = Lt
CE(θt;X, Y )  
Teacher loss

+ µ1Ls
CE(θs;X

′, Y ) + µ2LDL(v, z)  
Student loss

, (5.2)

, X ∈ D, X′ ∈ D′,  Y          

. µ1  µ2   -     

   Ls
CE(·)  LDL(·), .

B  E. 5.1  E. 5.2,        -

 . H,        Lcomb(·)  

   Mt  Ms. S    Lt
CE(·)   

  ;       :
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 µ1Ls
CE(θs;X

′, Y ) + µ2LDL(v, z)

, .. µ1 + µ2 = 1, (5.3)

, 1 ≤ µ1, µ2 ≤ 1, (5.4)

5.3.5 Training of teacher and student model on dataset

T              

  . B      ’   

’  ,        ’ . B

     - µ1  µ2,    

      . A 5.1   

           D  D′, .

5.3.6 Compression

O         ,    -

      . B     ,    

      - IT . H, 

 ,   LN  IT . T    

   WQI ,     

 . T   - ,   -

IT    ,  ,  . S  -

        ,    

   . S,       DNN.

F ,      DNN   IT  

WQI . T   IT        

      ,    .
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Algorithm 5.1: Training of compressed DNN.
Input: Dataset D having class label yi against xi ∈ D, learning rate τt and τs for

teacher and student, respectively, testing data instance xte;

Output: Trained parameters θt and θs of teacher and student, loss Lcomb, and testing

label yte against xte;

1 Initialize: θs, θt,Lcomb, µ1 ← 05 and µ2 ← 05;

2 Reducing length of data instance in D to obtain D′ for training student model Ms;

3 Perform either of these two steps;

a.) Take average of q axes of p sensors;

b.) Select one most distinguishable axis from q axes;

4 Obtain dataset D′ with reduced length of instances;

/*Train student model under the guidance of teacher */

5 while not converge do

6 a ← a+ 1;

7 b ← b+ 1;

/*Training teacher model Mt on D*/

8 Forward propagation & compute Lt
CE(·);

9 Backward propagation ga ← ▽aLCE(·);
10 Update weight θa by θa+1 ← θa − τga ;

/*Training student model Ms on D′*/
11 Forward propagation & compute µ1Ls

CE(·) + µ2LDL(·);
12 Backward propagation gb ← ▽b


µ1Ls

CE(·) + µ2LDL(·)

;

13 Update weight θb by θb+1 ← θb − τgb ;

14 Estimate optimal hyper-parameters µ1 and µ2 that satisfy Eq. 5.3 and Eq. 5.4;

15 Compute combined loss function Lcomb(·);
16 Lcomb ← Lcomb(·); /*nal combined loss*/

17 θt ← θa; /*trained teacher parameter*/

18 θs ← θb; /*trained student parameter*/

19 Built a classier Πs for model Ms;

20 Πs predicts testing label yte against xte (Πs : xte → yte);

21 return Lcomb, θt, θs and yte;

5.4 Experimental evaluation and results

T           DNN

. F,        R W M

(RWM) [1]. N,       DNN . F, 

   .
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5.4.1 RWM dataset

T RWM  [1]         I . T

          . I  , 

          , -

,    H (H), E C (EC), D O

(DO),   , , , etc. F,    

  , i.e.,   , , , ,  ,  -

,        . S     a1,

a2, a3, a4, a5,  a6 , . F. 5.5      

 . T RWM   100000    

 .

(a) DO. (b) pH. (c) Temperature.

Figure 5.5: Heat maps of dierent parameters in the sensory dataset [1], on a specic date (for river
Ganges in Varanasi).

5.4.2 Implementation details

W  P  , ,     

T       . N,   

,  NMCU (d1), R P 2 (d2), R P 3 (d3), 

D  (d4)   . T    (-

//)  d1  d2  100%,  d3  d4  50%  25%
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 , . U  ,     

   d1, d2,  d3. T,       (Mt) 

    Ms
1, M

s
2,  Ms

3   d1, d2,  d3, .

T Ms
1  Ms

3      , .

F,          -,

  train test split      P . H, 

         5  128 

. T            

    . W  R   

          . T  

   ,      0005.

5.4.3 Experimental results

T       RWM [1]    

 , - ,      LN,   

    DNN .
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(a1) Accuracy on RWM1. (a2) F1 score on RWM1.

