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Abstract. This study investigates the impact of network depth, kernel size
configurations and convolutional layer types on the performance of convolutional neural
networks (CNNs) for image classification tasks. The objective is to systematically assess
how variations in kernel size, convolutional strategy, and depth contribute to classification
accuracy and computational efficiency. We analyze both shallow and moderately deep
network variants to disentangle the relative importance of kernel modifications versus
depth scaling. Using the MNIST and CIFAR-10 datasets, we evaluate kernel sizes ranging
from 3x3 to 11x11, convolutional configurations including standard, dilated, and strided
convolutions, and network depths spanning from two to eight convolutional layers, across
multiple input resolutions (32x32, 64x64, 128x128, and 256%256 pixels). Results indicate
that for simple datasets like MNIST, depth scaling provides limited benefits, as high accuracy
(~97-98%) is achievable even with shallow networks regardless of kernel variation. In
contrast, for CIFAR-10, smaller kernels in early layers combined with increased depth
capture fine-grained details more effectively, while larger kernels in later layers enhance
generalization at higher resolutions. Dilated convolutions offer notable improvements
for high-resolution images by reducing inference time (up to a 2x speedup at 256x256)
without sacrificing accuracy, particularly in deeper models. Strided convolutions, although
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computationally efficient, consistently degrade accuracy due to spatial information loss
across depths. These findings suggest that optimal performance arises from a balanced
interplay between kernel configuration, convolutional strategy, and network depth. Future
research may explore adaptive architectures that dynamically adjust these factors to
improve robustness across diverse datasets and resolutions.

Keywords: convolutional neural networks (CNN), neural networks (NN), deep
learning, artificial intelligence (Al)

For citation: Hozak Y., Paliy S., Honcharenko T. (2026). Evaluating optimal
configurations of shallow CNNs on low-complexity datasets // International journal of
information and communication technologies. Vol. 7. No. 26. Pp. 138-152. https://doi.
org/10.54309/1JICT.2026.26.2.009. (In Eng.).

Conflict of interest: The authors declare that there is no conflict of interest.

KYPIEJLIITT TOMEH JEPEKTEP )KUBIHTBIKTAPBIH/IA TEPEH EMEC
OPAM/IbI HEMPOHIBIK KEJIJIEPIIH (CNN) OHTAJIBI
KOH®UTYPALIASIJIAPBIH BAFAJIAY

A. TI'ozax™, C. Hanuit’, T. I onuapenxo?
'Tapac IlleBuenko arbinaarsl Kues yiaTToik yHUBepcuTeTi, Kues, YkpanHa;
2KueB yATTBIK KYPBUIBIC JKOHE CayJeT yHuBepcureti, Kues, YkpauHa.
E-mail: hozakya@fit.knu.ua

I'ozak SIpociaB — nokropant, Tapac IlleBuenko arbinarel KueB yITTBIK YHUBEPCUTETI,
Kues, Ykpanna

E-mail: hozakya@fit.knu.ua, https://orcid.org/0009-0008-2963-7204;

Hammii Cepruii — PhD, kaysimaacteipbuiran npodeccop, Tapac LlleBueHko aTbiHIaFbI
Kues ynrteik ynusepcuteti, Kues, Ykpanna

https://orcid.org/0000-0001-9742-1116;

I'onuapenko TaTbsiHa — TeXHMKA FHUIBIMIAPBIHBIH JTOKTOPHL, podeccop, Kues yinTThik
KYPBUIBIC KQHE cayseT yHuBepcuteTi, Kues, Ykpauna
https://orcid.org/0000-0003-2577-6916.

