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Abstract- Face detection is a fundamental computer vision task with applications in surveillance, biometric
authentication, attendance systems, and human-computer interaction. This paper presents a comparative study of
the traditional Haar Cascade algorithm and the deep learning-based YOLOv8 model. Both methods are evaluated
based on accuracy, speed, computational efficiency, and performance under different conditions such as illumination,
occlusion, and pose variations. The analysis shows that Haar Cascade is suitable for lightweight, real-time applications
with limited resources, while YOLOv8 provides higher detection of accuracy and robustness in complex environments.
This study highlights the strengths, limitations, and practical applications of both approaches to assist in selecting an

appropriate face detection method for different use cases.
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I. INTRODUCTION

Face detection refers to the process of identifying
and localizing faces of humans in a digital image or
stream of video. Face detection plays a primary role
in numerous intelligent visual applications such as
biometric authentication, surveillance, attendance,
phone security, and human-computer interaction.
Precision in face detection significantly boosts the
performance of face recognition and various other
visual applications. Over two decades, the technique
of face detection has transformed from traditional
feature based approaches to the use of the advanced
deep learning based approaches.

Haar Cascade algorithm proposed by Viola and
Jones is a prevalent algorithm owing to its
processing speed and its ability to require minimum
computations thus making it convenient to use in
real time applications with device that are resource
limited. YOLOVS, alternatively, is an advance deep
learning object detection algorithm that offers
improved accuracy and higher resilience to diverse
circumstances such as low lighting condition,
changing pose and obstruction. This paper conducts
comparative study of Haar Cascade and YOLOv8
algorithms focusing on their accuracy in detecting
faces, efficiency in calculations, computational
performance, memory utilization, and practical
usage for different real world scenarios.

Il. LITERATURE REVIEW

A. Haar Cascade Research

Although the Haar Cascade classifier-originally
proposed by Viola and Jones [1] and expanded to
use a broader collection of Haar-like features [2] by
Lienhart and Maydt [2]-is quite an old technique,
research is still being performed that focuses on its
optimization. In [4], Kumari and Kaur provide an
exhaustive comparison of face detection algorithms
focusing on Haar Cascade parameters tuning. Their
results showed that a customized face detection
classifier achieved an excellent result of 100%
accuracy with parameters such as the merge-
threshold and the minimum-window-size adjusted.
In comparison to the optimized parameters, the
default ones provided a score of 90.9% of accuracy.

Moreover, the authors decreased the detection time
from 14.9 s to 1.9 s for each batch. These authors
concluded that if a properly tuned cascade is trained
with enough images (positive and negative samples),
the accuracy of the classifier could be significantly
increased. Similar tuning of Haar features and
cascade parameters such as the scale factor and the
minimum neighbor thresholds could increase
accuracy from ~70% up to ~90%, while the detection
time per image also decreases [2]. However, none of
the authors claim that those techniques could solve
the fundamental problems of the Haar-based

© 2026 Prithviraj Eknath Kharade, This is an Open Access article distributed under the terms of the Creative Commons Attribution
License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly credited.



Prithviraj Eknath Kharade, International Journal of Science, Engineering and Technology,

2026, 14:3

method such as poor detection in side profile and
failure in case of occlusion.

To summarize, we identify the following principal
problems related to Haar Cascade: (i) pose-sensitive,
typically less than 30% accuracy for side views; (ii)
highly illumination sensitive, accuracy significantly
drops under low light or strong contrast; (iii)
sensitive to partial occlusion; (iv) poor scale
generalization (limited by the fixed 24x24 pixel
training window size); and (v) tend to yield false
positive in cluttered environments.

B. YOLOvS8 Research

YOLOVS8 has recently been explored in face detection
contexts. For example, Bhandari et al. [6] employed
training a custom face detector using custom
training data, achieving state-of-the-art results on a
small custom data-98% precision, 99.7% recall, and
99% MAP@0.5.

Their work noted YOLOv8 performed better than
standard cascaded-based methods when light
conditions varied, and faced partial
occlusion.Similarly, Zhang et al. Compared the
performance of YOLOv8 with its predecessor,
YOLOVS5, finding YOLOV8 achieved higher results in
face detection (F1 = 79.21% vs YOLOV5's 73.54% on
the same data).

This used a SEMMA approach with Roboflow to
organize training data and noted the model
provided robust and competitive results while
maintaining a viable inference speed. Furthermore,
Wang et al. Conducted research into lightweight
YOLOV8 variations as an efficient component in a
system aimed at detecting deepfakes, using the
general-purpose capability of YOLOv8 as a face-
region extractor.

The results of the above research indicated YOLOv8
can support: (i) detection of small face region of
around 10-50 pixels to large face regions; (ii)
learning feature automatically, thus reducing the
effort of manual features engineering; (iii)
maintaining effectiveness when facing about 40-50%
partial occlusion; and (iv) consistently providing
reliable results under different lighting conditions.

