ISSN: 1609-1620
]
VOLUME 27 ISSUE 06 2025

Pp. 142-147 DOI: https://doi.org/10.32010/IXNR6858

COMPARATIVE ANALYSIS OF REAL-TIME COMPUTER
VISION SYSTEMS

Elviz Ismayilov?, Hasanrza Hasanli?

12 Azerbaijan State Oil and Industry University

! Department of General and Applied Mathematics

2 Department of Computer Engineering

! Docent, Director of Digital Development and Innovations Center, elviz.ismayilov@gmail.com
2 Master student, hasanrza.888@gmail.com

ORCID: '0000-0002-3152-059X; 20009-0000-8462-9866

ABSTRACT

Real-time object detection poses a significant problem in modern computer vision, especially in areas
that include autonomous driving, intelligent surveillance systems, robotics, and innovative
manufacturing processes. This work provides a comparative study of two highly-used and high-
performing models in the object detection field: the newly released You Only Look Once version 12
(YOLOV12), known for its high speed in processing and ease of use, and Faster R-CNN that has a
ResNet-50-FPN backbone and is known as a two-stage detection model that is highly valued for its
accuracy and performance in the process of feature extraction. The main objective of this work is the
evaluation of both models in terms of performance in real-time applications with considerations of
variables including inference speed, computational complexity, the number of parameters, and the
general efficiency of each model.

To enable the evaluation, both models were tested under the same experimental conditions using a
test image benchmark and run in a GPU-based Google Colab environment. The models were
compared in terms of average inference time in seconds, frames per second (FPS), total parameter
count in millions, and floating point operations (FLOPSs). The outcome of the experiment showed that
despite the architectural optimizations of the YOLOv12 for enhanced real-time performance, the
Faster R-CNN model surprisingly out-performed in terms of FPS and showed a lower inference time
in the given configuration. However, in contrast, the YOLOv12 showed considerably higher model
complexity that may make it more suited for generalized performance in more complex or diverse
deployment situations.

The results indicate that Faster R-CNN suits applications that value research and high accuracy and
tolerate a slight increase in inference times. In contrast, YOLOv12 exhibits better versatility for edge
computing platforms and real-time processing use cases due to its modular architecture, low weight,
and hardware acceleration compatibility. This side-by-side analysis reveals valuable information
about the trade-offs between precision, speed, and computation requirements and aids in more
effective decision-making for real-time computer vision application model selection.

Keywords: Real-time object detection, YOLOv12, Faster R-CNN, ResNet-50-FPN, inference speed,
frames per second (FPS), model complexity, computational cost, deep learning, edge computing, two-
stage detector, single-stage detector, computer vision, performance comparison.

Introduction

Computer vision has evolved from research in the academic level to practical, applied usage over the
past few years at a tremendous rate. Real-time object detection, or the ability of a machine to
recognize and locate objects from images or video streams with minimal delay, is one of the most
valuable elements of vision systems nowadays. Real-time object detection is now a key condition for
a wide range of applications, including autonomous vehicles, security and surveillance, industrial
automation, and robotics.
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Since real-time operation is needed, the issue of using the correct detection model arises. There are
models optimized for performance with capabilities for handling a huge volume of visual data within
a limited time and those optimized for accuracy and stability of detection. The choice is based on
specific application needs such as tolerance for delay, constraints on hardware as well as required
accuracy [7].

Two of the many options present at the time of writing have distinguished themselves due to their
performance and popularity: YOLOv12 and Faster R-CNN using a ResNet-50-FPN backbone.
YOLOV12 is the latest from the highly reputed YOLO series of models that has always had the
standing of being efficient and fast [1, 2, 8]. Faster R-CNN is an embodiment of a different ideology
- a two-stage detection network that is generally more accurate at the cost of increased computational
complexity [3, 4, 5]. It places those two models under the microscope and pits them against each
other under live conditions. Rather than examining accuracy on its own, the comparison considers a
spectrum of factors influencing live useability, from inference time to frames per second, to number
of parameters and general complexity of a model. Side by side and split out, the goal is to provide
constructive, actionable insight that is able to inform on what object detection models to use when
deploying for live purposes.

The core aim of the current study is to compare the relative performance of two widely applied object
detection models in use nowadays—YOLOv12 and Faster R-CNN based on a ResNet-50-FPN
backbone—against real-life usage contexts. These models represent different design principles:
YOLOV12, being the latest in the YOLO family of models, has been trained for speed and efficiency
in design and is best applied in use scenarios that require prompt response times [1, 2, 10]. On the
contrary, Faster R-CNN has superior detection capabilities and richer feature extraction properties
but is normally more resource-demanding [3, 4].

