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Abstract: The study aims to reduce the number of parameters in the Convolution Neural Network (CNN), which is one of
the best techniques used to extract and categorize behavioral features in video files. These networks have a very big size and
a large number of parameters which distributed in the deep layers, especially in the last layers that responsible for
classification, the values of the parameters are modified at each stage of network training, which consume memory too
much, and its need for a very large memory space. In this research we work to reduce the number of parameters through
using lightweight Convolution Neural Network (LWCNN), we choose Alex Net network in our research, but we made some
modification on it, we decrease the number of filters in convolution layer, and we replace the last layers in the network with
one of the most important types of Recurrent Neural Network (RNN). We use each of Long Short Term Memory (LSTM),
and Gated Recurrent Unit (GRU). The work was tested during the research period on a dataset containing 960(videos) for
normal children and children with autism spectrum, which were taken in Center for psychosocial support for people with
special needs. And the experimental results proved the significant decrease in the number of parameters in the system with
lightweight networks after linking them with recurrent networks with 84%, as well as the recurrent network with long

reliability (LSTM) gave better results than the Gated recurrent unit (GRU) in accuracy and the loss value.
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!

’ Conv2D filter=64, size=5, activation="relu’ , params=48064 l
l

| MaxPool2D(size=3, strides=2) |
l

| Conv2Dfilter=96, size=3, activation="relu’, params = 55392 l

!

l
| MaxPool2D(size=3, strides=2) |

l
| GlobalMaxPool2D |

auall Alex Net a8 s (5) JKad!

8aclud (Dropout) dabs ausg o3 ISy aSadl @ b 4ads S way BN dabs aung o3 &l elatl e
Al Bliguac pamy Joe Blay I (e 23y (Overfitting) ASiw 3 g9d9dl auay oyl Ll asadl
A G5 I (Jeadl e 2815 ) 0 egd 1 AS0ad) Sligiac (o %10 Lwd dyud @3 Co

: (LSTM, GRU), Sl clSeddl alaseialy cagiuaddl -3

b elldg %84 Hludey passl w8 Uaall aSidl § @bl sue o aalad) Belasell oo LasDls
& Slluell 228 Jarinty copuil] dules gl 3 S S el Lo say Caratl] Aoy ) Jlaxl
Alex Net 484 (§ (GlobalMaxPool2D) 4adbs (ye mlidl usloll zysdl o lad ppad ety agdiu Aoyl oda
sbas¥ (LSTM, GRU) 24, ,Sall lSadl g S I el el esats @y 3L3 (64) sl by silly Al
adadl JaY Lasdly e a8 1y 2Sadly «(J8Y1 Sl Ll sue das o0 Lad¥ aSall jLasly
JWl U e cadiadll Bulee § deld ol clad A3lal SISGadl sia oo S agaT Cus

[ Time distributed- LSTM- Dense- Dense- Dense- Dropout- BN- Dense- Dropout- BN- Dense]

CaAT B 4y ) Kl A guand) CASE o)) 4 jlRa . o
dua 8 5 e
Aguand) CaANAN CASLES qu i) &l il (9) s ‘c—,\hg



£2022 (e = Js¥) 3380 - (pudhad) el - i gl s b 55535 gt sl Alina - a5 sl gl Al

Co o3 e LSTM (347, 522) 38k pe Ly iy sl 3Sal) SO Sl s il Eos
Ul on BNEEL 3 liabll oasy s Lo i i s s o Siabl (892)5 . siabls (346, 360)
ASa sl A

JW Sl e wladall 28Ls) @3 1aé GRU aScd ae Loyl e Lol

[ Time distributed- GRU- Dense- Dense- Dense- Dropout- BN- Dense- Dropout- BN- Dense]

(338, sy o3 By salyLs (339, 458) GRU o gkl &l 3l JSII il Ll sue 3l il
Ak ) bl 89T 5,0l Qs> il sdlly GRU a8 § JBY1 clal Ll sue suis (Ses Lo slsLs 566)
AST AL cdlaty Lo cllgy 35 LSTM a80d ausiwd Loy hadd (atlgy pukeiud (GJ1 Sl

Pl 44dle -8

LS, ey 4l Google Colaboratory (Colab) alusiuly Layliasly Luyasy alusll aadl by @3
By — clesie) Tuz Alle wlile] (o 4Sliey Lo J) 28LaYL (Python) &aly dumayy cilasdas (o1 dudiy
Ly palsdl Sl slola) e LolSO slere¥l aue 3 a8 ISy delug JUls «(GPU Silosgaydl dxllas
IR el copend d Glodie Sy saiud /960/ (o 2alsll bl Sucld quuds @ wad cllis
rat) el alusiwl @3 a8y .30%4ud; (Testing) ,LasH L) @udlly 70%cbily 2ewdy (Training)cw i)
sesddl ez bwsie o LS . (2m)olagiaall elane @ Jabdl e LuelSdl ay o 189 (13Mp) 280y Jlaby|
sde al w8y L) (300) wsloll guaall @ whlbdl sae Lawgieg (455) saaiall Jobo Jassgiag (SMB)
4l (6l &uusyu3 395 /18/ (Alex Net LW- GRU )9 (Alex Net LW- LSTM ) ciSidl (e ST Ayl &l el
& Graradl a3l Lol lasll dayd 8T ISy Leldy ikl 28001 dagd ) Jssmsll @3 Beyall 359001 s e
QW (2) Jouzdl & moge S 9d oniSddI IS (@ Awys 390 S

