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Abstract:

With the tremendous development of face detection systems, there is a growing
need to achieve highly accurate detection results in images compressed using
different compression algorithms. This manuscript provides face detection
analysis in images representing different numbers of faces (1, 3, 5, and 10
faces) from both frontal and non-frontal perspectives. The images extracted
from the FDD (Face Detection Dataset) database were compressed using
three different compression algorithms - JPEG, JPEG2000, and SPIHT, for
different bits-per-pixel values.

The analysis was performed by using the Haar Cascade Classifier, implemented
in Python. The quality of face detections was determined using the objective
measures: F-measure (based on reference values from the GroundTruth im-
ages) and Det.F (number of detected faces). Based on the results presented
in the tables, it can be concluded that face detection behaves slightly differ-
ently depending on the value of bits-per-pixel and the applied compression
algorithm, but vastly differently depending on the angle of perspective.

The Haar Cascade Classifier has proven to be the best solution when it is
necessary to perform face detection in compressed, frontal face images, es-
pecially for a small number of faces; non-frontal images with a large number
of faces have proven to be the most challenging assignment for the Haar
Cascade Classifier.

Keywords:

Face Detection, Compression, Image Processing, Haar Cascade Classifier,
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INTRODUCTION

Regarding modern-day multimedia systems, it is nearly impossible
to find a system that doesn't utilize image, video, or audio compression.
The advancements in technology have led to a growing need for image
processing - from everyday applications to critical professional fields,
such as medical image analysis, sensor networks, security systems, and
television [1].

Cameras capture images in analog format; the images are then con-
verted into digital formats for efficient processing, transmission, and
storage [2]. Uncompressed images demand substantial storage capacity
and computational resources for processing, in addition to greater band-
width for transmission across communication networks.
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As a result of the presence of these challenges, image
processing and compression techniques have become a
substantial focus of research in digital signal processing
(1].

The aim of developing image compression tech-
niques is to remove redundant or unnecessary data.
The techniques are categorized based on their ability to
recreate the original image from the compressed data.
There are two types of digital image compression: lossy
compression and lossless compression. Lossy compres-
sion allows for greater compression ratios by selectively
discarding redundant data. Lossless compression keeps
all the original image data intact, thereby allowing for
perfect reconstruction without any loss of information
[2] [3]. The choice of compression methods, techniques,
and algorithms is based on the requirements of the ap-
plication. A variety of techniques have gained promi-
nence in digital image processing. JPEG (Joint Photo-
graphic Experts Group), JPEG2000, and SPIHT (Set
Partitioning in Hierarchical Trees) have appeared to be
three of the most prevalent standards, each offering dis-
tinct advantages [1].

The JPEG compression standard has become well-
known and widely used in multiple areas of applica-
tion, including digital photography, web content, and
medical diagnostics. The JPEG uses the Discrete Cosine
Transform (DCT), so that it can divide an image into
different frequency components. This process separates
important visual details from less noticeable ones. The
image becomes easier to compress effectively [4] [5].

The JPEG2000 compression standard was developed
as a successor to the original JPEG standard to address
the demands of emerging applications. It delivers ad-
vanced functionality while achieving superior com-
pression performance [6] [7]. Unlike traditional JPEG
standard, which uses DCT, as mentioned above, the
newer JPEG2000 compression standard uses the Dis-
crete Wavelet Transform (DWT) as its mathematical
framework [1].

While JPEG is a lossy compression method [8], and
JPEG2000 offers both lossy and lossless compression [7],
the SPITHT algorithm is entirely lossless [8]. SPIHT rep-
resents a wavelet-based compression method that is very
efficient and highly effective. It outperforms the majority
of traditional techniques by achieving superior image
quality at equivalent compression ratios. The quality is
measured by the Peak Signal-To-Noise Ratio - PSNR.
The Embedded Zerotree Wavelet (EZW) algorithm
represents the mathematical framework for the SPTHT
coder [8].
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The growing intelligence of computer systems has
had a tremendous impact on the ongoing advancement
of technology, starting a new era of human-computer
interaction. An important example of this interaction is
face detection - a special case of object detection. Object
detection is used to identify objects in digital images and
videos, such as human faces or vehicles. This character-
istic of object detection leads to an extensive application
of the technique, including face recognition, pedestrian
detection, and surveillance systems [9].