© 4. T'ozak, C. Ilanuii, T. [onyapenko

AHHoTanusi. byn 3eprreyne KecKiHAEpAl KIKTE€y MIHAETTEpIH ILIenry Ke3iHJe
opamMibl HeMpoHIBIK xkeninepain (CNN) eHIMIUTITIHE JKell TEPSHITIHIH, SIPO OJIIIeM-
JepiHiH KoH(HUTypausiapbl MEH Opamabl KabaTTap TYpJepiHiH dcepi 3epTTenei. 3epT-
TEeYJIIH MaKCcaThl — PO OJIIEMIHIH, OpaMAay CTPaTEerHsCHIHBIH KOHE K€l TEPEHAITHIH
e3repyl KIKTey OO MEH ecenTey TUIMIUIITIHE Kajail ocep eTeTIHIH KyHenl Typae
Oaranay. TepeH emec jkoHE opTallla TEPEHAIKTET1 Kellljaep KapacThIPbLIbII, Oy sIIPO MO-
TUUKaAIUsIapbIHBIH KeJll TEPEeHAINH apTThIPyMEH CaJbICThIPFAHIAFbl CAJIbICThIPMAJIbl
MaHBI3/IbUIBIFbIH aHbIKTayFa MyMKIHJ1K Oepeni. MNIST sxone CIFAR-10 nepexrep *ublH-
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THIKTApbIH TalianaHa oTeIpei, 3%3-TeH 11x11-re aeiinri aapo eamemaepi, CTaHAapT-
ThI, IUJIATALMUSIIBIK KOHE CTPAalIThl opaMAapAbl KAMTUTBIH OpaMay KOH(QUTypauusia-
pBl, COHZIali-aK Kipic KECKIHJEPIHIH dPTYPJIl aXKbIpaTbIMABUIBIKTAphIHA (32%32, 64%64,
128x%128 sxoHe 256%256 nukcenb) €KiJIeH cerire AeiiHri opambl KabaTTaH TypaThiH
el teperiri 6arananael. Hotmxenep MNIST cusikTel KapanaiibiM JepeKTep >KUbIH-
TBIKTapbl YIIIH KeJl TEPEHIIrH apTThIpy TUIMIUTIKTIH IIEKTEYNl FaHa ©CylH KaMTama-
ChI3 €TETIHIH KopceTTl, cebebl sapo emeMIepiHiH e3repicTepiHe KapaMacTaH, TEPEeH
eMec JKeIIEpIiH o31H1e Korapbl ganikke (~97-98 %) kon xertkizineni. An CIFAR-10
JIEPEKTEP KUBIHTHIFBI YIITIH JKET1HIH 0acTankpl KadaTTapbIiHAa ©JeMl KIIli sSapojapabl
naiagany kel TepeHAITTH apTThIpyMEH YHJIECKEH JKaF/Iaiia ycak OeJIeKTepIeH Typa-
TBHIH OenriiepAl TuiMIIpeK Oemin anyra MyMKiHIIK Oepesi. CoHbIMEH KaTap, KeHiHT1 Ka-
OarTap/a esemi yIKeH sSApoapabl KOJJaHy KECKIHAEPIH aKbIpaTbIMAbLIBIFBI JKOFaPbI
OoJFaH Ke3/1e MOJIETIb1H XKaJllbulay KaOlJIeTiH )KaKcapTyFa bIKIal eTesl. JumaTausuibiK
opamMiap JKOFaphl aXKbIPATHIM/IBUIBIKTAFbI KECKIHIEPMEH KYMBIC ICTEY KE31HE JJIIIKTI
TOMEH/JIETIIEH, acipece TEPEHIPEK MOJIENbAepie, UHPEPEHC YaKbIThIH KbICKAPTY apKbLIbI
TUIMIUTIKTIH alTapibIKTail apTyblH KamTamachl3 eTelll (256%256 axbplpaTbIMAbUIBIKTA
ekl ecere nieliH xenennety). CTpaliAThl opamaap ecenTey TYPFbICBIHAH THIMAL OoJFa-
HbIHA KapamacTaH, JKeJll TePeHIITIHIH SPTYPJIl IEeHIeHIepiH/e KeHICTIKTIK aKmapaTThiH
JKOFaITybIHa OalIaHbICTHI IQJIIKTIH TYPAKThl TOMEHEYIHE ajblll KeJieal. AJIbIHFaH HOTH-
JKeJlep OHTAIIbl OHIMIUTIKKE SIAPO KOH(PUIYpaLUsAChIH, OpaMJady CTPATETUSICHIH KOHE
JKeJll TePeHAIrNH TeHrepiMIl yilllecTipy apKbUIbl KOJ JKETKI3UIEeTIHIH Kepcereai. bomna-
HIaKTa SPTYPJIl JEPEKTEp >KUBIHTHIKTAPHIMEH JKOHE KECKIH a)KbIpaTbIMIbUIBIKTapbIMEH
JKYMBIC 1CT€y KEe31HJ€ MOIENbIACPIIH TYPAaKTbUIBIFBIH apTTHIPY MAaKCaThbIHAA aTaliFaH
napaMmeTpliepil IMHAMUKAJbIK TYp/le PETTeN anaTblH OeiMIeIMelTl apXUTEeKTypaapsl
3epTTEy OPBIHBI.

