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Fig. 4 Pooling residual module
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Fig. 6 Overall structure diagram of DCPRNet
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Wb SR8 2= BAR T, MR REfS 2 2] B B FRTE
AR ZS [ 85 07 )N BRAERAE 380 PR 23 A F
—FE A KU

2) X E AR BEATAL K IR ResNet-34 iy AJZ 1Y
TxT7 BRULE RN 3x3 BB, TEORFFSF U2 B 1Y [
BF, WEERESEGE, BT ICAR I SRR E Lt
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PR A RFIECR B 58 B 1Y 25 [A] 3 HE 3R

3) ¥ A JZ AL ST PARAE B ARFIESREUZ, 53]
293 44> Layer 24549 (ic 2~ Layerl~Layerd), & i f#i
WL 41 & ¥ SC ISl I A B, 58 IC 2 FRIE 2 FE 1
DCFC AL il 55 407 BE 1Y 73 2H 1 A i 2h AL E i
I MR P S 28 1 E R AE DCOCHERRAE

4) [FI} 4% Layer JZ o DCPRNet #5515 25 43 37 2%
<1 BB 232 P REAL A BN, B AU G0 KRB
TORAE, FESCINZS [A] RS R4 9 [R] OR B3 J 8 IX el 4 )
SitE e, BRIRZREI iR et

5) feJm , FRRIESEIBUZ i A G AR A Sk
2, AR P AR R AR, PR B I R
fii, B EEREE, RGN RIES . BIKmE,
DCPRNet il i i A JZ AL SEBURFIE LR BE . RROESEEUZ B)
BT =T RAEEA] . 2K 2 RHER G, GE
SIS ISR SRR, et
RIPERE S HE R

3 SKHWRLERDH

31 LWIMREHIESE

A SO R I 3AE R 4224 Ubuntu 18.04, i34
54 : NVIDIA Tesla P100 . 60 GB 17, #AFH
4. Pytorch 1.9.1, CUDA 11.1, CUDNN 8.05, #if%
i 5N Python 3.8, BRI I AR 5 CNN # 2 W 4%
SHH R EBEAR 5. RHRIEER AT M, LS
g —EWT: IR SGD (Fhit 0.9, MHE
W Se-4), YLk 200 4~ (SVHN 24 150, ImageNet100
100y, fibiE KN 128, WIARF 2 # 0.1, 43 SIAE 5
60, 120, 160 J& 15k 2= 5 0.2 f%, 512k sR %R 38 XL
TP

Hrp, B4 CIFAR-10 17 10 FR2EBIEG, &
WA SR, R RE%, 51204 6000
TR % . CIFAR-100 4 4 1 2 100 Rl 2851 &4

WERNA Y. 308 THSE, B 600 5KEME
RS HdE4E SVAN W RRDGIRAAF . RIRL A
PLRCECF4F 10 Fh2E 51 E1R . Imagewoof, Imagenett f&
ImageNet R % T8 5 . Flowers-102 40k K14
SR, AE 102 FhE ULAES TR IEIR . STL-10 s
LT 102850, MR RHL. 5. 1. A, I
£ 5000 K, EEA2E5 500 3K, A 100000 Tk A bR
FZ AT I B 2% >] . ImageNet100 F£5E%% ImageNet-1K
Bl ny)— R4, 5T 100 D251, 4K T
ImageNet-1K (W ELSHH R EUG MM, WEWik. 2.
Yist G 2200 BdREmmange 1 Prs ., ol miak s
J5 T, CIFAR-10, CIFAR-100, SVHN % 32x32 /NEl%L
PasE, VIZREERM 32 pixelx32 pixel FEHLEL Y . dpixels
T, MO EBTE 32 pixelx32 pixel J5IH—1k,
Flowers-102, STL-1055H KAVEAEE G — B b ARG
Sk 224 pixelx224 pixel, YIZREE R 0.08 L] Fifi #1148 55
I i, IR A 0 45 IR 256 pixels J5 UL # BT &
224 pixelx224 pixel, A BHEEIIHAT p=0.5 FEHLKF
B AEIE A —fb . FEJRSm s, X TR IR B
it P [R]85t S 1A T S0
21 SREKEE