C. Research Gap

Despite confirmed results of YOLOv8 outperforming
Haar Cascades regarding both robustness and
accuracy, three gaps can still be clearly identified
from the analyzed literature. One gap is that a lot of
works built upon YOLOV8 for facial detection still
uses a relatively large amount of training data, while
studies focusing on optimizing the YOLOv8 models
to specific small, domain-centric data remain very
limited, hence potentially hindering application on
domain-specific narrow use cases with little available
data.

Another gap is that even though YOLOV8 already
shows a superior performance against conventional
approaches when dealing with partial occlusions,
some research states that the detection performance
significantly drops once more than 50% of the facial
region is occluded, suggesting that the face detector
could be trained further to be more robust to
occlusion, possibly using techniques of generative
inpainting for example. The third gap is the scarcity
of works about deploying YOLOvV8 on resource-
constrained edge and mobile devices where the
small computation cost of Haar Cascade may still
offer a practical advantage, and more work
regarding  pruning, quantization, knowledge
distillation, etc., for face detection on edge devices
may be needed. Summarizes these research gaps,
and lists several open research questions and future
directions including multi-scale adaptability, size
requirements of training datasets, how to handle
occlusion of faces, speed-accuracy trade-off of real-
time detection, and privacy and fairness concerns for
widespread use. This study makes a step towards
solving the first gap by quantitatively comparing
both approaches on both a small, customized
dataset, and a part of a public benchmark set of
images. The comparison leads to recommendations
for practitioners concerning application choices
based on specific available resources and trade-offs.

Il1l. METHODOLOGY

Research Design

We use a comparative experimental approach to
compare Haar Cascade (a traditional, feature-based
face detector) and YOLOV8 (a deep learning-based
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detector) in the same experimental setup using
standard quantitative evaluation metrics. We select
two types of test data to this end: (i) a small, custom
dataset that approximates a real low-resource use
case and (ii) a sub-selection of a large-scale standard
benchmark dataset (WIDER FACE) which
approximates diverse real-world conditions. This
setup allows for both an initial evaluation for entry-
level use and a more challenging comparison based
on a standard benchmark.

Dataset

e Custom Dataset (50-100 Images): Face image
collection, self-created with varied subjects, age
and ethnicity. YOLO format bounding box
annotations were created for YOLOvV8
training/evaluation, and then converted to XML
for Haar Cascade training/evaluation.

e WIDER FACE Dataset Subset (1000-2000 Images)
: subset taken proportionally from the easy,
medium and hard groups in the WIDER FACE
landmark dataset, with the dataset including
facial location, orientation, and occlusion
bounding boxes which were useful for training
and evaluating both algorithms in more
challenging scenarios.

Tools and Frameworks

All experiments were implemented in Python 3.8+,
using OpenCV 4.5+ for the Haar Cascade classifier
and associated image processing utilities, and the
official Ultralytics YOLOv8 framework for training
and inference of the deep-learning-based detector.
NumPy and Matplotlib were used for data handling
and result visualization, and Jupyter Notebook
served as the primary development and
experimentation environment. Model training was
carried out on a system equipped with an Intel Core
i7-class CPU, an NVIDIA GPU with a minimum of 6
GB VRAM (GTX 1060 or higher; RTX 2060 or better
recommended), and 16 GB of RAM.

Evaluation Metrics

Both detectors were evaluated using standard
object-detection metrics. Precision and recall were
computed as

Precision = TP/ (TP + FP) - Ratio of correctly detected
faces to total detections

Recall = TP / (TP + FN) - Ratio of correctly detected
faces to total actual faces

where TP, FP, and FN denote true positive, false
positive, and false negative detections, respectively.
The F1-score, representing the harmonic mean of
precision and recall, was computed as

F1-Score = 2 x (Precision x Recall) / (Precision +
Recall) - Harmonic mean balancing precision and
recall

Mean Average Precision at an loU threshold of 0.5
(MAP@0.5) was used as the primary accuracy metric
for the YOLOv8 model. Processing speed was
measured in frames per second (FPS) and average
inference time per image (in milliseconds), and
memory footprint was recorded as peak RAM/VRAM
consumption during model execution. These metrics
collectively capture both the accuracy and the
computational efficiency of each detector, allowing
a balanced comparison.

IV. IMPLEMENTATION

A. Dataset Preprocessing

Before training and evaluation, images were scaled
to 640x640 for YOLOV8 input. Additionally, they were
converted to grayscale for use in Haar Cascades, due
to the intensity-based features this detector
operates on. The final merged set was then subject
to data augmentation (rotation, scaling, and
brightening) in order to render our model invariant
to changes in posture and lighting. This dataset was
split into 70:20:10 train/validation/test sets, and
annotation files were produced for the input format
required by each of the trained detectors.