Tyitingi ce3nep: opamabl HeWpoHABIK >keaiiep (CNN), HEUPOHIBIK >KEIiiep
(NN), TepeH OKbITY, KacaHibl UHTEIEKT (Al)
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AHHoTanusi. B HacrodieM HUCClIeJOBaHUN W3y4daeTcs BIUSHUE TIIyOWHBI CETH,
KOH(UTyparuii pa3MepoB sijiep U TUIIOB CBEPTOUHBIX CJIOEB HA IPOU3BOAUTEIBHOCTD CBEP-
TOYHBIX HeHpoHHBIX ceTedl (CNN) npu pemeHun 3aaa4d kiaccuGukanuu u300paxeHU.
[{enb uccrienoBaHus 3aKIOYAETCA B CUCTEMaTHYECKOM OLIEHKE TOro, KaKMM 00pa3oM u3-
MEHEHHS pa3Mmepa sijipa, CTpaTeruu CBEPTKU U TITyOWHBI CETH BIMSIIOT HA TOYHOCTH KJlac-
cu(UKaluu U BBIYUCIUTEIbHYIO 23PPEKTUBHOCTH. PaccMaTpuBaroTcs Kak HErTyOOKHe, TaK
U CEeTU YMEPEHHOU IIyOMHBI, YTO MO3BOJISET ONPEIECIUTh OTHOCUTEIBHYIO 3HAaUUMOCTh
MoauUKalui saep M0 CPAaBHEHUIO ¢ yBelnYeHHeM riTyOuHbl ceTu. C HCIONIb30BaHUEM
HaObopoB maHHbIX MNIST u CIFAR-10 onenuBaroTcst pasmepsl siaep ot 3x3 mo 11x11,
KOH(Urypanuu cBEPTOK, BKIIIOYAIOIINE CTAaHAAPTHBIC, TUIATUPOBAHHBIE U CTpPalIOBbIE
CBEPTKH, a TaKkKe NTyOWHA CETH OT JIBYyX JI0 BOCBMH CBEPTOUHBIX CIOEB MPH Pa3IMYHBIX
pa3penieHnsaX BXOIHBIX H300paxkeHui (32%32, 64x64, 128x128 n 256x256 nukcenei).
Pe3ynbrarhl moka3bIBaIOT, YTO U1 IPOCTHIX HAOOPOB AaHHBIX, Takux kak MNIST, yBenu-
YeHHe ITyOUHBI CeTH 00eCTIeYuBAET OTPaHHUUEHHBIN TPUPOCT dPPEKTUBHOCTH, TTOCKOIBKY
BBICOKast TOUHOCTH (~97-98 %) nocturaercs qaxe Npu UCMOIb30BaHUH HENTYOOKHUX ceTei
HE3aBUCUMO OT BapHaluid pasmeposB saep. B ornuuue ot storo, s CIFAR-10 ucnomns3o-
BaHUE SJIEp MEHBILIETO pa3Mepa Ha PaHHUX CJIOSX B COUYETAHUM C YBEIMYECHUEM TITyOHHbI
ceTH nmo3BoisieT Oonee 3h(HEKTUBHO BHIACISITH MEJIKOIETATH3UPOBAHHBIE MIPU3HAKH, TOTA
Kak 0oJiee KpyIHBIE SApa Ha MOCIEAYIOUINX CIIOSIX CIIOCOOCTBYIOT YIYUIIEHHIO CIOCOOHO-
CTH MOJIeNH K 000OIIEHUIO MPU BBICOKOM pa3pellieHnu u300paxkeHuil. JlunaTupoBaHHbIe
CBEPTKH 00ECIIEUMBAIOT 3aMETHOE TIOBBINIEHNE d(PPEKTUBHOCTH MpU paboTe ¢ n300paxe-
HUSIMU BBICOKOTO Pa3pelIeHus 3a CUET COKpallleHus: BpeMeHU nHpepeHca (10 ABYKpaTHOTO
YCKOpPEHHUS TpH pa3perieHnn 256x256) 6e3 CHIKEHUS TOYHOCTH, 0COOCHHO B OoJiee IiTy-
6okux Monensix. CtpaiiioBbie CBEPTKU, HECMOTPS Ha BHIYMCIUTENBbHYIO 3(()EeKTUBHOCTS,
MPUBOAST K YCTOMUNBOMY CHIKEHUIO TOUHOCTH BCIIEICTBHE TIOTEPHU MPOCTPAHCTBEHHOMN
uHbOpMAIIMN Ha PA3IMYHBIX YPOBHSAX IIyOMHBI ceTH. [lomyueHHBIE pe3yiabTaThl CBHUIE-
TEIbCTBYIOT O TOM, YTO ONTHMAJIbHASI TPOU3BOAUTEIHLHOCTD IOCTUTaeTcs Onaronaps coa-
JAHCUPOBAHHOMY COYETaHHIO0 KOH(MUTYpAIUH SIIep, CTPATETUu CBEPTKU U IITyOUHBI CETH.
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B panpHeiiem nenecoodpa3zHo MCCIENOBATh alallTUBHBIE apXUTEKTYPbl, CIIOCOOHBIE JH-
HAMUYECKHU PErylIUpOBaTh YKa3aHHbIC MapaMeTpbl AJsl MOBBIIICHHUS YCTOMYUBOCTH MOJe-
neil mpu pabote ¢ pa3TUYHBIMU HAO0OpaMU JaHHBIX U Pa3pelICHUSIMU H300pasKeHUH.

