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ABSTRACT
Lossy face image compression can degrade the image qual-
ity and the utility for the purpose of face recognition. This
work investigates the effect of lossy image compression on a
state-of-the-art face recognition model, and on multiple face
image quality assessment models. The analysis is conducted
over a range of specific image target sizes. Four compression
types are considered, namely JPEG, JPEG 2000, downscaled
PNG, and notably the new JPEG XL format. Frontal color im-
ages from the ColorFERET database were used in a Region
Of Interest (ROI) variant and a portrait variant. We primarily
conclude that JPEG XL allows for superior mean and worst
case face recognition performance especially at lower target
sizes, below approximately 5kB for the ROI variant, while
there appears to be no critical advantage among the compres-
sion types at higher target sizes. Quality assessments from
modern models correlate well overall with the compression
effect on face recognition performance.

Index Terms— Biometrics, face recognition, face image
quality assessment, lossy image compression

1. INTRODUCTION

Image quality in terms of biometric utility [1] influences the
performance of face recognition systems, as e.g. used for au-
tomated border control. Lossy image compression can affect
the utility, and is relevant e.g. for Machine Readable Travel
Documents (MRTDs) [2]. Since the effect on utility may dif-
fer substantially between lossy compression schemes at ap-
proximately the same compressed image size, this leads to the
question which compression type should be preferred. Fur-
thermore, there are automatic Face Image Quality Assessment
(FIQA) methods that attempt to estimate an individual im-
age’s biometric utility, leading to the question whether these
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der grant agreement No 883356. This text reflects only the author’s views and
the Commission is not liable for any use that may be made of the informa-
tion contained therein. Portions of the research in this paper use the FERET
database of facial images collected under the FERET program, sponsored by
the DOD Counterdrug Technology Development Program Office [4][5].
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Fig. 1. Processing stages required for the experiments.

methods’ assessments are similarly influenced by image com-
pression in isolation.

As an example for related prior work, Funk et al. [3] eval-
uated JPEG and JPEG 2000 with respect to two unspecified
face recognition systems on 358 frontal face images from the
FERET [4][5] database, all 512 × 768 pixels, finding that
JPEG 2000 outperformed JPEG below a size of 17kB. Later
work by Delac et al. [6] likewise evaluated JPEG and JPEG
2000 on images from FERET, but for different grayscale sub-
sets transformed and cropped to a 128× 128 pixels ROI with
masked background, for three face recognition algorithms
(based on Principal Component Analysis, Linear Discrimi-
nant Analysis, Independent Component Analysis), similarly
finding JPEG 2000 results superior to JPEG for higher com-
pression rates. Our work contributes an evaluation of the
effect of lossy compression on face recognition using a mod-
ern ArcFace [7] model, comparing the new JPEG XL [8]
encoding besides the previously evaluated JPEG [9] and
JPEG 2000 [10], as well as downscaled PNG [11] images,
which proved to be competitive with the dedicated lossy
compression methods. Our evaluation makes use of frontal
color images from ColorFERET [4][5] across a range of con-
crete image target sizes. Additionally, we examined how
well the effect of lossy compression on face recognition is
reflected in the per-image quality scores produced by eight
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different FIQA methods, which previously have only rarely
been examined in a lossy image compression context [12].
Figure 1 provides an overview of the processes required for
the experiment data.

In the remainder of this paper, section 2 describes the de-
tails of the experiment setup, section 3 presents an analysis of
the results, and section 4 concludes with the main findings.

2. SETUP
2.1. Database

A high initial quality of the images is desired for the experi-
ments, to better isolate the impact of lossy image compression
for the analysis. Focusing on frontal images further allows us
to approximate a passport image scenario. Thus the frontal
color images from the ColorFERET [4][5] database were used
for the experiments. This amounts to 2638 images across 966
subjects. These images were captured under comparatively
controlled conditions, in contrast to e.g. a web-scraped face
image database such as LFW [13]. The facial expression does
however vary (neutral or smiling), and for some subjects there
are images both with and without glasses.

