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Abstract: In recent years, with the widespread application of RFID technology in
production and daily life, the demand for tag reading systems has been increasing. When
faced with a large number of tags, RFID systems often experience severe collisions within
the same reading frame due to tag responses, leading to low reading efficiency. The key to
solving this problem lies in the speed and accuracy of the tag number estimation algorithm.
Based on the analysis of traditional algorithms, this paper proposes a new tag number
estimation algorithm. This algorithm generates tag datasets with specific word lengths
based on the principle of the dynamic framed slotted ALOHA (DFSA) algorithm and
establishes a model using a Transformer neural network to predict the number of tags. The
network establishes a mapping relationship between the reader and the remaining number
of tags to estimate the tag count. Compared with traditional algorithms, the innovation of
this paper lies in the introduction of the self-attention mechanism, which significantly
improves the accuracy of tag number prediction while reducing the time consumption of
the reading system. Simulation results show that the proposed algorithm improves system
efficiency while maintaining accuracy, offering a new solution for large-scale RFID
applications.

1. Introduction

Radio Frequency Identification (RFID) is a non-contact automatic identification technology that
automatically identifies targets and retrieves related data through radio frequency signals[1].
Compared to traditional identification technologies such as barcodes and magnetic strips, RFID offers
several significant advantages, including short response time, large data storage capacity, high
accuracy, and good real-time performance. Due to these advantages, RFID technology has been
widely applied in various fields such as healthcare services[2-3], warehouse management[4-5],
transportation[6], and security control[7-8]. An RFID system typically consists of three main
components: electronic tags, readers, and application systems. When an RFID system operates, the
reader communicates with the electronic tags via radio waves to read or write data in the tags.
However, when a single reader attempts to read multiple tags simultaneously, the signals received by
the reader may interfere with each other, leading to the tag reading collision problem. This collision
can prevent the reader from correctly identifying and reading the information in the tags, thereby
affecting the overall performance and reliability of the system. Therefore, achieving effective and



reliable identification of tags and resolving the tag collision problem have become key points in RFID
technology research[9].

Currently, the main algorithms for solving the tag collision problem in RFID systems can be
categorized into ALOHA anti-collision algorithms and binary tree anti-collision algorithms. Due to
the higher complexity of binary tree anti-collision algorithms, they are seldom used in practical
systems. In contrast, the ALOHA algorithm, known for its simplicity and ease of implementation,
has become one of the most widely used anti-collision algorithms. Among the ALOHA algorithms,
the most commonly applied is the Dynamic Framed Slotted ALOHA (DFSA) algorithm. The key to
the DFSA algorithm lies in estimating the number of remaining tags based on the feedback from the
previous frame, thereby determining the frame length for the next frame. Literature proposes an anti-
collision algorithm based on equal-area division, which can effectively improve system throughput
in large-scale tag application scenarios [10]. Literature introduces a scheme that uses dynamic
predictive weights to estimate the number of tags, ensuring that the number of tags is approximately
equal to the data frame length, thereby maintaining an average collision ratio of only 1.1% [11].
Additionally, Literature combines the DFSA algorithm with LSTM and BP neural networks to predict
the number of tags in the next frame, thereby effectively improving the recognition accuracy of RFID
systems and reducing slot waste [12-13].

In RFID systems, predicting the number of tags is key to addressing the tag collision problem.
Traditionally, LSTM and BP neural networks have been widely used. LSTM (Long Short-Term
Memory) neural networks can effectively handle time-series data, making them suitable for scenarios
that require consideration of historical information; however, they are computationally complex, have
long training times, and are less efficient in large-scale data processing [14-15]. BP (Back
Propagation) neural networks are simple in structure and easy to implement, but they perform poorly
in handling long-term dependencies and complex data, tend to fall into local optima, and are not ideal
for large-scale data processing [16-17]. In contrast, the Transformer model, which employs the Self-
Attention Mechanism, can capture global information without relying on sequence order, making it
more efficient and accurate in handling long-term dependencies and large-scale data [18]. Moreover,
the Transformer model has strong parallel computing capabilities, faster training speed, and meets
the needs of large-scale data processing [19-20].

The main contribution of this paper lies in the proposal of a novel tag number estimation method
that combines the DFSA algorithm with the Transformer model. Compared to traditional LSTM and
BP neural networks, the Transformer model offers stronger parallel computing capabilities and better
handling of long-term dependencies. By introducing the self-attention mechanism, the proposed
algorithm not only enhances the accuracy of tag number prediction but also significantly reduces slot
consumption in the system, thereby improving the overall efficiency of the RFID system.