ESadl ST § Ayl Sl pgull Gyiiad | o3l (2) Joazed

oRY 956 544 443 449 433 436 442 443 440 437 434 438 435 443 447 442 443 447
Time(ms)

LSTM
Time | 729 497 497 410 400 395 393 397 394 397 399 399 405 405 397 400 395 391
(ms)

@ i) Gyl a3l (e J8T LSTM aSiad dnpunl) Slooad) ey of Lasdl (2) Jgudl oy

Li cotae Jlme e cutg padsny oF Jl o @ o9 lle 2oy T o3l of 1asdl LS .GRU a0

& mose LS b iSddl oy dalie oo Uspe 8 I Llxad @ @I lasdly 28000 aeuat aeadlly

JE(3) Jsull

Sl Aty atll & ped! I3 Unielly 2801 o3 (3) Jgor

Custom Alex Net With GRU Custom Alex Net With LSTM
Loss Accuracy Loss Accuracy
1 1.0003 0.4583 0.9906 0.4325
2 0.8399 0.5993 0.7079 0.4609
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Custom Alex Net With GRU Custom Alex Net With LSTM
Loss Accuracy Loss Accuracy
3 0.6374 0.6124 0.5907 0.5049
4 0.4278 0.6708 0.6715 0.5531
5 0.5687 0.7163 0.7001 0.5935
6 0.6904 0.7714 0.8126 0.6328
7 0.7236 0.8181 0.6750 0.6874
8 0.5511 0.8301 0.5970 0.7861
9 0.6074 0.8533 0.4485 0.8103
10 0.5689 0.8769 0.5392 0.8564
1 0.7603 0.8844 0.6663 0.8880
12 0.5657 0.8968 0.4404 0.9012
13 0.3682 0.9 0.3242 0.9078
14 0.4474 0.9007 0.4278 0.9098
15 0.5650 0.9012 0.2151 0.9102
16 0.5884 0.9058 0.3274 0.9167
17 0.3477 0.9088 0.4171 0.9187
18 0.4582 0.9102 0.2364 0.9289
CaSa S § Uaslly 1801 08 oo Bl mibgs JWI (7) 5 (6) JSCadls
1.0 : - ; Y1 SR —— P :
=— GRU Loss 0.98 1
0.9 ~ LSTM Loss 0.86 T :
0.8 : 0.81 YRR AP ST
0.77 1
0.7 > o712 t
§ 0.6 % 0.68 T
- S 0.63 1
.5 0.58 T e
= GRU Accuracy
0.4 0.54 1 .~ — LSTM Accuracy
0.45
0.3 0.45 1
.40 —
0.2 12 3 4 5 6 7 & 9 10 11 12 13 14 15 16 17 18
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Epoch
Epoch
SIS § il Uasdl b (7)JSCad! S!S § Al 25001 B (6) il

Aesys 890 S aay o1 (@) (Validate) euddll d>pe S 2sldl 4819 sl i) Auddly Lof
(4) Jgazdl U5 (0 sl AW @l Jiead 03 wad o onaSeid]
S eddl Jo e SN Uasedly a8 o (4) Jou>

. Custom Alex Net With GRU Custom Alex Net With LSTM
Epoc
Val- loss Val- Accuracy Val- loss Val- Accuracy
1 0.5634 0.7674 0.6864 0.6076
2 0.5799 0.7500 0.7116 0.6146
3 0.5699 0.7500 0.9586 0.4097
4 0.5427 0.7778 1.4171 0.3958
M‘?A;\ﬁ)\)ﬂ\@w\ﬁm‘ﬁb‘;ﬁ)& (11) gﬁﬁjﬂtd‘-ﬁ‘@k—l
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Custom Alex Net With GRU Custom Alex Net With LSTM
Epoch Val- loss Val- Accuracy Val- loss Val- Accuracy
5 0.7152 0.7396 2.6647 0.4062
6 0.6037 0.7604 3.4228 0.4167
7 0.6697 0.7743 3.7353 0.4514
8 0.8790 0.7604 1.6158 0.6562
9 0.9846 0.7604 0.3523 0.8715
10 0.8831 0.7604 0.5466 0.8854
11 0.4873 0.8160 0.5656 0.8681
12 0.3518 0.9062 0.2119 0.9479
13 0.2993 0.9132 0.1626 0.9653
14 0.1896 0.9306 0.2928 0.9583
15 0.1051 0.9132 0.9849 0.8368
16 0.0924 0.9583 0.8350 0.8854
17 0.2608 0.8819 0.5881 0.8993
18 0.1945 0.9218 0.0972 0.9532

