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A study of Improving person re-id inference speed on limited computation resources
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Abstract

Person Re-Identification has been a widely studied topic in the computer vision field,
following the prosperity of the Convolutional Neural Network. Person RelD can be
extremely useful for public safety and surveillance cameras, as it increases the performance
of matching identities across different cameras.

Accuracy is important in the field of person RelD. However, in general usage, we don’t
have powerful computers installed on surveillance cameras, hence the importance of
calculation consumption must not be neglected. Although the accuracy for most of the
benchmarks have plateaued(most of them have accuracy over 95% rank-1), there are still
hundreds of new models being proposed every year, most of the state-of-the art Person RelD
models seem to have complicated architectures and training with multi-branch features in
order to squeeze out a little more accuracy and beat the benchmarks, the down-side of using
complex model design is making its inference performance terrible when implementing on
general surveillance camera systems[1]. In practical usages, over 90% rank-1 is already
reasonable.

In this project we are working with the CarePlus healthcare system, which aims to
monitor the health status of the elderly who are alone at home. The system mainly uses
embedded systems, with a camera. RelD is essential in the CarePlus system, we use RelD to
monitor in-door activities of the elderlies. However most Re-ID models are too heavy for the
hardware system, hence we seek to find a solution to improve the inference speed of the Re-
ID module of the Carplus healthcare system. We will try training a light-weight teacher
student model, also try more simple networks, and also try different sorting algorithms and
distance functions. We will combine these methods and compare the effectiveness of each
method. With various combinations of these methods we successfully reduced the inference
time on the careplus system as compared to the strong baseline model OSNet.

Keywords: Person-RelD, surveillance cameras, model architecture, accuracy, inference
performance, lightweight hardware systems, teacher-student model, sorting algorithms,
distance function.
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INTRODUCTION

The goal of Person Re-ID is as follows: Given a query person-of-interest, we want to
determine whether this person has appeared in another place at a distinct time captured by a
different camera. We store a person captured by another camera inside a gallery set, usually
our query person-of-interest encoded as a feature encoding via a deep model, we then
compare the feature encoding with our gallery set, usually with cosine distance, or Euclidean
distance. Finally, we construct a rank list, ranking the person inside the gallery set, from the
most similar to the least similar.

The field of Person Re-ID has evolved rapidly these years, along with the fast-paced
computer vision community, various high-quality person Re-ID based dataset was published



for researchers, famous datasets like Market-1501, DukeMTMC-relD, CHUKO3, most of
these have over 90% rank-1 benchmark performance with the state-of-the-art models. Since
2014 to now, although the accuracy for most benchmarks have plateaued, there are still
countless models being proposed each year, most of them use extremely complex design and
unique training tricks, making it hard to gain the intuition and validate the correctness
mathematically of the model. On the other hand, it is hard to validate the results of the paper
if the author decides not to make their codes open-sourced. Not only the correctness, these
complex designs make it nearly impossible for practical usage, for example, a small
embedded machine with limited computation resources and a light-weight camera.

In this project, we are collaborating with the Careplus health-care project, which aims to
monitor the health status and the activity of an elderly at home. Person Re-ID is extremely
important in this project, it monitors the activity of the elderly, we can get a descriptive sense
of the elderly’s habit, activity area, and further increase the safety equipment of that area. The
monitor system runs on a NVIDIA Jetson Nano module, with a fish-eye camera.

In order to increase the inference speed, We first tried a lightweight model trained by the
teacher-student method plus ambiguous distribution tears, but performance wasn't too good.
we then use the suggestion given by [1], by using a clean fresh model with several simple
tweaks, we improve the inference speed massively compared to the previous SOTA model
OSNet used in the Careplus project without losing too much accuracy. To improve even
more, we include the method suggested by [2] and combine the open-source Re-ID SOTA
models framework maintained by [3], we encode feature into binary codes to further improve
the re-ranking process, traditionally cosine and Euclidean distance is used, we now uses
hamming distance and counting sort to further improve the rank list sorting process. We
successfully reached 93% of rank-1 accuracy and immensely improved the inference process.
In order to reduce the computation complexity, we have tried to change model architecture,
use different training methods and different loss functions. By changing the model
architecture, We didn’t achieve a good performance model with light weight computation.
We tried the data distillation method to learn the data distribution of the big model. We use 2
stacked OSBlocks (original OSNet stack 6 OSBlocks) as student models. We learn the
feature distribution with temperature t = 1.8, it will reduce 79% computation of the teacher
model. It achieved 48.6% mAP and 71.1% rank-1 accuracy compared with the original
OSNet 77.4% mAP and 91.6% rank-1. Then we think that maybe the model is learning an
ambiguous data distribution, we just need to tear that ambiguous distribution part in order not
to drop accuracy. We use triplet loss to tear the ambiguous data distribution which gives us
62.2% (+13.6%) mAP and 81.7% (+10.6%) rank-1.
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Conclusion

In this project, we seek to look for a solution to boost the performance when implementing
ReID models on hardware systems. Although there are lots of new SOTA models being
proposed each year, the design of the models are complex. We purpose that if we want to
achieve fast inference speed, the symmetry and the simplicity of the model is the key to really
improve the performance on hardware systems, this generally makes optimizing and
parallelization better, we have shown this proposal using the baseline OSNet and ResNet-50
based models.

Although the teacher-student model on OSNet didn’t perform well at accuracy, we suppose
that it is because we took out too much of the original network, we must not neglect the
performance increase during feature extraction. For further work, we may try to make a
ResNet-34 model and use ResNet-50 as our base model to train a teacher-student model. If
we can prevent the accuracy from dropping much, it might greatly improve the inference
speed. It is important that our student model must also have a symmetric, layer repeated
design for better hardware computation.

As for RelD specific, the ranking procedure can also take up a lot of time. We propose that
in RelD lightweight hardware systems we should learn binary encoded features, as that
greatly improves the ranking process. On 117 dataset and current Careplus RelD module
design, there are not many ranking calls, however for practical usages, binary encoded
features can greatly reduce the computation requirement on small, lightweight computers. For
using these design principles, we reduce the total RelD module inference time on the
Careplus system for 36.5% as compared to the baseline OSNet model.
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