KiroueBble ciioBa: Ceéprounsie HelipoHHble ceTu (CNN), Heliponnbie ceTu (NN),
r1y0okoe 00ydeHue, HCKYyCCTBEHHBIN HHTEIIEKT (Al)

Jasi uutupoBanusi: I'ozak f., [Tanuii C., Tonyapenko T. (2026). Ouenka onTu-
MaJbHBIX KOHPUTypaluid HerTyOOKHUX CBEPTOUHBIX HEHPOHHBIX CETel Ha Jaracerax HU3-
KoM croyKHOCTH // MexayHapoaHbIN KypHaAT MHPOPMAIIMOHHBIX U KOMMYHUKAIIMOHHBIX
texHoyoruit. T. 7. No. 26. Ctp. 138-152. https://doi. org/10.54309/1JICT.2026.2.009. (Ha
aHIIL.).

KoHuIuKT HHTEepecoB: aBTOPHI 3asIBISIOT 00 OTCYTCTBUU KOH(IMKTa HHTEPECOB.

Introduction.

Recent advances in computer vision have accelerated progress in robotics and
automated systems, supporting applications such as autonomous vehicles, unmanned aerial
vehicles (UAVs), and industrial automation. At the core of these systems lies the capacity
to interpret visual information accurately and efficiently, a task predominantly driven by
convolutional neural networks (CNNs). Although CNNs have achieved outstanding results
in image classification, object detection, and scene understanding, their performance is
highly dependent on architectural choices, including network depth, kernel design, and
dataset characteristics.

For robotics and autonomous navigation, particularly in UAVs, efficient and reliable
vision systems are essential to ensure real-time decision-making in dynamic environments.
Designing CNNs that strike a balance between accuracy, computational efficiency, and
robustness remains challenging. Large, deep networks (Jordan, 2024; He et al., 2016) can
achieve strong accuracy on datasets such as CIFAR-10 (Krizhevsky, 2009) and ImageNet
(Deng et al., 2006), but their computational demands are often incompatible with the
constraints of embedded and edge devices. This motivates the study of smaller architectures,
where trade-offs between kernel configuration, convolutional strategies, and network depth
play a decisive role.

