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ABSTRACT 
 
Object detection is a common task in computer vision. In 
recent years, state-of-the-art Convolutional Neural 
Network (CNN) deep learning methods can provide high 
accuracy and FPS (Frame Per Second). Before, edge 
devices are not powerful enough to train and run deep 
learning models. Therefore, deep learning models are 
usually run at the cloud: training the deep learning 
models in a huge data center with powerful computers. 
Nowadays, with the rise of powerful accelerators such as 
Graphic Processing Units (GPUs), Tensor Processing 
Units (TPUs), multi-core processors, models can be 
deployed on embedded devices with accelerators.  
Because of embedded device hardware limits, models 
must be light-weight to achieve low latency time and low 
memory space. In our implementation, we use network 
pruning to make our model light-weight. For further 
improvement, models need to correspond to certain 
format according to the design of accelerators. In this 
paper, we will show how to get performance acceleration 
on embedded device. 
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1. INTRODUCTION 
 
Object detection locate bounding boxes of some certain 
classes on digital images, such as vehicles, animals, etc. 
Forming the basis of other computer vision tasks. In the 
past several years, object detection methods can be 
approximately divided into two periods, traditional 
object detection period and deep learning object detection 
period. Before, Viola Jones detector improve detection 
dramatically and become one of a classical traditional 
object detection model. Nowadays, many deep learning-
based methods are proposed. From two stages detector to 
single stage detector. In conclusion, deep learning is a 
crucial push point enhancing object detection 
performance. 

Over the past several years, an important shift has 
occurred from cloud-level to device-level processing of 
artificial intelligence tasks, data and results. Embedded 
AI is the direct result of this important shift. Traditionally, 
complex AI computations, such as producing search 
engine results, were performed at a data center in the 
cloud. With the implementation of AI models on 
Graphics Processing Units (GPUs) and Systems on Chips 
(SoCs), there is less of a dependence on the cloud for AI 
data processing. Furthermore, with the improvement of 
accelerators, most calculations are executed on 
embedded devices. In our application, many embedded 
devices may be spread over a large region. Therefore, 
cost should be low. Furthermore, devices may be located 
in one place with no power supply for a long time. Power 
consumption is another factor determining how we 
design our model.   

In this paper, we use YOLOV4-tiny as our CNN 
object detection model. YOLOV4-tiny is the light-weight 
version of YOLOV4. Number of parameters are much 
less than YOLOV4. YOLOV4-tiny is capable of 
multitask, end to end, and multi-scale abilities.  At the 
same time, it can be work in real-time. Hence, we choose 
YOLOV4-tiny as our original model. YOLOV4-tiny is 
composed of several CSP blocks, and CSP blocks consist 
many 3 3 convolutional operations. However, the 
number of our embedded device
multiple of sixteen. In model acceleration, we replace 
3x3 convolutional kernels with 4 4 convolutional 
kernels. With this improvement, we decrease our model 
inference time, and reduce power consumption. After we 
change YOLOV4-tiny structure from 3 3 convolutional 
operations to 4 4 convolutional operations.  We 
considered that there may be some useless information 
exist in our model. Next, we have to truncate information 
in order to reach our goals of low power and memory 
consumption. Model compression is a necessary work to 
do. Compression is an important part in our application. 
There are many model compression types, like model 
pruning, knowledge distillation, and parameter 
quantization. Model pruning removes unimportant 
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(b)  0.1, input size = 416 416 3 

benchmark 1 

 
(c)  0.125, input size = 320 224 3 

benchmark 1 

 
(d)  0.125, input size = 416 416 3 

benchmark 1 
Fig. 10. Benchmark 1 comparison.  In benchmark 1 
above, we can observe performance with  = 0.125 is 
slightly worse than that with  = 0.1. The tradeoff 
between the drop of performance and acceleration can be 
accepted. 

 
3.4. Pre-Trained Importance 

 
Training with pre-trained weights has two major 
advantages, making training faster and performance 
better. With pre-trained weights, tasks of model have 
been completed roughly, and we can only finetune pre-
trained weights to achieve higher performance on our 
own dataset. Pre-trained weights are usually trained with 
large dataset with labeled data. Hence, it is helpful for 
model to escape from local optimal. We can observe 
difference of YOLOV4-tiny training in Fig. 11. 
   

 
(a) YOLOV4-tiny training without pre-training. 

 

 
(b) YOLOV4-tiny training with pre-training. 

Fig. 11. YOLOV4-tiny training. In (a), loss drop slowly and 
the oscillation of loss is occurred as training progressing. In 
contrast, loss of (b) is converged in few steps and seems 
more stable than loss of (a). Overall, Training with pre-
training is better. 

3.5. Pruning results 
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 Dog 86 
 Car 98 

128 Bicycle 61 
 Dog 88 
 Car 99 

256 Bicycle 61 
 Dog 88 
 Car 99 

512 Bicycle 61 
 Dog 89 
 Car 99 

1024 Bicycle 61 
 Dog 89 
 Car 99 

 

 
Fig. 14. 16 bits (m = 1024)  

benchmark 1 
Table 6. unsigned mixed 8 bits scores 

benchmark 1 
m class score 
16 Bicycle 78 

 Dog 97 
 Car 100 

32 Bicycle 27 
 Dog 93 
 Car 26 

 

 
Fig. 15. unsigned mixed 8 bits (m = 16)  

benchmark 1 

Table 7. 8 bits scores 
 benchmark 2 

m class score 
8 Person 43 
 Dog - 
 Horse - 

16 Person 72 
 Dog 36 
 Horse  

32 Person 80 
 Dog 38 
 Horse 63 

 

 
Fig. 16. 8 bits (m = 16) 

 benchmark 2 
Table 8. 16 bits scores 

 benchmark 2 
m class score 
8 Person 43 
 Dog - 
 Horse - 

16 Person 82 
 Dog 38 
 Horse - 

32 Person 90 
 Dog 63 
 Horse - 

64 Person 93 
 Dog 72 
 Horse - 

128 Person 94 
 Dog 76 
 Horse - 

256 Person 94 
 Dog 78 
 Horse - 

512 Person 95 
 Dog 79 
 Horse - 

1024 Person 95 
 Dog 79 
 Horse - 
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Fig. 17. 16 bits (m = 1024) 

 benchmark 2 
Table 9. unsigned mixed 8 bits scores 

benchmark 2 
m class score 
16 Person 98 

 Dog 92 
 Horse - 

32 Person 65 
 Dog 89 
 Horse 72 

 

 
Fig. 18. unsigned mixed 8 bits (m = 16)  

benchmark 2 
 
 

4. CONCLUSIONS 
 

Nowadays, numbers of embedded applications rise 
dramatically. Artificial intelligence is a majority of these 
application. Low power consumption and low hardware 
cost are key points to develop embedded AI system. The 
tradeoff between performance and hardware cost must be 
measured according to various situations. Now, we 
already have a moderate performance model. How to 
improve it is a challenge to be overcome in the future. 
When we get incoming data with working device, we can 
use these extra data improving our model. Moreover, we 
can implement IoT (Internet of Things) technique to help 
us communicate with devices in real time.  
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