Many of the original ColorFERET [4][5] images show a
larger area than just the face, so we applied preprocessing
to obtain ROI images for the experiments, as illustrated in
Figure 1. Images were cropped and aligned as required for
direct usage by the ArcFace [7] face recognition model, ex-
cept for the resolution, which was 250 × 250. The landmark
detection required for preprocessing was done via the pub-
licly available RetinaFace-R50 model [14] from the Insight-
Face project. Both the face recognition model and the six
deep learning FIQA models require various fixed input image
sizes, all smaller than 250 × 250, thus images were resized
with bilinear interpolation for each of these models.

2.2. Face recognition

To obtain comparison scores [1] we used the publicly avail-
able ArcFace-R100-MS1MV2 [7] face recognition model
from the InsightFace project, which requires a 112 × 112 in-
put image size. Multiple comparison trial [1] configurations
were analyzed: The “mated-other” configuration consisted
out of all 3484 possible mated [1] trials for the subjects,
and compared different captured images from the same sub-
ject with the same target size compression applied. The
“mated-self” configuration on the other hand consisted out
of comparisons of the 2638 images with lossless compres-
sion against the same face image (stemming from the same
captured sample) with lossy compression applied.

2.3. Quality assessment

To obtain quality scores we used eight FIQA methods. For
all of the methods, higher quality score output is intended
to indicate higher biometric utility [1]. Six of these were
modern deep learning models specifically intended to as-
sess quality in terms of image utility [1] for face recog-
nition: CR-FIQA(S) & CR-FIQA(L) [15] (respectively

with iResNet50/iResNet100 backbone trained on CASIA-
WebFace[16]/MS1MV2[7], both with 112 × 112 input im-
age size), MagFace [17] (iResNet100 backbone trained on
MS1MV2 [7], 112 × 112 input image size), SER-FIQ [18]
(“same model” variant using ArcFace, 112 × 112 input im-
age size), FaceQnet-v0 [19] & FaceQnet-v1 [20] (both with
ResNet-50 backbone, trained on VGGFace2 [21], 224 × 224
input image size). These six models are all publicly available.
The other two FIQA methods were handcrafted sharpness
measures, referred to as Sharpness-1 and -2: Sharpness-1
is implemented as described by [22], comparing the pixel
intensity variations in the input image against those in an
artificially blurred version thereof to estimate the sharpness.
Sharpness-2 is conceptually similar but simpler, computing
the sharpness as the mean of the distances between the nor-
malized [0, 1] pixel values of the input image and a blurred
(3× 3 mean box filter) version thereof.

2.4. Compression target sizes and types

Target sizes for the lossy image compression were selected
manually, based on the lowest usable size among all used
compression types, and based on the sizes of the images as
lossless PNG files. Images were compressed as closely as
possible to each target size, with the target size serving as the
inclusive upper limit, meaning that an image’s size may at
most be equal to the target size. We selected the target sizes
5kB, 4.5kB, 4kB, 3.5kB, 3kB, 2.5kB, and 2.2kB.

Four lossy compression types were examined: PNG-
resized, JPEG [9], JPEG 2000 [10], and JPEG XL [8]. PNG-
resized refers to PNG [11] images that were downscaled to
reach each target size, keeping the aspect ratio of the source
image as closely as possible, thus effectively turning the
by itself lossless PNG compression into a lossy compres-
sion scheme. PNG, JPEG and JPEG 2000 are permissible
as face image encodings in MRTDs according to ISO/IEC
39794-5:2019 [2]. JPEG XL is a more recently created and
standardized encoding. For PNG, JPEG, and JPEG 2000
compression we used Pillow version 9.1.0, which in turn
relies on ZLIB version 1.2.12 for PNG, on libjpeg-turbo ver-
sion 2.1.3 for JPEG, and on OpenJPEG version 2.4.0 for
JPEG 2000. For JPEG XL we used the reference implemen-
tation libjxl version 0.6.1. Default compression settings were
used for all compression types, except for the comparatively
unusual PNG-resized compression, for which we did set the
Pillow “optimize” option.

Step three in Figure 1 shows examples for ROI images
compressed with all four types at target size 2.2kB.