Computation efficiency is influenced by kernel parameters such as size, stride
(LeCun et al., 1998; Krizhevsky et al., 2012), and dilation (Yu et al., 2016; Chen et al.,
2018). Early architectures such as AlexNet (Krizhevsky et al., 2012) employed large kernels
in the initial layers to capture spatial structure and reduce image resolution at an early
stage, thereby lowering the computational burden of subsequent layers. However, large
kernels have seen limited adoption because they often fail to preserve fine-grained details
(Simonyan et al., 2015). Strided convolutions can simultaneously enlarge the receptive
field and reduce resolution, replacing pooling in some designs, but they commonly sacrifice
spatial precision. Dilated convolutions, introduced by Yu and Koltun (Yu et al., 2016),
expand the receptive field without additional parameters, enabling efficient aggregation of
multi-scale contextual information, particularly in images with high spatial redundancy.

We hypothesize that the interplay between kernel configuration and network depth
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strongly influences CNN performance, especially in resource-constrained scenarios. While
shallow networks help isolate the effects of kernel modifications, increasing depth allows
us to investigate how these effects scale as architectures grow more complex.

We jointly study kernel size, convolution type (standard/strided/dilated), and depth
across MNIST (LeCun et al., 1998) and CIFAR-10 at multiple resolutions to quantify
impacts on accuracy, efficiency, and generalization.

Materials and methods.

The MNIST and CIFAR-10 datasets have served as foundational benchmarks
for evaluating the performance of Convolutional Neural Networks (CNNs) in image
classification tasks. Over the years, numerous studies have explored CNN architectures
and their performance on these datasets, contributing to a deeper understanding of the
design and optimization of neural networks.

LeNet, one of the earliest CNN architectures, was designed for handwritten digit
classification on MNIST and achieved remarkable accuracy for its time. Despite its
simplicity, LeNet remains relevant as a baseline for shallow networks on MNIST and
other small datasets. However, its limited depth and capacity make it less effective on more
complex datasets like CIFAR-10, which contain higher variability in object categories and
more intricate features (LeCun et al., 1998).

Subsequent architectures such as AlexNet and GoogleNet have demonstrated
significant improvements in handling larger and more complex datasets, including
CIFAR-10. AlexNet introduced innovations like ReLLU activations and dropout, which
improved network performance and generalization. GooglLeNet leveraged inception
modules to reduce computational complexity while maintaining high accuracy, laying the
groundwork for efficient model design (Krizhevsky et al., 2012).

ResNet (Residual Networks) revolutionized CNN architecture by introducing
skip connections, which address the vanishing gradient problem in deep networks. This
innovation allowed for the successful training of much deeper networks, achieving state-
of-the-art performance on CIFAR-10. ResNet-20 to ResNet-56, in particular, demonstrated
the value of residual blocks in improving feature learning while maintaining computational
efficiency (He et al., 2016).

Beyond traditional architectures, studies have proposed more compact and efficient
models tailored for CIFAR-10 and similar datasets. For example, the High Performance
SqueezeNex architecture optimized the design of convolutional layers to balance accuracy
and efficiency on resource-constrained devices. Similarly, CondenseNeXt achieved high
accuracy while significantly reducing computational costs, making it suitable for embedded
systems and edge applications (Duggal et al., 2020).

Adaptive and structured CNN designs have also been explored for these datasets.
A Structurally Regularized CNN Architecture via Adaptive Subband Decomposition
employed an adaptive filter bank structure to improve feature extraction and reduce
redundancy in the network. This approach demonstrated state-of-the-art performance on
both MNIST and CIFAR-10 while lowering computational costs (Sinha et al., 2025).

In summary, a wide range of architectures and methodologies have been developed
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to optimize CNN performance on MNIST and CIFAR-10. These studies highlight the
evolution of CNN design from simple, shallow networks to highly optimized, efficient
architectures capable of tackling diverse challenges presented by modern datasets.

Understanding the impact of kernel configurations in shallow convolutional neural
networks (CNN5s) is critical for designing efficient and accurate models, particularly when
dealing with datasets like MNIST and CIFAR10. The following methodologies outline
approaches to systematically analyze kernel size importance:

Network configuration for test setup

We used the following common setup across all training iterations:

e Optimizer: Stochastic Gradient Descent

e Batch size: 16

e Momentum: 0

e Weight decay: no

e Data preprocessing: No data augmentation. We only scale resolutions per
Methodology-B

For kernel configuration tests we use a network similar to the inner module
described by Isong N. (Isong, 2025) such that it has the first convolutional layer followed
by max pooling layer and the second conv layer also followed by max pooling one. The
last layer is traditionally an FC layer as shown in Figure 1(a). The architecture is also
depicted in Table 1.

