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ABSTRACT Software was developed in Python for the digital processing of object images before their detection using the You
Only Look Once (YOLO) artificial neural network. Detection was carried out on object images, specifically vehicles and other
road users. The preprocessing of images was performed through histogram equalization and local contrast enhancement.
The original images were read from video cameras or graphic files. Image detection was performed using the medium-sized
YOLO convolutional neural network model, YOLOv8m. As a result of detection, the studied objects, particularly cars, were
highlighted with rectangular bounding boxes. To evaluate the accuracy of object detection, several metrics (parameters) were
used: Precision, Recall, Intersection over Union (loU), F1, and Average Precision (AP). The YOLO network was pre-trained on
the Common Objects in Context dataset. The YOLO neural network returns the object recognition confidence, the coordinates
of its center (x, y) on the image, and its width and height (w, h). The detected objects are marked with rectangular bounding
boxes. The positioning of objects in the images was manually performed using the Roboflow tool, which allows for accurate
spatial positioning of each object. The study of the impact of image preprocessing on the accuracy of object detection by the
YOLO network was conducted using a typical traffic scene image. After histogram equalization, the histogram becomes more
symmetrical and uniform, improving the visual quality of both dark and bright areas. This led to improved object detection
accuracy across almost all metrics. The increase in detection accuracy by the loU parameter is 0.169. The summary
improvement in detection accuracy by the loU, F1, AP parameters is 0.502. It was shown that after image preprocessing,
detection accuracy increased, and all vehicles were correctly detected. The developed software can be used in various

computer vision systems as well as in Internet of Things systems for remote monitoring and control.
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I. INTRODUCTION
bject detection in images has significant practical
O importance in the development of modern computer
vision systems [1-5]. In particular, the detection of

vehicle images [6, 7] is used for automated and automatic
remote monitoring and control of road traffic conditions in
various Internet of Things (IoT) systems [8]. One of the
most effective tools for object image detection is
convolutional neural networks with the You Only Look
Once (YOLO) architecture, which are characterized by
high accuracy and speed [9]. The high performance of
YOLO is explained by the fact that objects are detected in
a single pass. YOLO’s high object localization accuracy is
achieved through improved feature detection mechanisms.
The YOLO network enables object detection not only in
individual images but also in real-time video streams.

However, in some cases, the spatial localization
accuracy of objects using YOLO networks is insufficient.

The potential for improving vehicle detection accuracy
with a modified YOLOVS network is discussed in [10].
Due to network modifications, the likelihood of false
detections — especially for small objects or overlapping
objects — was reduced. However, YOLOVS is not a recent
version, making it advisable to use more modern YOLO
versions (e.g., v8).

The capabilities of YOLOv8 for detecting vehicle

images are discussed in [11]. The study showed limited
YOLO accuracy in detecting car images under complex
traffic conditions, especially for small, overlapping, or
shadowed vehicles.

Research in [12] showed that the accuracy of YOLOV8
in vehicle detection can be improved through fine-tuning
of the network. However, fine-tuning a neural network
requires a specialized dataset and extended training time.
The analysis of the reviewed studies demonstrated the
promise of using YOLOvVS8 and the need to improve its
accuracy.

The challenge lies in the fact that when processing
images with low contrast or extremely high or low
brightness, detection accuracy significantly decreases. It is
particularly difficult to detect objects in images that
simultaneously contain local areas with low, medium, and
high brightness. Such image conditions arise due to
lighting and weather conditions, which are difficult or
impossible to control.

Therefore, the research aim is to increase the accuracy
of object detection by preprocessing of digital image
through histogram equalization and local contrast
enhancement [13-16]. Software-based preprocessing is
much simpler to implement than neural network retraining.
The system supports reading input images from either
video cameras or graphic files [17].
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Il. METRICS FOR EVALUATING OBJECT DETECTION
ACCURACY

To evaluate the accuracy of object detection, a number
of metrics (parameters) are used: Precision, Recall,
Intersection over Union (IoU), Average Precision (AP),
and F1 (a combined measure of Precision and Recall)
[2, 18]. The Recall metric is calculated as the ratio of the
number of correctly detected objects True Positives (TP) to
the total number of actual objects in the image, using the
formula:

Recall = _r , 1
TP+ FN
where False Negatives (FN) is the number of real objects
that were not detected.