Face detection is the critical first step that enables
subsequent stages of face analysis, such as face recog-
nition and verification. This stage identifies and locates
human faces in a digital image so that further analysis
can be performed. The detection process consists of
analyzing input images through pattern differentiation,
isolating facial features from background elements and
outputting spatial coordinates for each detected face [9].

The authors in [10] examined the effect of compres-
sion on face detection using Haar-like features, while the
authors in [11] examined frontal and non-frontal face
detection using deep neural networks. The aim of this
paper is to examine how JPEG, JPEG200, and SPIHT
compression techniques affect face detection using the
Haar Cascade Classifier, considering both frontal and
non-frontal images.

The remainder of the paper is structured as follows:
Section 2 outlines the system model which provides the
fundamental setting for a detailed analysis of the face
detection process. It includes several images used for
the analysis, along with tabulated PSNR values, obtained
during compression using various algorithms. Section 3
presents the results of the face detection process using
the Haar Cascade Classifier for frontal and non-frontal
compressed images. The results are represented in tabu-
lar form. The tables contain F - the numerical values
for accuracy (F-measure/F-score) and Det.F - the total
count of detected faces (true and false), as well as the
number of correctly detected faces, written in parenthe-
sis (when there are additional false detections). Finally,
Section 4 provides the conclusion and key insights,
along with potential directions for future research.
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2. SYSTEM MODEL

This paper analyzes the impact of the JPEG,
JPEG2000, and SPIHT algorithms on face detection
using the Haar Cascade Classifier. The images were
extracted from the FDD database [12], along with the
corresponding GroundTruth, which defines the exact
position of every facial component [13]. All three com-
pression techniques were applied to each image using
the following bits-per-pixel (BPP) values: 0.1, 0.2, 0.4,
0.5, 1, and 1.5. The selected images met the criteria for
the number of faces represented, specifically 1, 3, 5, and
10, along with the perspective criteria of frontal and
non-frontal. Each image represented a different number
of faces captured from various perspectives.

The images extracted from the FDD database were
converted to BMP (bitmap) format using Python code,
allowing the image compression to be performed using
VcDemo software [14]. Face detection was performed
utilizing OpenCV's Haar Cascade Classifier, serving as
an essential element of the Python code.

The images used for the analysis, the obtained images,
and the codes were all stored in a repository [15] created
by the authors of this paper.

The following objective measures were used:

F - the evenly balanced F-measure that is calculated
using the following equation [16] [17]:

_ 2PR
~ P+R
Equation 1. Calculation of F-measure

Where P represents Precision, and R represents
Recall or Sensitivity [16].

In an ideal situation, F is equal to 1, but, generally, F
lies within the limits of 0 < F <1 [1].

The Precision is calculated using the following
equation [17]:
TP
p=—
TP+ FP

Equation 2. Calculation of Precision

The Recall is calculated using the following equation

[17]: p

R=———
TP+ FN

Equation 3. Calculation of Recall

Where: TP represents True Positive - the pixels cor-
rectly segmented as foreground; FP represents False
Positive - the pixels falsely segmented as foreground; TN
represents True Negative - the pixels correctly detected
as background, and FN represents False Negative - the
pixels falsely detected as background [1].

Det.F - the total count of detected faces (true and
false), with the number of correctly detected faces writ-
ten in parenthesis (when there are additional false de-
tections).

Peak signal-to-noise ratio (PSNR) values for the
three compression algorithms used in multi-face im-
ages are represented in the following tables. Table 1
presents the PSNR values obtained from compressing
images containing either one face or three faces; Table
2 presents the PSNR values obtained from compressing
images containing either five faces or ten faces.

It's readily observed how bits-per-pixel (BPP) val-
ues influence image compression. Higher value of BPP
results in a better image quality, especially with JPEG
compression. JPEG2000 and SPTHT achieve similar re-
sults, but JPEG2000 achieves slightly better PSNR values
at lower BPP and SPIHT at higher BPP values.