Table 1 Experimental dataset

Dataset Size/pixels Class Trainset Testset
CIFAR-10 32X32 10 50000 10000
CIFAR-100 32X32 100 50000 10000
SVHN 32X32 10 73257 26032
Imagewoof 224X224 10 9025 3929
Imagenette 224X224 10 9469 3925
Flowers-102 96X96 102 14740 15153
STL-10 96X96 10 5000 8000
ImageNet100 224X224 100 130000 5000

3.2 BT LE M BERIFZ N
3.2.1 FESRABE AL B R P BB 0

A T FFEAS HE (DCFC) Bt DCPRNet SEPLE:
TEMHERIRZ L, T8 BhA 4 SRl T4 B e, nl g
FROEESEIE S BAR ) . I TR B . DCFC B A
A SR AR M PERE . AN B IRE)Z, S
ZIRJZEGES T, SERMER IR . ik ADLE
W, MGAHIEE ER AR R B, B LR
H. iASRS 2, SREMNSHGE S5IHTEIE, 5
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{7 # 2 ¥ DCFC Biuig AR 228 F 1Ko, BLATE1T4
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fb, PR T ARLEE R R E R A Dl 16 58 AN A% O[]
M. SRR A Z OB RE R IE S B i SR, A B = 5
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MHITCRT 5, XTEARALE 4 505 Hg RHm A B2
JEURMEFS U0 . FFAEARTE MR T BURHEA BRI TR,
R ASIURIE TR 5 7 RV ERE R LB T X LA
(iE 4 RS AR, RIS EERRAIE 5 521 5
P, IR R AR (E S, 6. T ZAE
RASTIAIE ISR, BZ2UACE ] fEd B ] A
RUFFIE, WERRRIR T8 20 (78 3. 5 AERBLR T07
B2, FAERSEMIRIZE , SEJek s 8 5k B bnifs
AL, PEREFIFEER.

Zi b, (i 2 AR KARIE A% DCFC B 3h 4%
WETE, SCBURRAESRICS UL R DR 2%, B35 3R T
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Fig. 7 Structure diagram of position and quantity embedding
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| |
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Table 2 Accuracy rates of different positions on three datasets/%
Station CIFAR-100 CIFAR-10 SVHN
1 78.21 95.29 96.62
2 80.36 96.41 96.97
3 78.77 95.40 96.78
4 78.55 95.23 96.65
5 79.83 95.90 96.89
6 78.92 95.62 96.72
7 79.58 95.51 96.82

T AR B IIREA, TR.

[Jstationl [IStation2 [JStation3
[Jstation4 [IStations [_JStation6 [Station7

100 F 96.41 96.97

RN

S sof 8036 _

g

g

®  60f

C

o

s

3

& 40

8

© 20t

CIFAR-100 CIFAR-10 SVHN

B 8 DCPR#ER TRz E S M Z M AHE
Fig. 8 Accuracy rates of the DRPR module
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2oy Arkne Sz e
3.2.2 A[RISHEOT LI B0

DCFC 55 (114 BEA S Rl AL 21 8 40 1 SUZ S 2l %
B RN+ AR 53), K545 (groups) TR IE 5
A H R FERERIRE, T4 415 (subgroups) 52MH3E H.HY
REAE, & D) pe e Tl T8 FRAE 1) A S e S (5 80k
Btk AT IAIE S S HO S HERE R, AR08
TR BT, SE R 12 0 AL (subgroups=2), ik
KRB EARIK ], PN T2 o R PR S5
HEBR F U SHONZOEE I T, TR S EO E
JEHEE

ARSI FET 3.2.1 PR ERUEA DCFC BIH AR ik
AL B (78 1), £ 5454 CIFAR-100, CIFAR-10,
SVHN I ¥ J& X} He ik 56 o &1 X B 2% 1) 4 4> Layer /2
(Layerl~Layer4, i#IEE0 510 64, 128, 256, 512) X
TS HARGET R, 53R % 1 (1-1-1-1) RiEf753
. HFE2(2-4-8-16) B4 32 i . HE 3 (4-8-16-32)
T2 16018 . 7% 4 (8-16-32-64) Th4H 8 il . I 5
(16-32-64-128) &F 41 43@ i, LI L5 KL & 3 f & 9
PR

(3 TR AR AZAHIEE L EFHEI%

Table 3 Accuracy rates of different grouping numbers on three

datasets/%
Scheme CIFAR-100 CIFAR-10 SVHN
1 78.52 95.86 96.23
2 78.95 95.93 96.68
3 80.36 96.41 96.97
4 79.12 96.03 96.75
5 78.88 95.84 96.51