The higher the Recall value, the greater the percentage
of actual objects that have been detected. High recall is
especially important in scenarios where it is critical to
detect all relevant objects in the image.

The Precision metric is defined as the ratio of correctly
detected objects TP to the total number of detected objects
in the image:

Precission = _r , )
TP+ FP
where False Positives (FP) is the number of falsely
detected objects that are actually not present in the image.

A high Precision value indicates that most detected
objects are correct.

Precision and Recall describe different aspects of the
detection process. To combine them, the F1 score is used,
which is calculated as:

Fle> Precision- Recall . 3)
Precision+ Recal

The spatial localization accuracy of an object in an
image is described by the loU metric, which is defined as
the ratio of the area of overlap between the predicted and
the actual (ground truth) bounding boxes to the area of their
union:

|ans

loU =
|auB

, “4)

where |AmB| — area of intersection of the two boxes,

|A U B| — area of their union.

The AP metric is calculated as the average value of
detection precision for a single object class at a fixed loU
threshold of 0.5. It is defined by the formula:

AP = }P(R)dR, (5)
0

where P(R) represents the value of Precision as a function
of Recall.

Based on the described metrics, more complex ones can
be derived, such as Mean Average Precision at
IoU = 0.5 (mAP50), which is the average of AP values
across all object classes.
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I1l. SOFTWARE FOR PREPROCESSING AND OBIJECT
DETECTION

The software implementation of the system for
preprocessing and detecting object images was developed
in Python on the cloud platform Google Colab (in a Jupyter
Notebook). Color digital images were programmatically
processed as arrays Ic(i, k, ¢), where i =0,..., M-1; k=0,...,
N-1;¢=0,..., K-1; M is image height (in pixels), N is image
width, K = 3 — quantity of color channels. Object detection
in images was performed using the YOLOvVS network
version (medium-sized model YOLOv8m) [9], pre-trained
on the Common Objects in Context (COCO) dataset. The
YOLOVS neural network returns the confidence of object
recognition, coordinates of its center (x, y) on the image,
and width and height (w, #h). Detected objects are
highlighted with rectangular bounding boxes.

The positioning of objects (e.g., vehicles) in the images
was carried out manually using the Roboflow tool [19],
which allows precise spatial positioning of each object
(image annotation). The coordinates of the correct
bounding boxes, set in Roboflow, are saved in a specific
format and read by the Python program. During
programmatic object detection, the bounding boxes
predicted by YOLO are compared to the correct ones,
which allows for an objective evaluation of detection
accuracy.

Histogram equalization of images through automatic
brightness level adjustment was performed using a Python
program (with the "equalizeHist" function) or the graphic
editor Paint NET. Local contrast enhancement was
performed using a Python program (via the CLAHE
method). To ensure high visual image quality [20], noise
filtering [21] was applied when necessary using Gaussian
or impulse filters [13].

IV. EXAMPLES OF OBJECT DETECTION IN IMAGES

A study of the impact of object image preprocessing on
the accuracy of their detection by the YOLO network was
carried out using a typical road traffic image (Fig. 1) [22].

In the image under study, the correct rectangular
regions of vehicles # 1-3 were annotated using the
Roboflow service (green boxes) (Fig. 2). As a result of
detection, the predicted regions of vehicles #4-6 are
highlighted (red boxes).

FIG. 1. Original road traffic image.
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FIG. 2. Vehicle detection on the original image.

Without preprocessing, detection accuracy proved to be
low (Fig. 2). In particular, in region # 1, the reflection of a
vehicle in the window glass is detected as two separate
vehicles (# 4 and # 5), while vehicle # 2 is not detected at
all.