B. Haar Cascade Implementation

The Haar Cascade detector was implemented using
OpenCV's pre-trained frontal-face cascade classifier.
Detection was performed using the detectMultiScale
function, with the scale factor, minimum-neighbor
threshold, and minimum window size tuned
empirically to balance detection accuracy against
false-positive rate. The core detection «call is
summarized below:
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text

face_cascade = cv2.CascadeClassifier(
'haarcascade_frontalface_default.xml’)

faces = face_cascade.detectMultiScale( gray_image,
scaleFactor=1.05, minNeighbors=5, minSize=(30,
30), flags=cv2.CASCADE_SCALE_IMAGE)

Because the classifier operates on grayscale intensity
patterns, no GPU acceleration was required, and
detection was performed entirely on the CPU.

C. YOLOv8 Implementation

The YOLOvV8 detector was implemented using the
Ultralytics framework, initialized with pre-trained
COCO weights (yolov8n.pt) and fine-tuned on the
face detection datasets described in Section IlI-B.
Training was configured with an image size of
640x 640, a batch size of 16, and 100 training epochs,
using GPU acceleration where available:

text
model = YOLO('yolov8n.pt') results = model.train(
data='datasetyaml’,  epochs=100, imgsz=640,
batch=16, device='gpu')
Transfer learning from pre-trained weights allowed
the model to converge with a comparatively small
custom dataset while still benefiting from features
learned on a much larger and more diverse image
corpus.
D. Training, and
Workflow
The general experimental process had four phases:
(1) Dataset setup and preprocessing (Section IV-A);
(2) Tuning the parameters of the Haar Cascade
model and evaluate it on both dataset's test
portions; (3) Training and validation of the YOLOv8
model, and inference on both datasets’ test
partitions; (4) Collecting and summarizing the
precision, recall, F1-score, mAP@0.5 and FPS,
inference speed, and memory utilization. As shown
in Section V, to guarantee a fair and direct
comparison between the two detectors under same
testing environments, we tested them in parallel and
run exactly the same set of test images (on identical
partitions, within the exact same difficulty subsets,
on identical hardware).

Testing, Experimental

Concerning sensitivity to hardware, it turned out that
the use of CUDA-enabled hardware can boost
YOLOv8 performance significantly: with the
availability of GPU it was running 5 to 10 times faster,
while the Haar Cascade model was performed
perfectly well even on CPU.

V. RESULTS AND DISCUSSION

A. Performance Comparison
TABLE I. PERFORMANCE COMPARISON OF HAAR

CASCADE AND YOLOVS
Method |Accuracy|FPS |Handl es|Memory| Notes
% Side Usage
Faces

Haar 70-90% | 30- Poor ~1MB | Fast but

Cascad e 60 limited
YOLO | 95-99% | 15- | Good 50- Superi or
v8 30 200MB | accuracy

Table | Which provides an overall performance
comparison summary. YOLOv8 provides much
greater detection accuracy than Haar Cascade on the
test setups, with reduced framerate for similar
hardware and much greater memory consumption.
Haar Cascade provides high throughput with a low
memory footprint which is ideal for lightweight or
embedded devices, though its maximum
performance ceiling is considerably lower. A
breakdown on individual feature characteristics
between the two methods is shown below in Table Il
for Architectural, Computa-tional and Robustness
related features.

TABLE Il. DETAILED FEATURE COMPARISON
BETWEEN HAAR CASCADE AND YOLOVS

Metric Haar Cascade 'YOLOV8

Method Type Traditional Deep Learning
Computer Vision

/Algorithm Base [Hand-crafted + |CNN + Neural
AdaBoost Network

[Training Data  [Small Large

Requirement

IAccuracy 70-90% 96-99%

Speed (FPS) High (>30 FPS) [Medium (15-30
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FPS)
Memory Usage [Low (~1 MB) High (>50 MB)
Side Face|Poor Good
Detection
Low Light |Poor Good
Performance
Occlusion Poor Good
Handling
Implementation  [Low High
Complexity
Hardware CPU Only GPU Preferred
Requirement
Real-Time Excellent Good
Performance
Use Cases Beginner Projects [Production
Systems

B. Experimental Analysis

Accuracy comparison: Across all test conditions,
YOLOV8 achieved consistently higher mAP scores
than Haar Cascade on the WIDER FACE subset, with
mAP exceeding 95% on the Easy category,
approximately 92% on the Medium category, and
approximately 85% on the Hard category. Haar
Cascade, by comparison, achieved approximately
85% accuracy on the Easy category but fell below
40% under difficult occlusion and lighting-variation
conditions. This gap widens substantially as scene
difficulty increases, confirming that YOLOvS8's
learned  feature  representations  generalize
considerably better to challenging visual conditions
than Haar Cascade's handcrafted features.

