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Abstract. In the industrial area, the deployment of deep learning models 
in object detection and tracking are normally too large, also, it requires 
appropriate trade-offs between speed and accuracy. In this paper, we 
present a compressed object identification model called Tailored-YOLO 
(T-YOLO), and builds a lighter deep neural network construction based on 
the T-YOLO and DeepSort. The model greatly reduces the number of 
parameters by tailoring the two layers of Conv and BottleneckCSP. We 
verify the construction by realizing the package counting during the 
input-output warehouse process. The theoretical analysis and experimental 
results show that the mean average precision (mAP) is 99.50%, the 
recognition accuracy of the model is 95.88%, the counting accuracy is 
99.80%, and the recall is 99.15%. Compared with the YOLOv5 combined 
DeepSort model, the proposed optimization method ensures the accuracy 
of packages recognition and counting and reduces the model parameters by 
11MB. 

Keywords: Object tracking, Object detection YOLOv5, DeepSort, 
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1 Introduction 
With the development of computer vision, object recognition and tracking methods based 

on deep learning are becoming more and more popular. Among them, the YOLO (you only 
look once) has attracted much attention since it was proposed in 2016. The YOLO is a deep 
learning model in object detection with an outstanding performance in speed and precision. 
Combined with the tracking method—DeepSort, the construction is widely applied in 
industry, agriculture, and transportation area [1-4]. In order to obtain higher accuracy, the 
general trend of object recognition and tracking is to make more in-depth and complex 
networks [5-8]. However, advances in accuracy do not necessarily make the recognition more 
efficient in terms of scale and speed. In many industrial applications, such as automatic 
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transmission, object counting, and video surveillance, recognition tasks need to be performed 
in a timely manner on a computing constrained platform. 

This paper aims to study lighter deep learning construction of object recognition and 
tracking base on tailored YOLO (T-YOLO) and DeepSort methods. Also, it purposes a 
counting strategy to realizing the package counting in the input-output process of the 
warehouse. The experimental results show that the T-YOLO method can ensure recognition 
accuracy as well as greatly reduces the model parameters. In practical application, the model 
is more suitable for the deployment of the industrial terminal and it realizes the automatic 
counting task of the package in and out of a warehouse. 

2 YOLOv5 architecture 
The YOLOv5 framework mainly consists of three components, including backbone network, 
neck network, and detect network [9-11]. In the YOLOv5 model, it designs two Cross Stage 
Partial (CSP) structures, where CSP1 is used in the backbone network, and CSP2 is used in 
the neck network. On the backbone network, CSP net structure and focus structure are mainly 
used. In the CSP of the backbone network, CBL is composed of Convolution(Conv) layer, 
BatchNormalization(BN) layer, and Leaky ReLU. The key step of focus structure is slicing, 
which is shown in Figure 1. The slice operation changes the original 416 * 416 * 3 images 
into 208 * 208 * 12 feature images and then performs a Convolution operation with 32 
Convolution cores to turn it into 208 * 208 * 32 feature images. The main purpose is to 
minimize the loss of information. 

 
Fig. 1. Schematic diagram of images slice. 

In the neck network, Feature Pyramid Networks (FPN) structure and Path Aggregation 
Network(PAN) structure were used on Neck. FPN is top-down, which uses the way of 
upsampling to transfer, and fuse information to obtain the predicted feature maps. PAN 
structure is bottom-up, and the information is transferred and fused by downsampling. 

The detect network is mainly used for the final detection part of the model, which applies 
anchor boxes on the feature map output from the previous layer, and outputs a vector with the 
category probability of the target object, the object score, and the position of the bounding 
box surrounding the object [9]. 

3 T-YOLO combined DeepSort construction 

3.1 Structure of T-YOLO 

In this study, we cut two structures in the backbone, one is Conv, the other is BottleneckCSP. 
After cutting these two structures, the number of convolution cores generated in the 
backbone network is reduced, and the width of the network is also reduced accordingly. Due 
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to the cutting of the structure, the corresponding Concat structure in the neck network has 
also changed. Therefore, the size of the three prediction feature maps generated by T-YOLO 
is consistent with that generated by the original network structure, but the number of 
Convolution cores is reduced, which is in line with the warehouse package (such as unlabeled 
sugar packages) with simple features and middle target size. 

 
Fig. 2. Structure of T-YOLO. 

3.2 DIoU_NMS 

In the post-processing process of target detection, Distance Intersection over Union (DIoU) 
is applied in Non-Maximum Suppression (NMS) operation to select bounding boxes. The 
DIoU-NMS is defined as: 

si = �si, 𝐼𝐼𝐼𝐼𝐼𝐼 − RDIoU(M, Bi) < ε,
0, IoU − RDIoU(M, Bi) ≥ ε,                       (1) 

where M is the high confidence candidate box, and Bi is the coincidence of the traversed 
boxes and M. In addition, RDIoU is the distance between the center points of two boxes, 
which is expressed by the following formula: 

RDIoU = ρ2(b,bgt)
c2

,                              (2) 

where band bgtrepresent the center points of the anchor frame and target frame respectively, 
and ρ represents the Euclidean distance between the two center points, and c represents the 
diagonal distance of the smallest rectangle that can cover the anchor and the target box at the 
same time. 