After histogram equalization of the image, detection
accuracy improved (Fig. 3), and all vehicles are correctly
detected, including vehicle #2, which has small
dimensions. Similar results were obtained when enhancing
the local contrast of the images.

For brightness values z of the studied images, their
histograms /(z) were calculated (Fig. 4). A series of image
studies showed that the greatest improvement in detection
accuracy was achieved through histogram equalization
when processing images with an asymmetric brightness
histogram (Fig. 4a), i.e., dominated by either dark or light
regions (Fig. 1). After histogram equalization, the
histogram becomes more symmetrical and uniform
(Fig. 4b), which improves the visual quality of both dark
and light regions. As a result, detection accuracy of objects
improved across nearly all metrics (parameters). The
increase in detection accuracy by the IoU parameter is
0.169. The summary improvement in detection accuracy
by the IoU, F1, AP parameters is ss = 0.502 (Fig. 5).
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FIG.3. Vehicle detection on the image after histogram
equalization.
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FIG. 4. The h(z) of images: (a) original (Fig.2) in grayscale;
(b) image after histogram equalization (Fig.3) in grayscale;
histograms contain Q# intervals (bins).
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FIG. 5. Accuracy metrics of vehicle detection; Origin — on the
original image (Fig. 2), Enhance — on the image after histogram
equalization (Fig. 3).

Thus, the conducted studies confirmed the possibility
of improving the accuracy of object detection on images by
the YOLO network through image preprocessing,
specifically histogram equalization and enhancement of
local contrast.

V. CONCLUSION

Software was developed in the Python programming
language on the Google Colab cloud platform for
preliminary digital image processing of objects prior to
their detection using the yolov8m model of the YOLO
convolutional neural network. Preprocessing of images
was carried out through histogram equalization and
enhancement of local contrast. The original images were
read from video cameras or graphic files. As a result of
detection, the studied objects, in particular vehicles, were
highlighted with rectangular bounding boxes. The
accuracy of object detection was evaluated based on a set
of parameters: Precision, Recall, IoU, AP, and F1. It was
established that preprocessing of images, in particular
histogram equalization, increases the accuracy of object
detection. The increase in detection accuracy by the IoU
parameter is 0.169, and by the F1 parameter is 0.333. The
developed software can be applied in various computer
vision systems as well as in Internet of Things systems for
remote monitoring and control. It was shown that image
preprocessing enables the detection of even small-sized
objects, in conditions of shading and low contrast.
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MonepepgHa 06pobka 306parkeHb 06’eKTIB nepep, ix
AeTeKTYyBaHHAM 3acobamu HeMpoHHOI mepexKi YOLO

Cepriit BanoscakY”, Cepriii Creb?
Kadeapa KomMn'IOTEPHUX CUCTEM Ta Mepex, YepHiBeLbKMi HaLioHabHUIA yHiBepcuTeT imeHi IOpia ®eabkosuya, YepHisui, YkpaiHa
2Kadenpa nporpamHoro 3abesneyeHHs KOMN'IOTEPHUX CUCTEM, YepHiBELbKUIA HaLiOHaNbHUI YHiBEpcUTET iMeHi HOpia dPegbkoBuua, YepHisuy,
YKpaiHa

*ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: s.balovsyak@chnu.edu.ua)