2. DFSA Algorithm
2.1 Algorithm Principle

The pure ALOHA algorithm is one of the most basic multiple access control methods. Within the
coverage area of the reader, each tag randomly selects a moment within a fixed time period to transmit
data frames. If multiple tags transmit data frames at the same time, a collision occurs, causing the
data from these tags to be unreadable. As the number of tags in the system increases, collisions
become more frequent, ultimately leading to a significant decrease in the system's reading efficiency.
To address this issue, the Dynamic Framed Slotted ALOHA (DFSA) algorithm was developed[21].
This algorithm divides the communication channel into several time slots of equal length, as shown
in Figure 1.
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Figure 1: Schematic diagram of dynamic frame time slot algorithm

In this algorithm, tags can only transmit data within the predetermined time slots of the system.
As observed in Figure 1, three scenarios can occur within each time slot: a single tag successfully
transmits data, no tags transmit data, or multiple tags transmit data simultaneously, resulting in a
collision. By counting the number of successful transmissions, idle slots, and collision slots during
the previous round of reading, the number of remaining unread tags can be estimated. Based on this
estimate, the number of time slots can be dynamically adjusted to prevent severe collisions caused by
an excessive number of tags, thereby improving the system's throughput.

2.2 Mathematical Analysis

In the improved Dynamic Framed Slotted ALOHA algorithm, the key to system performance lies
in accurately estimating the recognition status within the current frame to dynamically adjust the

M k

parameters for the next frame. Assume the frame length is * , and there are ™ tags within the

reader's coverage area awaiting recognition. The number of tags * responding within a single time
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slot follows a binomial distribution, i.e., . The probability P, that exactly T tags

respond simultaneously is given by:
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Within the current frame, there are three possible outcomes for each time slot: no tags respond
(Pidle), exactly one tag responds successfully (PS“CC), or multiple tags respond, causing a collision

(P cl). These probabilities can be expressed as:
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Using the above equations, we can calculate the expected number of idle slots (yi‘“e), successful

k M

recognitions (ys““), and collision slots (y“‘“) for different numbers of tags ™ and frame lengths ~ :

Yidle — kX P idle

(®)
Ysuce = kX Pouco ©)
Yoot = k X Pooy @)
Clearly, the estimated number of remaining unrecognized tags Kestimate iS:
Kestimate = K — Ysuce ®)

2.3 Vogt Estimation Algorithm

In tag number estimation, the Vogt estimation algorithm [22] is a method based on comparing
actual observed data with theoretical expectations. It estimates the number of remaining unrecognized

tags by analyzing the number of idle slots ¥ successful slots ¥su= and collision slots ¥=!
recorded by the reader during a cycle, and calculating the difference between these values and their

corresponding theoretical values e, Sswee and Seoll gpecifically, the Vogt estimation algorithm

first constructs an error vector ©:

Yidle — Sidle
6 == yS'LlCC - SSUCC
Yeoll — Scoll (9)

Then, the algorithm iteratively adjusts the estimated tag number k

[Ssucc + 630011, o (Ssucc + Scoll)]

within a range defined by
, where ¢ and 6 are preset constants, to find the value of k that
minimizes each component of the error vector €. This adjustment is used to fine-tune the calculation's

precision and efficiency. The final determined tag number Kestimate is taken as the algorithm's
estimate of the number of unrecognized tags. While this algorithm offers high estimation accuracy,
its computational complexity is relatively high, which may impact the system's real-time performance,
especially in scenarios with a very large number of tags.

3. DFSA Algorithm

The Transformer model is a deep learning architecture based on the self-attention mechanism,
composed of an encoder and a decoder, with each part consisting of multiple layers. The core idea is
to capture the relationships between different positions in the input sequence using the self-attention
mechanism and to enhance the model's ability to focus on different parts of the information using the
multi-head attention mechanism.

The calculation for dot-product attention is as follows:
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T
Attention( @, K,V) = softmax ( QK )V

Vd,

(10)

where @ is the query matrix, K is the key matrix, 4 is the value matrix, and dy is the
dimension of the keys. Dot-product attention works by dividing the dot product of the query and key
by the square root of the key dimension, then applying the softmax function to obtain weights, which
are subsequently multiplied by the value matrix to produce the final output.