A IR SRR, S H S EOF AR BB B
NG, TRAEERARIX ], 7R 1 RET AR,
A [E A T SRR EDIRAS, FEHL 4 B s Io ik &k
PSS HAEN], SRR 5 B (R IE R A Rl
JIAR, FE CIFAR-100 ila e EHERRRAL, J75% 3 18
SRBARE EI AT RALIERE, T R A 168
B H N ERA R 2R, e 5 4. 5
R EE RS D S B RERE R i . RSk = 2 5Pk S
RIBCPE AR, 38 0 3 AR I S A A5 B A8 B
Tr%E 3 ARSI T4r 4k B 5 Layer 2538 18 £ 093k Fo v
FBEHL 20 B R i B ME T, R EE R, W2
Layerl . Layer2 75 P& 8 4R BERRE, 4~8 4114 415mT

a 80.5
5% 800 80.36 CIFAR-100
8 3 79v5
%3 79.0 79.12
g : 78.95 : 7888
< 785pgs5) ,

Schemel Scheme2 Scheme3 Scheme4 Scheme5
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96.0
95.93 96.03
955t 9568 95.84

95.0

94.5
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97.5
97.0
96.5 663 297 9675
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95.0

SVHN

96.51

4.
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B9 FRSAKAEZAHIEE LR EHE,

(b) CIFAR-10; (c) SVHN

Fig. 9 Accuracy rates of different grouping numbers on the three datasets.
(a) CIFAR-100; (b) CIFAR-10; (c) SVHN

(a) CIFAR-100:

WG BRI R B AT R K . TR)Z Layer3. Layerd
SEALIN SRR B, 16~32 40/ 4L B0 nT $2 T B5 i 3 5
BAZHERE 1o REHL 20 B 4m ot — RS2 FBENLET L,
i — 20/ AR TR 3 09 P R el A [ B [ 3
REREFE AT ACH.,, M ERIERIOCHR, AR Az 1k
REJJ, 7E SVHN Hudladk b, B3 2 %5271 0.29%.

FHERR T4 5 21K (subgroups) 20 K4 43 4H A
SRR IIEAE T, A B[ KA HECH %0 5L 50 50
WERYERARAE (7% 3), MNAAS W] 20 43 4L B8O M RE A 52
My, SEESZERANE 4 PR,

24 FRTFANAECEZ £ HIBE LW RAE/

Table 4 Accuracy of different numbers of subgroups on three datasets/%

Subgroups CIFAR-100 CIFAR-10 SVHN
1 78.84 94.89 96.25
2 80.36 96.41 96.97
4 79.73 95.78 96.34

TETF A5 5, MR subgroups=1. 2. 4 B9TERE
%5, subgroups=1 RICSZ R F AR 43, (B2 R4 5
YICHE BT AL 5S4, CIFAR-100 %54 45 o f % 4
1%, subgroups=4 RF4id4, HAMNEELGED, L
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RHRPED S HA B ITUARIG I, B RMEH R AT
subgroups=2. i subgroups=2 B%BEE i I\ ICEH 3]+ 2H 4k
[ s N Ci N R R at - B W A R ) BT BLEL
MAEEW IR T M IERUL %, PRERAESCHME, 5K
ZH IR S i LS S S BACR , B 8e 5 ReR
¥jffi. 251, DCFC MiH K F 4140 4-8-16-32 (5
2H 16 3HIE) . TURFEDULR subgroups=2, —HWFEIME
FHA] e RAR A 45 15 30 T8 A2 B 5 S S A HEDIRE,  CWA
BRI AL B ARRIE, W5 PR T N4 o2t fe .
3.2.3 ARIMEEHIEREXT

NERGT W 25 )2 K06 DCPRNet SR 2R 20, AR
SZES LA ResNet-18, ResNet-34, ResNet-50, ResNet-101
NFLE, FJEXT DCPRNet 2814, 7E CIFAR-100 %4
AR FIFERT LSS, S5k 5 FIE 10 Fis,

&5 WA R SHITIE

Table 5 Comparison of parameters of four networks

Networks Accuracy/% Params/M Xentropy
DCPRNet-18 78.92 11.60 0.013
DCPRNet-34 80.36 29.42 0.008
DCPRNet-50 79.15 35.50 0.011
DCPRNet-101 79.63 44.40 0.009