AHOTALLIA Po3pobneHo nporpamHe 3abesneyeHHa Ha MmoBi Python gnsa nonepegHboi undposoi 06pobKM 306paxkeHb
06’eKTiB Nepes iX AETEKTYBaHHAM 3a AOMOMOrOH LUTYYHOI HelpoHHOI mepesi You Only Look Once (YOLO). NposeaeHo
[EeTeKTYBaHHA 300pakeHb OO’€KTiB, @ came aBTOMOGIiNIB Ta iHWMX YYaCHUKIB AOPOXKHLOrO pyxy. MonepeaHs ob6pobKa
3unTyBanuca 3 Bigeokamep abo 3 rpadiyHux dainis. JeTeKTyBaHHA 306paXKeHb BUKOHAHO MOZEN/I0 CEPEAHbOrO PO3Mipy
YOLOvV8m 3ropTKkoBOi HelpoHHOI mepexi YOLO. Y pe3ynbTaTi AeTeKTyBaHHA A0CAiAKYBaHI 06’eKTM, 30Kpema, aBToMobini,
BUAINANNCA NPAMOKYTHUMM pamMKamu. [nA OLiHKM TOYHOCTI AieTEKTYBaHHA 06’€KTiB BUKOPUCTAHO pAg, METPUK (MapameTpis):
Precision, Recall, Intersection over Union (loU), F1, Average Precision (AP). Mepey YOLO nonepegHbo HaBY4EHO Ha Habopi
paHumx Common Objects in Context. HeiipoHHa mepexka YOLO nosepTae MMOBIpHICTb po3ni3HaBaHHA 06’eKTa, KoopAUHATH
Moro ueHTpy (X, y) Ha 306paxkeHHi Ta WKpKUHY i BucoTy (w, h). BuasneHi 06’eKTM BUAINAIOTLCA MNPAMOKYTHUMM
06MeKyBaNIbHUMW PaMKaMW. BCTaHOBNEHHA MONOMKEHHA 06’eKTiB Ha 300parKeHHAX BMKOHYBAHO B PYYHOMY PeXMMI 3a
[OoMNoMOroto iHCTpymeHTy Roboflow, AKui [03BONAE TOYHO BCTAHOBWUTM MPOCTOPOBE MOJOMKEHHA KOMHOrO 06’€EKTy.
JocniaxeHHa BNAMBY nonepeaHboi 06pobKu 306parkeHb 06’€KTIB HA TOYHICTb X AETeKTyBaHHA Mepexketo YOLO BMKOHaAHO
Ha MpPUKNagi TMNOBOro 306parKeHHA A0POXKHLOro pyxy. licna eksanisauii ricTorpamy BoHa CTa€ 6ifbll CUMETPUYHOLO i
PiBHOMIPHOIO, WO MiABULLYE Bi3yasbHYy AKICTb HaBiTb TEMHMUX Ta CBIT/IMX AiNAHOK. 33 paxyHOK LbOro NigBULLEHO TOYHICTb
LETeKTYBaHHA OO’€KTiB NPaKTMYHO 33 BCiMa MeTpuKkamu (napameTtpamu). 36inblieHHA TOYHOCTI [EeTEeKTyBaHHA 3a
napametpom loU cknagae 0.169. CymapHe noKpaleHHA TOYHOCTi AeTeKTyBaHHA 3a napameTpamu loU, F1, AP cknagae 0.502.
MokKa3aHo, LWo nicaa nonepeaHboi 06pobKM 306parkeHb TOUHICTb AETEKTYBAaHHA 06’€EKTIB NiABULMAACA, TOMY AETEKTYBaHHA
BCiX aBTOMO06iniB BUKOHAHO NpaBuibHO. Po3pobaeHe nporpamHe 3abe3neyeHHss MOXe 3acTOCOBYBATUCA Y PiI3HOMAHITHUX
cucTemax KoMn'toTEPHOTO 30PY, @ TAKOXK Y CUCTEMAX IHTEPHETY peyent ANsA ANCTAHLIMHOTO MOHITOPUHIY Ta KOHTPOJIIO.

KNKOYOBI C/IOBA undpoBa 06pobKka 306pakeHb, WTYYHI HEMPOHHI mepeski, YOLO, aeTekTyBaHHA 06’€KTiB, nporpamHe
3abe3neyeHHs.

@ @ This article is licensed under a Creative Commons Attribution 4.0 International License.
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

Vol 3, No 2, Paper 02002, pp. 1-5 (2025)


http://creativecommons.org/licenses/by/4.0/