Table 1. Example 2-layered architecture for 32x32 image

Type Filter shape Input size
Conv NxNx3x32 32x32x3
Max pooling Pool 2 x 2 32x32x32
Conv Mx M x32x 64 16 % 16 x 32
Max pooling Pool 2 x 2 16 x 16 X 64
FC 4096 x 10 8x8x64
Softmax Classifier 1x1x10

Each model was trained for 10 epochs. Normally 10 epochs is not enough for most
networks (Jordan, 2024), but as we show further this number of epochs provides good
balance between training speed and training completeness, considering small network
size and absence of data augmentation. Learning rate is set constant to 0.05.

Controlled Experimental Design.

To isolate the effects of kernel configuration, experiments are structured to
minimize interference from other variables.

Grid Search: Systematically vary kernel sizes across all combinations for the
first and second convolutional layers (e.g., 3x3, 3x5, ..., 11x11) as well as change
other parameters (stride, dilation) and depth. Analyze their effects on accuracy and
computational cost.
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Fig. 1. Experiment model architecture.

For deeper networks (layers 3-9) we increase number of max pool operations up to
4 depending on layers number. Also we shift max pool operations to be so they are placed
evenly across the layers as shown in Figure 1(b).

We also train those models for 20 epochs. Learning rate is set to 0.05 for the first
10 epochs and then decreased to 0.01 for remaining 10 epochs, following the approach of
(Mehta et al., 2018; Mehta et al., 2019).

Table 2. Example 9-layered architecture for 32x32 image

Type Filter shape Input size
Conv NxNx3x32 32x32x3
Conv MxMx32x32 32x32x32
Conv 3x3x32x32 32x32x32
Max pooling Pool2x2 32x32x32
Conv 3x3x16x 64 16 x 16 x 32
Conv 3x3x64x064 16 x 16 X 64
Max pooling Pool2x 2 16 x 16 x 64
Conv 3 X3 x64x128 8x8x64
Conv 3x3x128x 128 8x8x128
Max pooling Pool2 x 2 8x8x128
Conv 3x3x128x 125 4 x4x128
Conv 3% 3x 256 x 256 4 X 4 x 256
Max pooling Pool2 x 2 4 x 4 x 256
FC 8192 x 10 8x8x128
Softmax Classifier 1x1x10

Fixed Parameters: Keep other hyperparameters, such as learning rate, batch size,
and the number of kernels, constant to ensure the focus remains on kernel size.

Dataset Resolution: Test the models on datasets at multiple resolutions (e.g.,
CIFAR-10scaled to 32x32, 64x64, 128x128 and 256x256 pixels) to examine the correlation
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between kernel size and input image dimensions for the best results.

Performance Metrics and Visualization.

Assess kernel size impact through both quantitative and qualitative metrics:

Accuracy and Loss Curves: Measure classification accuracy and training loss for
each kernel configuration.

Computational Cost: Profile the time required for training and inference to understand
the trade-off between kernel size and efficiency.

Heatmaps: Plot performance metrics as heatmaps, with the first layer kernel size on
one axis and the second layer kernel size on the other.

Discussion and results.

MNIST and CIFAR-10 datasets allow us to pay more attention to details such as
kernel size configuration and iterate experiments fast thanks to small size of images. Despite
having images of comparable size, the datasets are quite different in complexity. While
MNIST provides simple images of handwritten digits CIFAR-10 provides comparatively
complex images of environment such as trucks, buildings of animals, even though the
images are very simplified due to their size.

Assessing kernel size impact on accuracy with original datasets

Each configuration is trained on MNIST and CIFAR-10 across predefined kernel/
resolution grids (see Methodology-B).