Table 1. PSNR values for the three compression algorithms at different BPP values for frontal and non-frontal images

containing one face and three faces

One Face Three Faces
Perspective nggiftsﬁign BPP value

0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5

JPEG 246  40.7 446 48 55.3 56 23.6 335 383 393 424 52
Frontal JPEG2000 423 451 484 495 511 51.1 35.1 384 413 421 455 485
SPIHT 42.7 455 489 50.1 542 573 35 384 413 423 458 49
JPEG 235 312 35 362 396 505 249 357 398 40 543 56.8

Non-frontal JPEG2000 325 352 383 397 454 494 36.6 391 424 437 488 5l1.1
SPIHT 32.1 35 383 39.7 456 50 369 395 427 44 494  53.7
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Table 2. PSNR values for the three compression algorithms at different BPP values for frontal and non-frontal images

containing five faces and ten faces

Five Faces Ten Faces
Perspective Czllggiiets}ign BPP value
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5
JPEG 219 269 333 348 397 424 212 251 293 31 344 441
Frontal JPEG2000 285 322 364 379 432 46.6 258 286 323 338 393 434
SPIHT 28.1 32 363 377 431 467 254 28 319 334 39.1 433
JPEG 229  30.1 37 386 429 457 215 26.1 319 335 384 421
Non-frontal JPEG2000 32 36 404 417 458 485 273 31 356 372 431 469
SPIHT 31.6 352 40 414 458 487 263 301 351 369 429 471

Figure 1. Non-frontal images representing one face with JPEG compression at the BPP value of:
a)0.1,b) 0.2,¢c) 0.4,d) 0.5,¢) 1, f) 1.5

). '
%
7 [

Figure 2. Frontal images representing three faces with JPEG2000 compression at the BPP value of:
a)0.1,b) 0.2,¢c) 0.4,d) 0.5,¢) 1, f) 1.5

Several images resulting from the compression
processes are shown below.

Figure 1 shows compressed, non-frontal images for
different values of BPP, representing one face when us-
ing JPEG compression. Figure 2 shows compressed,
frontal images for different values of BPP, representing
three faces when using JPEG2000 compression. The rest
of the compressed images used in this work are available
in the dataset repository [15].

Figure 1 and Figure 2 show that image quality re-
mains acceptable across various compression methods,
but lower BPP values and certain compression algo-
rithms significantly affect image quality. The most no-
ticeable loss in quality occurs at low BPP values when
using the JPEG compression. This is confirmed by the
data in Table 1.

In 2001, Paul Viola and Michael Jones introduced
the Viola-Jones object detection framework [9]. This
framework is the first to achieve competitive real-time
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detection performance. Due to its accuracy and efficien-
cy, it has been used in face detection ever since. It is im-
portant to note that the primary goal of this framework
is face detection, not recognition. This detection phase
serves as an elemental processing step that comes before
any subsequent face recognition processes [9].

The Viola-Jones face detection algorithm represents
the core foundation of the Haar Cascade Classifier. Train-
ing this classifier requires a sufficient number of both
positive and negative images. It uses Haar-like features.
A specific object in an image can be detected using Haar-
like features. The eyes, nose, and mouth, as the integral
parts of a human face, represent features that can be used
for classification. By comparing calculated and trained
feature values (the reference values), the Haar Cascade
Classifier gains the ability to detect human faces [18] [19].

The following section presents the results obtained
during the face detection process.
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3. RESULTS

This section presents the results of the face detection
processes. These results were gathered using the mathe-
matical models and software tools outlined in Section 2.
Table 3, Table 4, Table 5, and Table 6 display the F and
Det.F values for frontal and non-frontal images, based
on the number of represented faces. These values were
obtained by running a Python code with the Haar Cas-
cade Classifier as its fundamental part, changing digital
image inputs based on the number of faces, perspective,
and applied compression algorithms.

As shown in Table 3, it is evident that for images
containing a single frontal face, the F-score consistently
equals 1, indicating perfect face detection, regardless of
the BPP value or the applied compression algorithm; the
results are almost identical for a single non-frontal face,

with only one exception: in the image compressed using
the JPEG algorithm at the BPP value of 0.1, where no
faces were detected.