Contrasting from the conventional approach of rating models based on accuracy in several
benchmarks prevalent in other studies, this research has a more inclusive approach that also considers
practical performance in real scenarios. The models are subjected to same testing conditions and are
compared in regards to inference time, frames per second (FPS), number of parameters, and floating-
point operations (FLOPSs). These particular factors have been chosen due to representation of trade-
offs for developers and engineers in deciding suitability of models for deployment into production
environments, especially on edge hardware or resource-restricted platforms [6, 9].

The aim is not one of expressing absolute superiority of one model over all others but one of making
clear in which contexts each model achieves outstanding performance and of each model's inherent
limitations. By exploring both results and analytical insights, this study attempts to enable wiser and
better-informed choice for professionals operating within computer vision in academic research,
industrial use, or in applied fields like autonomous guidance and perceptual surveillance.

Methods

To compare the effectiveness of YOLOv12 against Faster R-CNN based on ResNet-50-FPN models
in real-time scenarios, a systematic experimentation framework was applied for both models. The
evaluation of performance included a number of key metrics: average inference time in seconds,
frames per second (FPS), total model parameters in units of millions of parameters, and computational
complexity described in floating-point operations (FLOPS). These particular metrics were selected
since they capture most of the key factors related to the deployment of object detection models in
time-constrained practical scenarios, for instance, in autonomous systems and edge-computing
hardware [6, 7, 9].

Models were created using open-source implementations. The YOLOv12 implementation was based
on its official framework and documentation provided by Ultralytics [8, 10]. YOLOv12 architecture
features an improvement over its predecessors and includes an efficient backbone network, improved
attention mechanisms, and hardware deployment-optimal optimizations for deployment on resource-
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restricted hardware [1, 2]. The model was run in a Google Colab environment using the Ultralytics
Python API under GPU acceleration.

The Torchvision model zoo's standard ResNet-50-FPN backbone was used to construct faster R-CNN
[9]. The detection mechanism of this model is two-staged: a Region Proposal Network (RPN) is used
to generate region suggestions first, and a second step is used to categorize and refine these ideas [3,
4]. Multi-scale feature extraction, which is particularly useful for detecting objects of different sizes,
is made possible by the Feature Pyramid Network (FPN), which improves performance [4].

The same dataset — COCO128, a condensed subset of the COCO dataset intended for rapid proto-
typing — was used to run both models. This maintained appropriate computational needs while enab-
ling a fair and uniform comparison between models. To remove variance brought forth by variations
in hardware or data, each model processed the same input image under the same circumstances.

FPS was calculated using reciprocal inference time, and all timing values were averaged over several
runs to minimize noise. Model introspection tools from PyTorch and Ultralytics were used to get
parameter counts and FLOPs.

The models' capabilities in real-time scenarios are directly and fairly compared thanks to this
experimental design, which also sheds light on the models' advantages and disadvantages in various
deployment scenarios.

Conclusion

One goal of the current research was to determine the effectiveness of YOLOv12 compared to Faster
R-CNN using ResNet-50-FPN, two of the leading frameworks in real-time object detection. Even
though both frameworks are widely applied in the field of computer vision, they solve the issue
through essentially different approaches. YOLOv12 is a single-stage detector and proves highly
efficient in scenarios in which speed is given top priority. On the contrary, Faster R-CNN's two-stage
approach tends to deliver higher accuracy but comes with a higher computational cost.

To understand the implications in practice of these differences, both models were tested in similar
conditions: a GPU-accelerated environment using Google Colab and an optimized benchmark dataset
(COCO128). A systematic comparison was done in order to quantify and compare some key metrics
— mean inference time, frames per second (FPS), total parameters, and floating point operations per
second (FLOPs) — In an overall evaluation of performance shown in Table 1.

Table 1. Performance Comparison Between YOLOv12 and Faster R-CNN

Model Avg Inference Time (s) | FPS | Parameters (M) | FLOPs (G)
YOLOv12 0.276 3.62 85 175
Faster R-CNN (ResNet-50-FPN) 0.136 7.37 42 120

This difference is also clearly illustrated in Figure 1, which highlights the FPS values of both models.
The results shown do not conclusively indicate Faster R-CNN as being the best choice in all scenarios.
The performance may have been due either to the simplicity of the test data or certain optimizations
built into the base model implementation. On the other hand, YOLOv12's highly increased parameter
count and increased number of FLOPSs suggest that its network has a larger capacity in processing
more challenging scenarios, particularly when run on highly capable hardware platforms including
edge devices or accelerators, e.g., TensorRT [1, 2, 10].