—— DCPRNet-18
—— DCPRNet-34
—— DCPRNet-50
20 —— DCPRNet-101

Classification accuracy/%

1 1 1 1
0 50 100 150 200
Epoch

Fig. 10 Comparison of accuracy rates of four networks

FERCIE DL T, DCFC BB R R AIEFl G2 A5 B N 1 i e
VIVA RGN B B OC R, CWA HLfil R ik = 5853
{4 T SCIERHTT TGRS 1 O BEOC HERRAE , I BRI X
P4 PERE T, DCPRNet-50 5 DCPRNet-101 JZ240% .
%, RIS EATRTHRHER S AE ], {2 CIFAR-100
HAHRG UG, HSEEITURIEIAEAE SR A
HEH IR DCPRNet-34, DCPRNet-34 Z4( 5258+

TE A BT OR BRI 6% 2 BSOS AL 20 4
PEEIEACH S CWA S S BCYIRE, XU 3x3 B
B 77 B LS PERAL T RIS 80, R
KIWEHITTAR

i b, AR MEPEREAIELS, MRS R R R
BURRERY R BOR D, Bk 218 IR Z R iiE X
KR, FEAE A5 AR ) IR AR B2 DO 785311
T R 28 ot AR B A A, 3l A A 2
PRIUAE S B RN R BRI N, 3825 5 DR R def B R
B JURAFIEMERR, 51 RS 4 45 R] 8, DCPRNet-
34 WP T IR UE T B AE A S AR 22 AR A 8K
Pk, TS AR PR RE AL
3.2.4 FENLEEXT RIEES R

Bifi LT 2 B AR e i DCPRNet 52 1 5h 45 8 18 32 B
A% AT Z —, Hod s EIZRBr B T | A AT i BERLE
F T RBE I T ) ) [ S e, ARG mi A AR 1) L g
R T SRR AL 2H s e ok B M RE SRR AR E H AT
SR, MAERSMEE R G, AL IEAT T M 1)
BEMLAD TSI, I 5 AR BEHLA T
24, 42, 123, 3407, 2024 535004516 FF 125 DCPRNet
R, S Rh RS TR LSRR, BRAR T
Iz, YIZRAE CIFAR-100 1 CIFAR-10 $lE4E FifkfT,
O SRR BEH LA TR L A S oSS ER
IR HSIE SR, SR 6 P,

A6 RREAUHT T B2 A5 5/%

Table 6 Model accuracy under different random seeds /%

Random seeds CIFAR-100 CIFAR-10
24 80.28 96.35
42 80.41 96.39
123 80.35 96.41
3407 80.30 96.38
2024 80.39 96.40

M 6 1S g5 Rl LA M EARIBENLF F T,
DCPRNet 7E CIFAR-100 Fil CIFAR-10 $#i 4 I 4 432K
HER W B /N o 5 A BEBLFD T 119 B R 35 (850 0 Ry
80.35% F1 96.39%, FEAMIRLY e AN RE AR SZ B HLFP T
PEPRA 520 . ER R IBRIEZE 530 0.05% 1 0.02%
TART 0.1%, X —fUNYRESRER R EN, BELT4
BRG] B BENLE I AR T BN a0 AT 2 M
BAIRE RS FoE M BB R RE IR R H— B . (AR
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HORBIRCHEESE , B E BRI 7<7 BRUFES IR
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Table 7 Accuracy rates of different attention mechanisms on five datasets/%

Attention CIFAR-100 SVHN Imagewoof Flowers-102 STL-10
+ECA 79.58 96.85 79.85 77.15 90.13
+SE 79.25 96.78 79.72 76.89 89.82
+CA 79.83 96.89 80.10 78.56 90.37
+CBAM 80.02 96.93 80.35 78.91 90.45
+CWA 80.36 96.97 80.60 80.62 91.91

[J+EcA [CJ+SE [COJ+cA [CJ+CBAM  [CJ+CWA

L 96.97
100 91.91
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Fig. 11 The impact of different attention mechanisms on
classification accuracy
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Table 8 Accuracy of four weight aggregation methods/%

Aggregation methods CIFAR-10 CIFAR-100 SVHN
Mean value 96.41 80.36 96.97
Max value 95.12 78.05 95.33