Table 4 presents data indicating perfect face detec-
tion in compressed images representing three frontal
faces, using JPEG2000 compression standard, regard-
less of the BPP value. The situation is slightly different
for the remaining two compression algorithms, with the
F-score falling below 1 for the BPP value of 1.5 applying
JPEG and for the BPP values of 1 and 1.5 applying the
SPIHT algorithm, showing subtle inverse proportional-
ity characteristics. In the case of non-frontal images rep-
resenting three faces, the results suggest that, for most
of the BPP value cases, face detection using the Haar
Cascade Classifier achieves the same results - the F-score
of 0.67, with two true detections and a false one. There
are a few exceptions, with the worst case for the BPP

Table 3. Accuracy and number of detected faces using the Haar Cascade Classifier for face detection in frontal and non-frontal
images representing one face, compressed by various methods at different BPP values

Frontal images Non-frontal images
JPEG JPEG
0.1 0.2 0.4 0.5 1 15 0.1 0.2 0.4 0.5 1 1.5
F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

1 1 1 1 1 1 1 1 1 1 1 1

0 0 1 1 1 1 1 1 1 1 1 1

JPEG2000 JPEG2000
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5
F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1

SPIHT

SPIHT

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF

F DetF F

DetF F DetF F DetF F DetF F DetF

1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1

Table 4. Accuracy and number of detected faces using the Haar Cascade Classifier for face detection in frontal and non-frontal

images representing three faces, compressed by various methods at different BPP values

Frontal images Non-frontal images
JPEG JPEG
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5
F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF
1 3 1 31 3 1 3 1 3 086 43) 057 4(2) 0.8 2(2) 0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2)
JPEG2000 JPEG2000
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5
F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

1 3 1 3 1 3 1 3 1 3 1 3

0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2)

SPIHT

SPIHT

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F

DetF F DetF F DetF F DetF F DetF F DetF F

DetF F DetF

1 3 1 3 1 3 1 3 086 4(3) 0.86 4(3)

0.33 3(1) 0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2) 0.67 3(2)
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value of 0.1 with SPIHT, the second worst for with BPP
value of 0.1 with JPEG, and the best for the BPP value
of 0.2 with JPEG.

Referring to images representing five frontal faces,
Table 5 shows that the JPEG compression algorithm
achieves both the best and worst results, with an F-score
of 1 for the BPP value of 0.1 and an F-score of 0.83 for the
BPP value of 0.2 (2 additional false detections). For the
remaining cases of BPP values, JPEG achieves an identi-
cal F-score to all the BPP cases with both JPEG2000 and
SPIHT algorithms, where the F-score has the same value
0f 0.91 (1 additional false detection). Therefore, it is ob-
served that JPEG2000 and SPTHT achieve identical, con-
sistent F-scores regardless of the BPP value, while there
are slight deviations in accuracy when using JPEG. The
results for non-frontal images representing five faces
showed an F-score of 0.75 (3 correct detections) for al-

most all the BPP values and using all three compression
methods, except with SPIHT at the BPP value of 0.1,
which represents the worst scenario of Haar Cascade-
based face detection in non-frontal images representing
five faces, achieving the F-score of 0.67 (4 detections, 3
correct).

Observing data represented in Table 6, the first situa-
tion of unclear conclusion and absence of BPP to F-score
relation occurs. Regarding compressed images repre-
senting ten frontal faces, from the results obtained, it is
seemingly impossible to find a causal-consequential re-
lationship between BPP values and the F-score. All three
algorithms provide a case of perfect face detection, JPEG
for the BPP value of 0.1, and both JPEG2000 and SPIHT
for the BPP value of 0.4, and a case of worst F-score of
0.87 (3 additional false detections) for the BPP value of
0.2. The rest of the F-scores, for all the remaining BPP

Table 5. Accuracy and number of detected faces using the Haar cascade classifier for face detection in frontal and non-frontal
images representing five faces, compressed by various methods at different BPP values

Frontal images

Non-frontal images

JPEG

JPEG

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

1 5 083 7(5) 091 6(5) 091 6(5) 091 6(5) 091 6(5) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3)
JPEG2000 JPEG2000
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

091 6(5) 091 6(5) 091 6(5 091 6(5 091 6(5) 091 6(5) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3)

SPIHT

SPIHT

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

091 6(5) 091 6(5 091 6(5 091 6(5) 091 6(5) 091 6(5) 0.67 4(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3) 0.75 3(3)

Table 6. Accuracy and number of detected faces using the Haar Cascade Classifier for face detection in frontal and non-frontal

images representing three faces, compressed by various methods at different BPP values