The multi-head attention mechanism splits the input into multiple heads, each head independently
calculates attention, and then the results are concatenated together and passed through a linear
transformation:

MultiHead( @, K,V) = Concat(head,,...,head, ) W° 1)

The computation for each head is given by:
head; = Attention( QW 2, KW X, VW) 12

This allows the model to focus on different subspaces and capture more features and information.
These mechanisms enable the Transformer to efficiently handle long sequence tasks, offering
significant advantages in both computational efficiency and performance.
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Figure 2: Transformer - model architecture

As shown in Figure 2, this model architecture combines a Multi-Layer Perceptron (MLP) and
Transformer encoder blocks to process input data with 4 features. First, the input layer receives the
4-dimensional features of each sample, and the MLP processes these features, mapping the input from
4 dimensions to 16 dimensions. Then, these features are further processed by the Transformer encoder
block, capturing the contextual relationships between features, with the output dimensions being
[batch, 4, 64]. Next, these features are combined through a feature concatenation layer (cat), forming
a new input format. In the fully connected layer (fc), the features are linearly transformed to [batch,
256], and finally, a prediction is generated through the output layer.

The specific steps of the proposed algorithm are as follows:
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(1) Using equations (5) to (8), calculate the expected number of idle slots Yudie syccessful slots

Ysuee collision slots Y= and the estimated number of remaining tags Kestimate for different numbers

k M kelo, ..., 5M]

oftags ™ to be read and different frame lengths (assuming ). These values form

the da.taset Tk == { (k7 yidle) ysucc7 ycoll) | kestimate} ,

(2) Input the datasets T corresponding to each frame length M into the network for training.

Once the network metrics converge, the corresponding network model G for each frame length

M is obtained;

(3) Input the actual number of detected tags, idle slots, successful slots, and collision slots
(K, Yiaier Yoces Yoon) from the current reading cycle of the reader into the corresponding network model

G to obtain the estimated number of remaining tags kestimate. The reader then adjusts the frame
length for the next reading cycle according to Table 1;

Table 1: Relationship between frame size and label number of dynamic frame time slot algorithm

Frame length 4 8 16 32 64 128 256
Number of tags | 1~4 5~10 11~22 23~44 45~88 89~177 Above 177

4. Transformer-Optimized DFSA Algorithm

Using the formula, calculate the number of tags read under different frame lengths M and
generate the corresponding dataset T’“. Use the generated datasets to train the network models G
for different frame lengths. During the actual reading process, use the trained model G to predict

the number of remaining tags Kestimate and adjust the frame length to optimize reading efficiency.
This algorithm significantly improves recognition speed and substantially reduces the number of
training epochs.

4.1 Model Training

During the training process, the learning rate is set to 0.01, with a maximum of 800 iterations. The
neuron activation function used is the Rectified Linear Unit (ReLU). The specific settings are shown
in Table 2.

Table 2: Neural Network Training Parameters Table

Parameter Name Value
Maximum Epochs 800
Initial Learning Rate 0.01
Batch Size 128
Optimizer adam
Loss Function mse

Finally, as shown in Figure 3, the training results indicate that the model's training loss and test
loss rapidly decrease and approach zero in the early stages, demonstrating that the model converges
quickly and has good generalization ability. The loss curves are smooth and show no significant
differences, indicating that the model performs consistently on both the training and test sets, with no
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signs of overfitting or underfitting. Overall, the chosen neural network architecture and optimization
parameters are appropriate, enabling the model to efficiently reach optimal performance within a
limited number of epochs.
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Figure 3: Transformer - model architecture
4.2 Algorithm Performance Analysis

There are two common metrics for measuring tag reading efficiency: system throughput and the
number of consumed slots. This paper uses the total number of slots consumed during a single reading
process as the measurement metric; the fewer slots consumed, the more accurate the estimation of the
remaining tags. Figure 4 compares the number of slots consumed by the Vogt algorithm and the
proposed algorithm when recognizing the same number of tags.
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Figure 4: Comparison of the number of consumed slots

As shown in Figure 4, the number of slots consumed by the Transformer algorithm proposed in
this paper is lower than that of the traditional VVogt algorithm.

5. Conclusions

This paper proposes an RFID tag recognition optimization method that combines the Transformer
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and DFSA algorithms. By introducing the Transformer’s self-attention mechanism, the method not
only improves the accuracy of tag number prediction but also optimizes the frame length adjustment
strategy. Experimental results show that the algorithm significantly enhances tag recognition
efficiency and system performance compared to traditional methods, especially in large-scale tag
application scenarios. Future research could further improve the algorithm’s adaptability and real-
time performance, explore hardware acceleration solutions, and integrate RFID with multimodal
technologies to enhance computational efficiency and expand application scenarios, while also
strengthening privacy and security protections.
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