The first layer consists of 16 channels and the second layer consists of 32 channels.
It is important to ensure the number of channels in each layer is devisable by 32 (most
common architectures have their first layers with exactly 32 channels and double this
number during each down sampling). The reason for it is that GPU kernels run threads in
groups of 32, which means that different numbers of channels leads to inefficient use of
GPU threads during training (Hozak et al., 2024)

Table 3. Best network results for channels’ configurations on CIFAR-10

Channels configuration Best accuracy, % Time, ms Model configuration
16, 32 63.15 0.093 3x3, 5x5
32,32 62.80 0.148 3x3, 11x11
32,64 70.24 0.131 3x3, 11x11

Although, as said above, it is reasonable to choose the first layer with 32 channels
we found it inefficient for simple datasets. As shown in Table 3, for the same training setup
model accuracy slightly drops to 62 % while inference time increases considerably on
CIFAR-10 dataset. Under the training schedule in Sec. 3A, this configuration likely requires
more epochs for convergence (see Figure 2).

We can see that in the case of both layers having equal number of 32 channels
the best result demonstrates a network with the second layer of 11x11. It suggests that
the first layer may contain too much redundant/duplicate information and big kernel size
helps to better generalize information. After training models for 30 epochs, a model with a
configuration 3x3 in the first layer and 9x9 in the second layer demonstrates the best results
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(see Figure 3). Also, we see that further improvements do not happen after 20 epochs
for this configuration. Some configurations experience accuracy jittering in later epochs
that suggest the network size is not sufficient to effectively classify images with complex

features from CIFAR-10.
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Fig. 3. Accuracy/cost per epoch chart for best network configuration (3x3, 9x9) with 32 channels in each
layer on CIFAR-10 dataset, trained for 30 epochs.

Configuration with 32 and 64 channels proves its applicability for complex datasets.
It was possible to gain ~7 % improvement switching from 16,32 to 32,64 channels on
CIFAR-10 dataset. Even though for MNIST it does not bring reasonable improvements.

Having simple models with only two layers easily allows us to view how kernel
size in each layer impacts accuracy and inference time. But as we will see further 2-layered
networks are not capable of successful classification of images even in resolution of 32x32

reaching their performance limit at accuracy around 60 %.

We trained models on original MNIST and on multiple scaled resolutions (see
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Methodology-B). The aim is to see an influence of image size related to the same image
complexity or number of features on the image.

For this dataset, convolutional neural networks with two layers achieve consistently
high accuracy (97-98 %) regardless of kernel configurations (3x3 to 11x11 for both layers).
This demonstrates that MNIST, being a simple dataset of handwritten digits, does not
require intricate kernel size tuning for effective feature extraction. Many configurations
yield satisfactory results. However, the computational time increases significantly:

With scale increase, the execution time increases proportionally.

Table 4. Best network configurations for MNIST dataset of different scales.

Dataset Ace, % Time, ms Config
MNIST 97.99 0,106 727, 5%5
MNIST 32x32 98.63 0,390 9x9, 7x7
MNIST 64x64 98.52 0,458 9x9, 3x3
MNIST 128x128 97.86 0,530 3x3, 9x9
MNIST 256x256 97.48 0911 9x9 11x11

MNIST, being a dataset with simple features doesn’t require many channels for
successful processing. Scaling image does not influence accuracy, meaning a shallow
network is capable of processing big image successfully but due to small number of layers
it requires kernels of bigger size to successfully capture information.

Rich features tend to be too complex for shallow networks and thus result in
significantly lower accuracy (Table 5).

Table 5. Best network configurations for CIFAR-10 dataset of different scales

Dataset Acc, % Time, ms Config
CIFAR10 63,15 0,091 3x3, 5%5
CIFARI10 64x64 6125 0,508 Ix3, TV
CIFAR10_128x128 56,17 0,642 3x%3, 5x5
CIFAR10 256x256 43.04 3,728 Tx7,5%5

Across 32-256px (Table 5), accuracy decreases with scale for 2-layer CNNs; small
first-layer kernels are best at low resolutions, while larger second-layer kernels help at
higher resolutions, but capacity limits dominate.

Results on CIFAR-10 datasets push for further architecture analysis. We conducted
several experiments changing basic convolution layer configuration in attempt to find more
efficient layer configuration in shallow networks.

Our intuition is that scaled images contain significant spatial redundancy, allowing
both dilated and strided convolutions to perform better. Their inherent trade-offs can be
compensated for by the redundancy present in the scaled images.

In further analysis three types of convolution configurations were analyzed: standard
convolution (stride 1, dilation 1 — meaning no dilation), dilated convolution (dilation factor
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2), and strided convolution (stride 2). Classification accuracy and evaluation time per
sample (in milliseconds) were measured to assess performance (see Figure 4).