Frontal images

Non-frontal images

JPEG

JPEG

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

1 10 0.87 13(10) 0.95 11(10) 0.91 12(10) 0.95 11(10) 0.91 12(10) 0.18 1(1) 0.29 4(2) 04 5(3) 0.15 3(1) 029 4(2) 027 5(2)
JPEG2000 JPEG2000
0.1 0.2 0.4 0.5 1 1.5 0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

0.91 12(10) 0.87 13(10) 1

10 0.95 11(10) 0.95 11(10) 0.91 12(10) 0.15 3(1) 0.29 4(2) 0.37 6(3) 0.4 5(3) 037 6(3) 029 4(2)

SPIHT

SPIHT

0.1 0.2 0.4 0.5 1 1.5

0.1 0.2 0.4 0.5 1 1.5

F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF F DetF

0.95 11(10) 0.87 13(10) 1

10 0.95 11(10) 0.95 11(10) 0.91 12(10) 0.17 2(1) 0.29 4(2) 0.4 5(3) 04 5(3) 037 6(3) 029 4(2)
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value cases in all the applied compression algorithms,
switch between 0.91 (2 additional false detections) and
0.95 (1 additional false detection) without discernible
causality. A large number of non-frontal faces in a com-
pressed image leads to poor face detection results when
using the Haar Cascade Classifier, with the highest F-
score being as low as 0.4.

Examining the obtained results, it is noticeable that
there are several characteristic cases of Haar Cascade-
based face detection in images representing faces from
the frontal perspective, as well as in images representing
faces from the non-frontal perspective. The following
figures show the above-mentioned characteristic cases.
Figure 3 displays JPEG images with faces captured from
the frontal perspective and compressed at the BPP value
of 0.1, showing perfect face detection regardless of the
number of faces represented. Figure 4 displays images
with ten faces captured from both frontal and non-fron-
tal perspectives and compressed using JPEG, JPEG2000,
and SPIHT algorithms at various BPP values, showing
the worst face detection results.

The remaining face detection images generated in
this study are available in the dataset repository [15].

By gathering all the results from the processes de-
tailed in Section 2 and Section 3, the following conclu-
sions were drawn.

4. CONCLUSION

This paper presents an analysis of face detection
using the Haar Cascade Classifier in frontal and non-
frontal images representing different numbers of faces
and compressed using JPEG, JPEG2000, and SPTHT al-
gorithms at different bits-per-pixel values.

The obtained results indicate that the Haar Cascade
Classifier does a significantly better job performing face
detection in images showing frontal faces, regardless of
the applied compression algorithm. Given the collected
data, the described face detection method achieves the
perfect F-score of 1 in frontal JPEG images for the BPP
value of 0.1. There aren't cases of undetected faces in
frontal face images, regardless of the compression algo-
rithm. Single-face images have the best chance of getting
the perfect F-score; as the number of faces in an image
increases, the F-score remains high but becomes more
unpredictable, with no distinct connection to the BPP
value.

The data collected for the non-frontal face images
confirms that the Haar Cascade Classifier is less effective
when face detection is needed in non-frontal images,
with better results being achieved in images representing
smaller numbers of faces and the F-score dropping in an
inverse proportionality manner to the rising number of
represented faces. Additionally, there's an observed re-
lationship between the angle of rotation of the face and
the face detection accuracy, with a smaller angle of rota-
tion increasing the chance of a correct face detection.

Figure 3. Frontal JPEG images compressed at the BPP value of 0.1, showing perfect face detection regardless of

the number of faces represented

4 | & | 4 |
yE 5y " 9

a)

l/ll.l& I :-LL : :&L r
[N . .-\- & h:\

Figure 4. Frontal a) JPEG, b) JPEG2000, and ¢) SPIHT images compressed at the BPP value of 0.2, and non-frontal d)
JPEG, e) JPEG2000, and f) SPTHT images compressed at the highest BPP value of 1.5, representing ten faces,
showing the worst results of face detection
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The findings contribute to the further development

of image compression algorithms to make them more

suitable for use in face detection systems and, also, to the

necessity of additional improvements in the Haar Cas-

cade Classifier, especially in cases with a larger number

of faces and greater angles of perspective. Finding an

approach for solving these problems indicates a possible

direction for future research.
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