(RS ST 3 Ays 8595 Jol @ 4 Aeid el 3 oS (loss) Uzl o (7) 5 (6) calSadl o Lasdls
Bl Ay 2liSy Aesdll sda wie aily 4 Aegd S8 ] Jsosdl @ G Lemppas (alasidly Ty @3 (e
NS 3 L Aeid Jiadl cdael o Loy iyl @ ey o Jo¥) Lapaal) Syaull § Aed JBL iy aas
Juadl sl (Alex Net - LSTM) a0 3 4l 4801 dayd o 1asdl LS 8,31 &yl 8500l e (il
oo LasMi(Alex Net - LSTM). 4 (3 Uased) dayal awdlly clliSy «(Alex Net- GRU) aS4s 3 4801 @48 (4a
Loya5 1% laie; GRU 3t 3 2801 (o AST ol LSTM 280 § 481 of 531 als L1 § Al all
Gyl qusss JUl (9)9 (8) USLadly 2% 5ludey GRU aSids § Uzl oy J8T S LSTM aSiis § aslidl Uazelly
S S § @izl Ades M5 Bmlill sty 28001 @B o

4,00 1.00
— GRU Val-Loss 0.95
3.60
=~ LSTM Val-Loss 9.90
3.20 .85
2.80 - 0.80
9 2.40 g .75
o
T 2.00 g o
Tu <F 0.65
> 1.60 > 0.60
1.20 > .55
0.50 = GRU Val-Accuracy
0.80 : — LSTM Val-Accuracy
0.45
0.40 0.40
0.00 —ttt— 0.35 4 4+
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Epoch Epoch
- 11 - - - -
S| ST § Ll Uased! oud (9) JSCad! SIS § dzslid!| 430! o8 (8) Ui

a5 of (9) JSad! (o Lol LeS el Uolye IO Uasddly 48001 @i (9) 9 (8) JSadl (pe Lasdls
el A cipds (61 (s 395 (e AST § as gl diegd Solms S s cdacl U3 (Alex Net- LSTM)
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b ol uas ouSeadl M 9 Ald) wuall 2wl Lol Lasy Aall oda Solas @5 i) (Overfitting) JLatl
a8t e Loaas LSTM a8k cas> da> (Alex Net- GRU) 280k oud oo Juadl (Alex Net- LSTM) 280
%9 5 diay JBT Uns Luudsg %3 (quya5 5ladas Sl pusddll wie 48001 dayd 3 GRU

& dl Lads -9

O39¥1 2l Apaall Jall @il alaseiwl WS (e clldg @il sue (agass dedl lda § @
sde paasi e dple buatll e degaze elia) day iy Alex Net 48 alasiwl @ dus (daasll
s 0555 G Lostrad) 28adl (o 53Vl ladall Jlade clliSy (Jall clads § feasiwdl Sl
Loleze¥l @l 4y, Sall aSadl (e IS plasiad @ dus LSl Sl plil eal sl caduadl e
bl degeme e cmdl 38 U Jaall jLasl @3 ddy (GRU) Lgdl 4,l,Sall 28adly (LSTM) Aglall
QA olas¥l dpymdl @ldl cddl ady aseall Caday oulian Jlably greasds Jlab¥ 53048 960 @uas
LSTM Alshall Zusleze¥l o3 4, Sl ASadl oo S (%84 Hluda; Ausumall wlSiadl § Sliahldl sue
%3 lade; B coly dos daxlly Bl Ca> e GRU Lgd) L, Sall aS0adl (o Juadl milo cdacl
969 jladey Uasdl (adsily

Sl Aallg aliyogd! -10
JWI 2yl (svo5 Ll ol @3 ) gilaadl e 3Ly

S9dme Cigliaty sdi Sl i Jl> @ clldg LWONN Zagasdl Zupmall Jall clSis alasiwl 1
sde padsl das S @ Leasiadl Sl sae @ a8 Uy Lo Lee (M ol (ndine)
W jaasiy counll § Aeyadl sl Jllls %84 lades Lixy § zAall allaidl § lialLl
3,810 IMaaly Slluxd!

Sl gl Cant § delud Olje oo 4Izes W (LSTM, GRU) &y,Sall lSidl e 3alazadl .2
Beadl @ Sl sue § 5055 LS oasll s bl Loy I e iy Agll olalll
ey 485 Ly § oniSedd] (e IS aluzinl 3as cu> Lglhall 28001 e Aladlall ae dbgiasll
GRU #8ci 3 %925 LSTM 28is (3 %95
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