Fig. 4. Models’ performance grouped by image resolution.

In our experiments we changed network architecture for strided convolutions by
removing max pooling layers. We allow strided layers to do the downsampling instead of
max pool layers (Springenberg et al., 2015).

At 32x32 resolution, all configurations performed similarly, with accuracy around
60 % and comparable evaluation times. The low spatial complexity of the images limited
the benefits of alternative convolution strategies, and standard convolutions proved effective
due to minimal spatial redundancy. At 64x64 resolution, dilated convolutions achieved
slightly higher accuracy (up to 64%) compared to standard and strided configurations, which
remained around 61 %. Evaluation time for dilated convolutions was similar to standard
convolutions (~0.5 ms), showing that dilated convolutions efficiently utilized the increased
spatial information.

For 128x128 resolution, dilated convolutions maintained competitive accuracy
(~62 %) while reducing evaluation time to ~1.0 ms, compared to 1.8 ms for standard
convolutions. Strided convolutions, on the other hand, showed reduced accuracy (~58 %),
highlighting their inability to retain fine-grained spatial information. At 256x256 resolution,
dilated convolutions significantly reduced evaluation time (1.6 ms vs. 3.5 ms for standard
convolutions) while preserving accuracy (~60 %). Strided convolutions suffered the lowest
accuracy (~45 %) due to aggressive downsampling, which caused significant loss of detail.

Dilated convolutions best exploit high-resolution redundancy, preserving accuracy
with lower latency. However, strided convolutions trade off too much spatial detail unless
combined with standard layers. Standard convolutions were effective and computationally
efficient for low-resolution images but became less practical as image resolution increased
due to overlapping receptive fields and redundant computations.

Our experiments indicate that a ~67 % accuracy ceiling exists for 2-layer networks
on CIFAR-10 under the tested configurations. To explore the effect of depth, we extended
the analysis to networks with up to 9 layers, using 3%3 kernels in all layers for consistency.
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We observed that deeper networks generally improve performance, though
the benefits diminish beyond a certain depth. Accuracy fluctuations can be mitigated
through careful tuning of training epochs and learning rate schedules; however, simply
increasing the number of epochs does not yield improvements unless paired with
appropriate learning rate adjustments.
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Fig. 5. Model accuracy per layer and dataset scale.

Note: Accuracy for the 9-layer network at 256-pixel resolution is not reported,
as the model could not be successfully trained under the declared training configuration.

Figure 5 demonstrates that the highest accuracies across dataset scales were
consistently achieved with networks between 5 and 8 layers. Networks deeper than this
tend to underperform in the absence of data augmentation, suggesting that depth alone
is not sufficient to overcome dataset limitations. Importantly, the accuracy patterns are
similar across all explored image resolutions, leading us to conclude that optimal depth
is determined more by dataset complexity than by input resolution.

Conclusion.

The experimental results demonstrate that CNN performance depends strongly
on the interplay between model depth and convolutional strategy. Increasing depth
from two to approximately eight layers consistently enhances classification accuracy on
datasets such as CIFAR-10, while further deepening yields diminishing returns in the
absence of data augmentation. These findings suggest that the optimal depth of shallow-
to-moderate CNNs is primarily determined by dataset complexity rather than input
resolution.

Among the convolutional strategies examined, dilated convolutions provide a
clear computational advantage at higher image resolutions, enabling faster inference
without loss of accuracy due to their ability to expand the receptive field efficiently. In
contrast, strided convolutions exhibit persistent degradation in accuracy, indicating that
aggressive spatial downsampling compromises fine-grained feature representation.

Overall, these findings indicate that CNN design should be viewed as a joint
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optimization problem that integrates depth, kernel configuration, and convolution type.
Depth scaling combined with selective use of dilated convolutions offers a promising
direction for constructing lightweight yet accurate architectures capable of real-time
performance on embedded and edge platforms.

Future work should extend this analysis to more complex and widely used datasets
such as ImageNet, in order to determine optimal CNN depth and generalization limits
across diverse visual domains. Further research should also focus on developing adaptive
or self-configuring architectures capable of dynamically adjusting kernel parameters and
convolution types according to dataset complexity and input resolution.
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