In most scenarios, Faster R-CNN seems specifically beneficial in scenarios in which accuracy is more
crucial than speed of processing, for instance in medical images or document processing, especially
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in research institutions or server-based platforms [3, 4, 9]. YOLOv12 is best suited for edge
computing, robotics, or mobile platforms in which speed of inference and deployment is a top
requirement [8, 10].

Figure 1. FPS Comparison Between YOLOvV12 and Faster R-CNN

Overall, a one-size-fits-all solution for all circumstances does not really exist. All models have unique
strengths and understanding these trade-offs is crucial for making informed choices. Our hope is that
comparative and empirical information provided throughout this report will encourage more
intentional model selection in real-time vision projects.
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XULASO

Real vaxtda obyektin agkarlanmasi miiasir kompiiter gérmo sahosindo, xiisusilo avtonom nagliyyat,
agilli miisahido sistemlori, robototexnika vo innovativ istehsal proseslori kimi saholordo ciddi
problemlordan biri kimi ¢ixis edir. Bu isdo obyekt agskarlanmasi sahosindo genis istifads olunan va
yiiksok naticolor gostoron iki modelin miiqayisoli tohlili aparilir: yiliksok emal siirati vo istifadodo
sadoliyi ilo taninan You Only Look Once (YOLO) modelinin son versiyasi olan YOLOv12 vo
xtisusila daqiqlik va tosvir xiisusiyyetlorinin ¢ixarilmasinda yiiksok performansi ilo segilon ResNet-
50-FPN osaslt iki morhoaloli agkarlama modeli olan Faster R-CNN. Bu isin asas mogsadi har iki
modelin real vaxt totbiglorindoki performansinin gqiymatlondirilmasidir vo burada inferensiya siirati,
hesablama miirakkabliyi, parametr say1 vo iimumi effektivlik kimi doyisonlor nozoro alinir.
Qiymatlondirmani tomin etmok ii¢iin hor iki model eyni eksperimental sortlor altinda test sokillori ilo
sinaqdan kegirilmis vo GPU asasli Google Colab miihitinds iso salinmigdir. Modellar orta inferensiya
vaxti (saniys ilo), saniyads kadr say1 (FPS), milyonlarla parametr say1 va tizon ndqtoli omoliyyatlar
(FLOPs) baximindan miiqayiss edilmisdir. Eksperimentin noticalori gostordi ki, YOLOv12-nin real
vaxt performansini artirmaq {igiin edilmis arxitektur optimallagdirmalara baxmayaraq, Faster R-CNN
FPS baximindan daha yaxs1 natico gostormis v verilmis konfiqurasiyada daha asagi inferensiya vaxti
togdim etmisdir. Digor torafdon, YOLOv12-nin model miirakkabliyi xeyli yliksok olmus vo bu onu
daha miirokkob vo miixtslif totbiq miihitlorinds {imumilosdirilmis performans {igiin daha uygun
etmigdir. Naticolor gostorir ki, Faster R-CNN todqiqat yoniimlii va yiiksok doqiqlik talob olunan, lakin
azaciq yiiksok inferensiya vaxtina doziimlii totbiglor licin uygundur. Ovazinde, YOLOVI2 6ziiniin
modulyar arxitekturasi, yiingiil ¢okili dizaynm1 vo hardware siiratlondirici uygunlugu ilo konar
hesablama platformalar1 vo real vaxtda emal totbiglori {igiin daha slveriglidir. Bu yanas1 miiqayiso
doqiqlik, siirat vo hesablama taloblori arasinda movcud balansi aydin sokildo gostorir vo real vaxt
kompiiter gérma totbiqlari liglin model se¢imini daha effektiv sokildo aparmaga imkan verir.

Acar sozlor: real vaxtda obyektin askarlanmasi, YOLOv12, Faster R-CNN, ResNet-50-FPN,
inferensiya siiroti, saniyado kadr say1 (FPS), model miirokkabliyi, hesablama xorci, dorin 6yronma,
konar hesablama, iki morhalali detektor, bir morhaloli detektor, kompiiter gdrmasi, performans
miiqayisasi.