3. RESULTS
3.1. Effect on comparison scores

The comparison scores shown in Figure 2 are similarity scores
[1] in the range [−1,+1], meaning that higher values are in-
tended to indicate higher facial similarity. The y-axis shows
the comparison score, and the x-axis shows the target sizes in
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Fig. 2. Comparison score results.

descending order from left to right. The curves correspond
to the different compression types. Each linearly interpolated
curve shows the mean value of the comparison scores per tar-
get size. The transparent and thus “smeared” looking markers
of the same color show all concrete individual comparison
score data points per target size, whereby the x-axis location
is slightly shifted across the compression types for the sake of
visibility. Additional opaque rhombus-shaped markers high-
light the maximum and minimum comparison scores.

In the results for the mated-other comparison trial con-
figuration, JPEG XL performed best both in terms of main-
taining high mean comparison scores and in terms of the
worst-case (minimum) comparison scores. The compression
types’ results diverged most distinctly for the lowest target
size, 2.2kB. At this target size, JPEG’s performance in terms
of the mean score and in terms of the overall worst-case score
dropped noticeably, relative to slightly higher target sizes
at which JPEG’s results remained closer to or better than
JPEG 2000 and PNG-resized. A perhaps surprising result
can be seen for PNG-resized, which remained competitive
with JPEG and JPEG 2000 across the target sizes, and even
yielded slightly better results than both at 2.2kB.

Results for the mated-self comparison trial configuration
lead to similar conclusions as for mated-other, with some
differences. JPEG XL is again the compression type with
the best results, here with worst-case scores that are even
more distinguished from those of the other compression
types. JPEG is again the worst performing compression at
2.2kB, while being competitive or better than JPEG 2000 and
PNG-resized at higher target sizes. Regarding differences to
mated-other, the order of the JPEG 2000 and PNG-resized
mean score curves is reversed, JPEG 2000 now being slightly
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Fig. 3. Normalized mean quality and mated-self/other com-
parison score curves.

better in this metric, although PNG-resized now beats JPEG
2000 in terms of worst-case scores across all target sizes.

To summarize, the results let us recommend JPEG XL
across all target sizes, while JPEG should be avoided for very
low sizes (2.2kB), but is otherwise competitive with JPEG
2000 and PNG-resized. For the mated-self score spread and
worst-case results, the lead of the JPEG XL results was more
pronounced even at higher shown target sizes, with only JPEG
showing competitive results at approximately 4kB and above.

3.2. Effect on quality scores

A direct computation of the correlation between the qual-
ity scores and the comparison scores is not possible, since
a quality score corresponds to one individual image, while a
comparison score corresponds to an image pair. Thus to an-
alyze the extent to which the effect of the lossy image com-
pression on the comparison scores is reflected in the quality
scores of the various tested FIQA methods, we chose to ex-
amine the normalized mean score curves as shown in Fig-
ure 3. The x-axis shows the same target size range as for the
comparison scores in Figure 2, while the y-axis now shows
the mean quality or comparison scores, normalized to [0, 1]
since the original value ranges differed. The plots are sepa-
rated by the four compression types, and the various curves
represent the eight FIQA methods as well as the compari-
son scores for the mated-self and mated-other trial configu-
ration. These normalized curves show that the effect of the
lossy image compression types on most of the FIQA meth-
ods is similar to the effect on the comparison scores. The
two sharpness measures are the most clear exception, espe-
cially for JPEG, where the severe sharpness value increase
for target size 2.5kB and 2.2kB can be explained by the more
severe JPEG “block” compression artifacts. To better quan-
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f PNG-resized 1 2 3 7 8 3 13 15

JPEG 2 1 3 3 1 5 71 45
JPEG 2000 0 1 2 1 1 1 8 10

JPEG XL 1 4 2 4 14 1 9 15
Combined 1 2 3 4 6 2 25 21

Table 1. Distances between normalized quality and mated-
other/self comparison score curves from Figure 3, as rounded
[0, 100] percentage values (lower is better). For each row the
lowest values are printed in bold. The “combined” rows show
the mean values across the four compression types.

tify how well each FIQA method captures the compression
effect on the comparison scores, we computed the distances
between these normalized quality/comparison score curves,
shown in Table 1. More specifically, we computed the areas
under each linearly interpolated curve, and then computed the
absolute value of the difference between areas for each pair-
ing of FIQA method and mated-other/mated-self comparison
configuration.