Chunk-wise summation 96.25 80.12 96.75
Independent normalization 95.58 78.89 95.87
[IMeanvalue [ Chunk-wise summation
[IMaxvalue  [Jindependent normalization
100 | 9641 96.97
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B 12 Wit RERE 7 XA EHER R
Fig. 12 The impact of four weight aggregation methods on
accuracy rate
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29 RRR%E 6 FHIBE L5 £AAEI%

Table 9 Classification accuracy rates of different networks on six datasets/%

Model CIFAR-10 CIFAR-100 SVHN Imagewoof Imagenette ImageNet100
ResNet-34 95.29 78.21 96.62 79.36 87.20 78.50
DenseNet 94.24 78.85 94.97 77.97 87.72 79.98
GhostNet 94.92 77.16 93.86 78.22 87.83 —

EfficientNet 94.01 75.96 93.32 77.95 88.06 —
MobileNetV2 93.37 68.09 — —
Wide ResNet 28-10 95.83 79.50 95.21 78.71 88.34 79.3
SENet-34 95.22 73.22 87.06 — — 79.54
MMA-CCT-7/32 94.74 77.50 94.26 — —
Couplformer 93.54 73.92 94.26 77.89 87.91 —
FAVOR+ 91.42 72.56 93.21 77.57 88.16 —
Swin-T 94.46 78.08 — —
ATO 94.51 78.54 95.51 80.19 86.67 —
DCPRNet (Ours) 96.41 80.36 96.97 80.61 91.59 80.01
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Table 10 Comparison of inference efficiency

Model Params/M FLOPs/G Latency/ms (BS=1) Throughout/(f/s) (BS=128) MAC/G
ResNet-34 213 1.2 2.3 435.7 4.8
Wide ResNet 28-10 37.2 5.9 8.1 158.2 19.6
Swin-T 86.7 4.3 12.5 95.3 15.2
EfficientNet 529 2.5 4.7 265.9 8.9
DCPRNet 29.4 2.1 2.7 370.4 6.5
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B 13 ~RM&agTAMNE%. (a) Original image; (b) MobileNet; (c) ShuffleNet; (d) ResNet; (e) DCPRNet
Fig. 13 Visualized images of different networks. (a) Original image; (b) MobileNet; (c) ShuffleNet; (d) ResNet; () DCPRNet
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ik 4 B 2% 3 ) HE CIFAR-100, CIFAR10. SVHN,
Imagewoof Fl Imagenette £ 45 [ AT PR AR, SL46
ZERMNE 11 ME 14 fis . SRR RS B . ik
i MBS R 3.0 N SRR TR, T
ResNet-34 #5171, AQUFH B I AT 6E B 2 18 T+ 4%
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Table 11 Ablation experiments among different modules on different datasets (classification accuracy rates/%)
Group CIFAR-100 CIFAR-10 SVHN Imagewoof Imagenette
ResNet-34 78.21 95.29 96.62 79.36 87.20
Netl 79.33 95.68 96.76 79.69 88.79
Net2 80.11 95.75 96.83 80.08 90.40
DCPRNet 80.36 96.41 96.97 80.61 91.59
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Fig. 14 Accuracy rates of each module on different datasets. (a) CIFAR-100; (b) CIFAR-10; (c) SVHN; (d) Imagewoof; (e) Imagenette
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Pooling residual image classification network
with dynamic channel feature calibration

Jiang Wentao, Zhao Wenwen’

College of Software, Liaoning Technical University, Huludao, Liaoning 125105, China

Abstract

Objective Image classification, a foundational core task in computer vision, supports diverse critical applications including clinical
medical diagnosis, intelligent security surveillance, remote sensing image interpretation, and autonomous driving scene recognition. Deep
learning models such as ResNet, DenseNet, and ViT have notably advanced classification performance in recent years, but traditional
networks still bear inherent flaws that restrict their practical applicability in complex real-world scenarios. ResNet, a widely adopted
architecture for image classification tasks due to its gradient preservation advantage, lacks sufficient channel feature interaction, which
directly impedes the effective selection of key discriminative features. Its initial 7x7 convolution and max-pooling layers trigger excessive
downsampling at the early feature extraction stage, resulting in the loss of fine-grained spatial details that are vital for accurate
classification of complex images with overlapping objects or subtle differences. Fixed channel grouping in traditional convolutions further
isolates cross-channel feature information, limiting the model’s ability to integrate multi-dimensional feature cues and capture inter-channel
correlations. Existing attention mechanisms like SE and CBAM only focus on single dimensions—either channel or spatial—failing to
achieve dynamic and comprehensive feature calibration varying image contents. This study addresses these critical limitations, enhances
cross-channel information interaction, strengthens feature representation and key feature extraction capabilities, and ultimately improves
the overall classification performance and generalization ability of the model.