CPABHUTEJIbHBIA AHAJIN3 CUCTEM KOMIBLIOTEPHOI'O
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PE3IOME

OOHapyxeHHe OOBEKTOB B peaJlbHOM BPEMEHM SBJSIETCS OJHOM M3 CEephe3HBIX MpodiieM
COBPEMEHHOT'0 KOMIIBIOTEPHOT'O 3pEHHUsI, 0COOEHHO B TAKUX 00J1aCTAX, KaK OECIMIOTHBIN TPAaHCTIOPT,
MHTEJUICKTyaJIbHbIE CHCTEMbI HaOIOJICHNS, POOOTOTEXHUKA ¥ HHHOBAIIMOHHBIE TIPOU3BOACTBEHHBIE
mpotueccsl. B 3ToM uccienoBaHny CpaBHUBAIOTCS JIBE IIUPOKO HCIOIB3YEMbIE U BECbMa YCIICIIHBIC
Mojaenu oOHapyxeHus: 00bekToB: YOLOVI2, mocnennss Bepcus moxenn You Only Look Once
(YOLO), u3BecTHast cBOel BBHICOKOW CKOPOCTBHIO 00paObOTKM M TIPOCTOTOM MCTONL30BaHus, U Faster
R-CNN, nByxatamHas Mojnenb oOHapyxkeHus Ha ocHoBe ResNet-50-FPN, kotopas ocoGeHHO
nprMedaTellbHa CBOSH TOYHOCTHIO M BEICOKOM MPOU3BOIUTENFHOCTHIO MIPY M3BIICUEHUH XapaKTEePHC-
TUK n300pakeHuss. OCHOBHAS 11 JTAHHON pabOThl — OIEHHUTH MPOHU3BOAUTEIHHOCTE 00EUX MO-
Jleiel B MPHJIOKEHUSX PEAIbHOTO BPEMEHH, I YUUTHIBAIOTCS TaKUE NEPEMEHHBIE, KAK CKOPOCTb
BBIBO/IA, BBIYMCIIUTENFHAS CIIOKHOCTH, KOJMYECTBO MapameTpoB m obmast 3¢dexruBHOCTD. s
MPOBEPKU 00€ MOJieNn ObUIM MPOTECTUPOBAHBI C TECTOBBIMH N300paXEHUSIMH B OJIMHAKOBBIX 3KCIIE-
pPUMEHTANLHBIX YCIOBUSX W 3amylieHsl B cpefe Google Colab Ha 6a3e rpadudeckoro mpoieccopa.
Pesynbrarsl nokassiBarot, uro Faster R-CNN noaxoauT nmist Hay4HO-HCCIIEA0BAaTENbCKUX U BBICO-
KOTOYHBIX NPHUJIOKEHUH, KOTOpble TPeOyIOT, HO IOMYCKAal0T HECKOJIBKO OoJjblliee BpeMs BbIBOJA.
Bwmecto sroro YOLOv12 Gombmie moaxoaut ans tuiatgopM mnepudepuilHbIX BBIYMCICHUH U
MPUIIOKEHUH 00paboOTKM B peallbHOM BPEMEHHU Oaromapsi CBOe MOJyJILHOW apXUTEKTYpe, JIETKOM
KOHCTPYKLIMM ¥ COBMECTUMOCTH C alllapaTHBIMU YCKOPHUTEISIMHU. DTO HArJIsHOE CpaBHEHHE Har-
JISITHO WUTIOCTPUPYET CYIIECTBYIOUIHI OalaHC MEKIY TOUHOCTBIO, CKOPOCTHIO M BBIYMCIUTEIbHBIMU
TpeOOBaHUSIMU, 4YTO TMO3BoNisieT Oosiee 3(QPeKTHBHO BBHIOMPATH MOACTH JUISL TPUIIOKEHUIA
KOMITbIOTEPHOT'O 3pEHHS B PeaTbHOM BPEMEHH.

KaroueBbie cioBa: OOHapyxkeHHe 00ObEeKTOB B peanbHOM Bpemenn, YOLOvV12, Faster R-CNN,
ResNet-50-FPN, cxopocts uHdpepenca, konuaecTBo kaapos B cekyHay (FPS), cinoxnocTs Momeny,
BBIYUCITUTENLHBIE 3aTpaThl, TIIyOOKoe oOydeHue, mnepudepuilHble BBIYUCICHHS, IBYXJTAITHBIN
JIETEKTOP, OJHOITAHBIN 1ETEKTOP, KOMIIBIOTEPHOE 3pEHUE, CPAaBHEHHE ITPOU3BOIUTEIIEHOCTH.
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