Overall, the two sharpness metrics appeared distinctly
less reliable than the six modern utility-centric FIQA models.
Of those six models, FaceQnet-v0 performed slightly worse
overall, and substantially worse for JPEG XL. FaceQnet-v1,
which is architecturally identical to FaceQnet-v0, did how-
ever perform very well both overall and for JPEG XL, which
could indicate that the training procedure might be more
important than the architectural differences of these FIQA
models, at least in the context of this compression effect sce-
nario. The differences between the results for the remaining
FIQA models appear to be comparatively minor overall.

3.3. Additional results
Besides the primary results presented in the previous subsec-
tions, we also examined higher target sizes for the ROI im-
ages (27kB, 22kB, 17kB, 12kB, 10kB), evaluated the same
experiments with a second “portrait” image variant (with tar-
get sizes 30kB, 24kB, 18kB, 12kB, 10kB, 9kB, 8kB, 7.7kB),
and analyzed a non-mated comparison trial configuration.

For the portrait image variant the ColorFERET images
were cropped to the minimal allowed width and height rel-
ative to the Inter-Eye Distance (IED) and Eye-Mouth Dis-
tance (EMD) as required by ISO/IEC 39794-5:2019 [2]. The
cropped portrait region was out of the original image bounds
for 43 images, with the out of bounds pixels being filled with
black. Other standard requirements were not checked and
the IED was below the 90 pixel minimum for 243 images,
while an additional 751 images fell below the 120 pixel IED
“best practice” value of the standard, so images in this por-

trait variant were only partially compliant. The comparison
score results did however not differ substantially between the
compression types for the portrait image variant, nor with the
higher target sizes for the ROI image variant.

The “non-mated” comparison trial configuration con-
sisted out of randomly selected non-mated [1] trials, equal in
number to the mated-other trials (3484), likewise comparing
images with the same target size compression applied. Re-
sults for this configuration on the ROI images were arguably
less interesting for the analysis, due to only comparatively mi-
nor changes in the mean comparison scores even at the lower
target sizes, with substantial overlap of the computed individ-
ual scores and their minima/maxima. We can however note
that PNG-resized was comparatively most influential in terms
of altering the mean score and the worst-case (maximum)
scores, which may indicate that the seemingly competitive
mated configuration results for PNG-resized were facilitated
in part by removing or “blurring” more recognition-relevant
information in a similar manner across images. Nevertheless,
the differences were minor, and so PNG-resized appeared to
be competitive with JPEG and JPEG 2000 given the results
overall, especially at higher target sizes.

4. CONCLUSION

Based on the results we recommend JPEG XL for face im-
age compression across all target sizes, both for face ROI im-
ages and portrait images. The differences in the effect on face
recognition between compression types did become substan-
tial for face ROI compression at sizes approximately below
5kB. For higher sizes, above 10kB, JPEG XL can still provide
the best worst-case results, but the other tested compression
types appeared viable at these sizes as well, including the un-
usual PNG-resized compression. While JPEG compression
for ROI images led to slightly better results than JPEG 2000
and PNG-resized for target sizes at and above 3.5kB, it also
led to mostly worse results for the very low target sizes 3kB,
2.5kB, and 2.2kB. The advantage of JPEG 2000 over JPEG
at lower target sizes supports prior work results mentioned in
the introduction [3][6].

Regarding FIQA, the two sharpness measures did not cap-
ture the effect of compression on the comparison scores well,
especially not for JPEG, while the six modern utility-centric
FIQA models mostly did. If only the effect of the recom-
mended JPEG XL compression on the utility were to be mea-
sured, then the results indicate FaceQnet-v1, CR-FIQA(S),
and MagFace as the primary candidates. To more specifically
select one of the six FIQA models for general use, we do how-
ever recommend to refer to more general FIQA performance
evaluations.

Future work could investigate the qualitative optimization
of compression settings, or evaluate the compression speed
and assess the potential for computational performance opti-
mizations. Future development work could furthermore at-
tempt to create specialized face image compression types.
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