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1. Introduction

Face recognition pipelines are under active development, with many new pub-
lications every year. The goal of this report is to give an overview a modern
pipeline and recommend a state-of-the-art approach while optimizing for ac-
curacy and performance on low-end hardware, such as a Jetson Nano.

2. Pipeline

Generally, most state-of-the-art face recognition pipelines distinguish be-
tween

m Face detection: Finding faces in images
m Face recognition: Mapping faces to a particular person

In order to be able to create a real-time system, the pipeline should be able to
process at least 3 frames every second. Thus, face detection and recognition
should take at most 300 ms.

3. State-of-the-art face detection models

In this report we analyze the three most popular current state-of-the-art face
detection models Retinaface [2], MTCNN [6], and Faceboxes [7].

In order to objectively compare their accuracy, we evaluated the networks on
the evaluation set of the WIDER Easy Face dataset [5]:

m Retinaface: 94.21%
® MTCNN: 91%
® Faceboxes: 86.3%

Next, we evaluated their speed on a 1080p image, executed on an Intel Core i5-
8265U CPU:

m Retinaface: 750 ms (1.3 FPS)
® MTCNN: 550 ms (1.8 FPS)
® Faceboxes: 35 ms (28 FPS)

4. Results face detection

The trade-off between speed and performance between the various networks
is clearly visible. The significant speed improvement of Faceboxes comes with
a caveat though: The network only works well on high-quality images, i.e. a
large face looking straight into the camera. Furthermore, both Retinaface and
MTCNN also calculate five landmarks of the face, which are needed for face
recognition.

For further research, there are many opportunities for tweaking certain ele-
ments in order to increase speed:


https://developer.nvidia.com/embedded/jetson-nano
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‘ ArcFace FaceNet
Laptop (Intel Core i5-8265U CPU) | 0.21s / face embedding 0.17 s / face embedding
Pi3 3.5 s/ face embedding  3.1s/face embedding
Pi4 2 s [ face embedding 1.5 s / face embedding

Table 1: Speed comparison of 2 state-of-the-art face-recognition algorithms.

®m Use a different (smaller) model. Face detection networks use backbone net-
works for extracting features from images. The size of the network (mainly
network depth) plays a significant role with respect to the inference time.
Therefore, one option to achieve faster inference time (at the expense of
accuracy) is to move to a smaller backbone model.

® Reduce the image size. Downscaling an image would result in faster in-
ference time. This is probably not useful in practice, as you simply waste
camera-quality.

® Run face detection only on parts of the whole images, e.g. only where some
changes happened or where a face has previously been detected.

m Use a simpler model to generate face-proposals. Crop the image to these
proposals and run the full model on these proposals only.

5. Face recognition

In order to be able to quickly compare a face to many (i.e. millions) other faces,
an embedding is extracted. Most papers which have been published in the last
years (e.g. ArcFace [1], SphereFace [3], CosFace [4]) use an embedding size of
512.

We compared the speed of two state-of-the-art face recognition algorithms —
ArcFace and Facenet. The results are shown in Table 1.

Using the GPU (either on the laptop or on an embedded device, such as a Jetson
Nano) would increase speed performance.
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