Methods To achieve this objective, a pooling residual image classification network with dynamic channel feature calibration (DCPRNet)
was proposed, which is optimized and improved based on the ResNet-34 architecture to address its inherent deficiencies. Three core
targeted improvements were integrated into the network to overcome the drawbacks of traditional models while maintaining computational
feasibility. First, the initial layer was optimized: the 7x7 convolution was replaced with a 3x3 convolution to reduce parameter complexity
by nearly half while retaining robust feature extraction capability, and the max-pooling layer was removed to fully preserve fine-grained
spatial information for subsequent feature processing, fusion, and calibration. Second, a dynamic channel feature calibration (DCFC)
module was designed, which combines a random subgroup shuffle module and chunked weighted attention (CWA) mechanism. The
random subgroup shuffle module breaks the isolation between channel groups via dual-layer grouping and random shuffling, effectively
promoting cross-group information interaction and dynamic channel communication without introducing excessive computation. The CWA
mechanism calibrates the weights of feature chunks through feature chunking, local importance score generation, mean pooling-based
global information aggregation, and sigmoid normalization, thereby suppressing redundant background information and enhancing the
contribution of critical feature regions related to target classification. Third, an average pooling-based residual module was added to the
DCFC branch, using 1x1 convolution and 2x2 average pooling instead of traditional stride convolution to realize low-cost smooth
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downsampling, reduce feature distortion, and better preservation of effective feature information.

Results and Discussions Comprehensive experiments were conducted on five representative datasets (CIFAR-10, CIFAR-100, SVHN,
Imagenette, Imagewoof) that cover simple object, complex category, low-resolution, and real-world natural image scenarios, ensuring the
model’s performance is validated under diverse conditions. DCPRNet achieved classification accuracies of 96.41%, 80.36%, 96.97%,
91.59%, and 80.61% on these datasets respectively, showing stable and reliable performance across different data types, complexity levels,
and feature distributions. Ablation studies further confirmed that input layer optimization, the DCFC module, and the average pooling
residual module each boost model performance significantly, and the synergistic effects among the three components yield the optimal
overall result by complementing each other’s advantages. Comparative experiments against 12 mainstream models, including ResNet-34,
DenseNet-121, ViT-B/16, and MobileNet-V2, demonstrated DCPRNet’s consistent superiority: it achieved a 2.15% accuracy gain over the
baseline ResNet-34 on the CIFAR-100 dataset and a 4.39% improvement on the ImageNet dataset, while maintaining comparable
computational cost. Heatmap-based visual analysis further verified that DCPRNet can accurately focus on critical fine-grained features of
target objects, effectively avoiding interference from irrelevant background regions and exhibiting excellent feature calibration capability.
These results confirm that the proposed improvements effectively enhance cross-channel information interaction, resolve the inherent
limitations of traditional networks, and strengthen the model’s ability to extract discriminative features.

Conclusions DCPRNet was successfully developed by optimizing the ResNet-34 architecture and introducing the DCFC module and
average pooling residual module. The model effectively enhances cross-channel information interaction, significantly strengthens feature
representation ability and key feature extraction efficiency, and achieves a balanced trade-off between classification accuracy,
computational cost, and model robustness. Experimental results and visual analysis fully validate its superiority over mainstream models on
multiple datasets, confirming its good robustness and adaptability to different image scenarios and data distributions. By addressing the
core flaws of traditional image classification networks—such as insufficient channel interaction, excessive feature loss during
downsampling, and limited feature calibration capability—DCPRNet provides a reliable technical solution for image classification tasks in
multiple fields including medical imaging, intelligent surveillance, and remote sensing detection. It also offers valuable theoretical and
practical reference for the further optimization of deep learning-based image classification models, laying a solid foundation for the
development of more efficient, accurate, and lightweight computer vision algorithms suitable for edge computing devices.
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