3.3 DeepSort  

DeepSort uses (u, v, λ, h, x,, y,, r,, h,) to describe the state of the trajectory at a certain time. 
The u, v is the center coordinates of the bounding box, λ is the aspect ratio, and h is the 
height. The other variables are the respective velocities of the variables. Then a Kalman filter 
is used to predict the updated trajectory, which adopts a uniform velocity model and linear 
observation model to predict u, v, λ, h. Mahalanobis distance is used to describe motion 
matching degree between positions, which is defined in the following formula: 
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d(1)(i, j) = (dj − yi)TSi−1(dj − yi),                     (3) 

where dj is the position of the j-th detection frame, yi is the predicted position of the i-th 
tracker to the target, Si is the covariance matrix between the detection position and the 
average tracking position. If the Mahalanobis distance of an association is less than the 
specified threshold t, the association successfully sets the motion state. 

bi,j
(1) = 1[d(1)(i, j) ≤ t(1)],                         (4) 

3.4 Counting Strategy 

In this study, three-fourths of the length of the screen area which is placed in the middle is 
selected as the recognition center to ensure that the package can be identified in a stable 
scene. Then, the DeepSort algorithm cascades the packages whose feature matching degree 
is greater than 0.7 and counts the packages when 8 consecutive frames are matched 
successfully. 

4 Experimental and results 

4.1 Experimental data set 

First of all, the image data obtained by dividing the monitoring video into frames. In many 
pictures, there are no packages on the conveyor belt, which belong to the background pictures, 
there is no practical significance for this study, so this part of the picture will be removed. 
After that, the LabelImg tool is used to label the images. In manual operation, only the 
user-defined label needs to be marked in the image, and the tool can automatically generate 
the corresponding configuration file. Finally, after filtering out the unlabeled data, 1800 
images are generated as the data set of training. 

4.2 Experimental results 

The training loss curve of the T-YOLO model and YOLOv5 model is shown in Figure 3. It 
can be seen that the training loss curve of the T-YOLO model is consistent with that of the 
YOLOv5 model. In the first 50 periods of network training, the loss value of the two models 
has decreased rapidly, and basically, tends to be stable after 200 epochs of training. Therefore, 
the model output after 300 epochs of training was determined as the package target 
recognition model in this study. 

 
Fig. 3. Loss function value of two models. 
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In order to verify the performance of the T-YOLO model in warehouse package 
recognition, this experiment trains the data set for 300 iterations and tests the model. Figure 
4a shows the result of single package identification, and Figure 4b shows the result of 
overlapping package identification. It can be seen that the T-YOLO model can correctly 
identify packages in two different cases, and has certain robustness. 

 
(a)                                (b) 

Fig. 4. Package recognition. (a) single packet recognition (b) overlapped packets recognition. 

The comparison of experimental results between the YOLOv5 combined DeepSort 
construction and the T-YOLO combined DeepSort construction in the warehouse packages 
target detection are shown in Table 1. From the experimental results, it can be seen that the 
packet recognition accuracy of the YOLOv5 combined DeepSort construction is 96.23%, the 
mAP is 99.73%, the recall is 100%, and the counting accuracy is 99.23%. The packet 
recognition accuracy of the T-YOLO combined DeepSort construction is 95.88%, the mAP 
is 99.50%, the recall is 99.15%, and the counting accuracy is 99.80%. Although the 
recognition accuracy of the T-YOLO combined DeepSort construction is 0.35% lower than 
that of the YOLOv5 combined DeepSort construction, the parameter file is reduced by nearly 
11MB. Therefore, for the identification task of the warehouse packages, in the case of a large 
number of packages, the T-YOLO combined DeepSort construction takes into account the 
recognition accuracy and parameter optimization, and can better complete the task of 
package identification. 

Table 1. Experimental results of warehouse package on two construction. 

Construction 
Recognition 

accuracy/% 
Recall/% mAP/% Parameter/MB 

Counting 

accuracy/% 

YOLOv5 
combined 
DeepSort  

96.23 1 99.73 14.4 99.23 

T-YOLO 
combined 
DeepSort 

95.88 99.15 99.50 3.8 99.80 

5 Conclusion 
The T-YOLO combined DeepSort target recognition and tracking construction proposed in 
this paper can greatly reduce the parameters while maintaining the recognition accuracy. It is 
suitable for real-time object detection and tracking, such as package counting in the 
input-output warehouse process. 
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