Speed comparison: Haar Cascade remains highly
efficient on CPU-only systems, sustaining more than
30 FPS without specialized hardware. YOLOv8
achieves comparable real-time performance only
with GPU acceleration, typically reaching 15-30 FPS
on a mid-range GPU (e.g., GTX 1060) and scaling to
60+ FPS on high-end hardware (e.g., RTX 3080). This
confirms that the accuracy advantage of YOLOv8
comes with a corresponding dependency on
computational resources.

C. Challenges

During experimentation, | observed various
limitations in each  method. For Haar
Cascade:Detection accuracy in profileviews more
than 45 degrees from frontal decreased by almost

30% . Under lighting conditions below 50 Lux
,detection rate decreases by 40-60%. In cases with
20% or more face occlusion (mask, eyeglasses or
shadow) detection rate decreases.

Facial detection accuracy deteriorates with face sizes
larger or smaller by approx more than two times
from the training size of 24x24. In highly busy
environments false positive detections increased
with higher rates . For YOLOVS, limitations are based
on computational needs instead of detection
capabilities: GPU 4GB minimum required for training
and inference of model . Model performance is very
dependent on quality and diversity of training
dataset .

YOLOvV8 model size is large(50MB to 200 MB) for
embedded devices with strict space and resource
constraints Use of the framework requires learning
of the concepts of deep learning and the various
parameters (hyperparameters ) to tune to achieve
high efficiency.

D. Observations

These findings provide definitive evidence of a linear,
and consistent, trade-off between computational
expense and detection performance. The main
strengths of Haar Cascade are its small size, reliability
tested in 2 decades of deployments, its capacity for
rapid processing on CPU-only hardware, and relative
ease of implementation - factors that favor its
application on embedded systems, for Internet of
Things devices, and in education and rapid
prototyping contexts. Its main drawbacks are poor
performance with different poses, low sensitivity to
varied light conditions, inability to cope with
occlusions, and relatively high rates of false-positive
detection in complex scenes.

The main strengths of YOLOv8 are high accuracy
across various conditions that consistently
outperforms other detectors, automatically learned,
robust, features, successful multi-scale detection and
reasonable sensitivity to minor occlusion. Its main
drawbacks are relatively high compute and memory
costs, increased implementation difficulty, training
data sensitivity and it being poorly suited for ultra-
low cost hardware constraints. Overall, this evidence
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shows Haar Cascade is still a solid option for
applications requiring little computational resource,
low latency or learning purposes, whereas YOLOv8
has more applications in production-grade systems-
such as a surveillance system or commercial facial
recognition system - when accuracy and robustness
in varied real world scenarios take preference over
computation.

VI. CONCLUSION

In this paper, we provide a comprehensive study to
systematically compare Haar Cascade and YOLOv8
for face detection based on the following metrics:
accuracy, speed, memory footprint, and robustness
against different facial poses, illumination variations
and occlusions. The experimental results suggest
that YOLOv8 drastically improves detection accuracy
over Haar Cascade (95%-99% vs. 70%-90% in most
settings) especially when applied to faces with severe
occlusion, non-frontal poses, and adverse lighting
conditions. On the other hand, Haar Cascade
maintains an obvious advantage in computational
complexity: while the system using Haar Cascade still
manages real-time detection (>30FPS) without
relying on a dedicated graphics card, a system
utilizing YOLOV8 on a GPU yields comparable speed
(15-30FPS).

The experimental results demonstrate that neither
technique has the ultimate solution for all scenarios;
therefore the selection of algorithm depends on the
environment it will be deployed.

For educational purposes, rapid prototyping and
application in low-resource scenarios like loT
systems and embedded systems, Haar Cascade may
still be an appropriate alternative to get start with its
simplicity and efficiency. For the industrial and
commercial face-recognition systems, like the ones
in the security/surveillance applications or face-
recognition systems, the usage of YOLOV8 provides
higher accuracy and robustness in dealing with
varying poses, poses and lighting and occlusion.
Future research directions. In order to utilize all the
benefits offered by the face detection and
recognition system using deep learning approaches
like YOLOVS, several promising directions are to be

investigated based on the identified gaps: firstly,
there is a lack of the development of specifically
optimized YOLOV8 based detectors on the specific
application or a small size dataset for the specialized
application. Secondly, the challenge of face
detection/recognition  system  when  severe
occlusions are applied should be solved, especially
by incorporating with generative models inpainting.

Finally, there exist opportunities in the field of
developing the light weight version of YOLOv8-
based detector for mobile and embedded systems
via quantization or distillation in order to alleviate
the constraints of the computational power, storage
size, power consumptions and bandwidth without a
dramatic loss of accuracy.
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