5.4.3.1 Training performance

I  ,         (Mt),   

  (Ms
1, M

s
2, M

s
3)  . T    
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(a3) Accuracy on RWM1 using KD. (a4) F1 score on RWM1 using KD.
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(b1) Accuracy on RWM2. (b2) F1 score on RWM2.

RWM    , i.e., RWM1     (a1-a6)  RWM2 

  (a1-a5). T  a6 ()    RWM2    

       . T   

            

   . P (1)  F. 5.6     

          RWM1. T  

     50 ,  Ms
3, M

s
2,  Ms

1 

   60, 80,  80 , . T   

       -   

 . A       F1   RWM1,  

  (2)  F. 5.6. T    F1      

93%  RWM1,           

          .

F,  (3)  (4)  F. 5.6      
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(b3) Accuracy on RWM2 using KD. (b4) F1 score on RWM2 using KD.

Figure 5.6: Performance results of models Mt,Ms
1,M

s
2 and Ms

3 during training with and without
Knowledge Distillation (KD). Parts (a1)-(a4) and (b1)-(b4) consider RWM dataset versions RWM1

and RWM2 having six (a1 − a6) and ve (a1 − a5) classes, respectively.

         RWM1. W   

        (> 6%)    

    . S,     

  F1    RWM2      

 5 . P (1)-(4)  F. 5.6     F1   

 KD     RWM2.

5.4.3.2 Class-wise accuracy of teacher model

T    -        

ERWM   RWM1  RWM2. W    ()  F. 5.7  

 a2 ()      9610%   a6 () 

    906%. I    a2       

  ,          

 a6. D  ,        a4 

 a5,        . S,   

-      RWM2  5  (a1 − a5), 

   () F. 5.7.
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(a) RWM1 dataset. (b) RWM2 dataset.

Figure 5.7: Class-wise accuracy of teacher on dataset versions RWM1 and RWM2.

5.4.3.3 Impact of hyper-parameters

N,      -       

Ms
1, M

s
2,  Ms

3  RWM1  RWM2 . T -  

   -    . P ()  ()

 F. 5.8     - µ1  µ2, ,  

  RWM1  RWM2. W         

   (Ms
1)    - µ2  . I  

            .

H,   Ms
3,           Ms

3

   ; ,    -   -

 . F. 5.8      (A.)  -

(   )       . F,

 ()  ()  F. 5.8          µ1 

µ2       . W     

     19%         



110 5.4. Experimental evaluation and results

 µ1  µ2      - (µ1 = µ2 = 05).
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Figure 5.8: Impact of hyper-parameters (µ1 and µ2) on student models.

5.4.3.4 Performance of student model

80

85

90

95

100

a1 a2 a3 a4 a5 a6

A
cc
ur

ac
y
(%

)

Class labels

80

85

90

95

100

a1 a2 a3 a4 a5 a6

A
cc
ur

ac
y
(%

)

Class labels

80

85

90

95

100

a1 a2 a3 a4 a5 a6

A
cc
ur

ac
y
(%

)

Class labels
(a) Ms

1 on RWM1 . (b) Ms
2 on RWM1. (c) Ms

3 on RWM1.

80

85

90

95

100

a1 a2 a3 a4 a5

A
cc
ur

ac
y
(%

)

Class labels

80

85

90

95

100

a1 a2 a3 a4 a5

A
cc
ur

ac
y
(%

)

Class labels

80

85

90

95

100

a1 a2 a3 a4 a5

A
cc
ur

ac
y
(%

)

Class labels
(d) Ms

1 on RWM2. (e) Ms
2 on RWM2. (f) Ms

3 on RWM2.

Figure 5.9: Class-wise performance of student models on RWM1 and RWM2.
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F. 5.9           

 RWM1  RWM2  Ms
1, Ms

2,  Ms
3 . P ()-()  F. 5.9

  -         RWM1. I 

         ,   

  a2    . T    RWM1   RWM

          a2. A, 

    a2       

      RWM1. S,  ()-()  F. 5.9  

-      RWM2. H,   

  RWM1            .

5.5 Conclusion

I  ,    R W  M   LR-

I  T. F,      DNN . N,  

     WQI   . F,    

DNN  -    WQI. N,     

     DNN. D  , 

       . A    

 IT ,         .


