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ABSTRACT

License plate recognition (LPR) is one of the essential com-
ponents in intelligent transportation systems. Although the
image processing algorithms for LPR have been extensively
studied in the past several years, the recognition performance
is still not satisfactory especially in unconstrained complex
scenes. In order to tackle this issue, a novel deep multi-task
learning-based method is proposed in this paper by introduc-
ing contextual information in multiple license plate frames.
Specifically, an end-to-end trainable multi-task architecture,
namely IQ-STAN, is developed by joint license plate recog-
nition and image quality scoring. Moreover, we propose an
image quality-guided spatio-temporal attention mechanism,
which is utilized in the frame-level feature representation dur-
ing the phase of plate recognition. Extensive experiments are
conducted and the competitive results demonstrate the effec-
tiveness of our proposed framework.

Index Terms— Spatio-Temporal Attention, License Plate
Recognition,Image Quality, Multi-Task, Multi-Frame

1. INTRODUCTION

License plate recognition (LPR) plays an important role in in-
telligent transportation systems. The technology LPR has at-
tracted considerable attention from the related academic com-
munity due to its wide range applications such as parking lot
access control and road traffic law enforcement [1, 2, 3, 4, 5].

The main task of the LPR system is to read each character
automatically in license plate images captured by surveillance
cameras [6]. Over the past decades, the technology LPR has
been studied widely. As mentioned in [1], a traditional LPR
system mainly contains three stages: firstly localize license
plates in the full image based on hand-crafted features [7];
secondly segment the detected plate into individual character
blocks; finally recognize the segmented characters one by one
with a pre-designed classifier such as support vector machine
(SVM) and artificial neural networks (ANN) [8]. Thanks to
the rapid development of deep learning, many object detectors
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Fig. 1. There are five frames involved with the same license
plate but captured at different times. Two transpose convo-
lutional layers (often named ”Deconv”) are exploited in the
process of generating temporal attention feature maps F̃ (n).

like Faster R-CNN [9] and YOLO [10] have been demon-
strated to meet requirements for the LPR systems [11, 12].
However, LPR especially in complex environments is still a
difficult problem waiting to be solved. Moreover, plate seg-
mentation is also a challenging task [13]. Recently some
segmentation-free methods have been proposed and achieved
better performance [2, 13], which attracts considerable inter-
ests. In [2], Li et al. regard the task LPR as a sequence label-
ing problem and adopt recurrent neural networks (RNNs) fol-
lowed by connectionist temporal classification (CTC) to rec-
ognize the plate sequences without segmentation.

These previous LPR works have made improvements in
various scenarios. However, there are some important issues
to be addressed. (1) Most algorithms are proposed for the
LPR task in strictly limited conditions. With the auxiliary
equipment, character recognition from well-aligned plate im-
ages has achieved high accuracy. Nevertheless, in real-life ap-
plications, the captured images usually suffer from distortion
such as motion blur, causing some algorithms not working.
(2) Many existing methods exploit the super-resolution tech-
nology to recover the high-resolution plate images [6, 14, 15,
16], which may improve the performance of LPR systems.
However, such a super-resolution operation will increase the
computational complexity and then impact the real-time capa-
bilities in LPR systems. Furthermore, the acquisition of train-
ing sets for super-resolution is also laborious and extremely
time-consuming. Intuitively, the quality of plates directly af-
fects recognition results which can be considered as prior in-
formation. It is not difficult to obtain the image quality in ad-



vance yet such prior information may be usually ignored. (3)
Most existing LPR algorithms focus on single-frame recogni-
tion without contextual information involved in consecutive
frames. However, plate frames captured at different times
may contain valuable and complementary information. As
shown in Fig. 1, quality scores vary with different frames.
More importantly, their features are complementary but cor-
relative, which affects the prediction of the final results in a
different way. Thus multi-frame LPR algorithms can improve
recognition accuracy, especially in complex environments.

To remedy these problems above, in this paper, we pro-
pose the image quality (IQ) guided spatio-temporal attention
network for LPR, namely IQ-STAN. In order to tackle the
multi-frame information more efficiently, we insert a novel
IQ-guided temporal attention component based on the sharing
features. Moreover, image quality scoring and plate recogni-
tion are integrated into a unified framework innovatively. The
main contributions of this work are summarized as follows:

• A unified and compact multi-task architecture named
IQ-STAN is proposed by joint image quality scoring
and license plate recognition. Both tasks are based on
supervised learning and IQ-STAN can be trained in an
end-to-end manner via deep multi-task learning.

• The IQ-guided spatio-temporal attention mechanism is
introduced to explore valuable contextual information
from multi-frame license plate images. The proposed
spatio-temporal attention mechanism improves the sys-
tem performance and robustness especially in uncon-
strained and complicated scenarios.

2. IQ-GUIDED SPATIO-TEMPORAL ATTENTION
NETWORK

In general, a complete and serviceable LPR system consists of
two or three components: license plate detection (required),
tracking (optional) and recognition (required) [1]. As men-
tioned above, some pre-trained deep learning-based detectors
like Faster R-CNN [9] can favorably localize the plates from
images or videos captured by traffic surveillance cameras.
For video sequences, template matching and MSER (maxi-
mally stable extremal region) have been demonstrated to work
well on license plate tracking [17, 18]. Therefore, this paper
mainly focuses on the final step, i.e., license plate recognition.

Inspired by [2], we consider the detected plates as text
sequences, and then an attention-based segmentation-free
method is adopted to read them. Different from other ap-
proaches [2, 13], the proposed IQ-STAN handles the contex-
tual information in multiple frames instead of the individual
images. As presented in Fig. 2, it is composed of two com-
ponents, the shared convolutional neural network (CNN) and
IQ-guided spatio-temporal attention modules, which will be
introduced respectively in the following sections.

2.1. Shared CNN for Deep Multi-task Learning

As depicted in Fig. 2, the proposed multi-task architecture
IQ-STAN involves two tasks, image quality scoring and li-
cense plate recognition. The former task aims to estimate the
objective quality of input images and further generate tempo-
ral attention maps. The latter focuses on reading characters
from the cropped license plates with the prior information of
quality scores, which are assigned by scoring networks. For
better performance, license plate recognition usually operates
on discriminative features of the input images, as is image
quality scoring. Consequently, we develop the CNN mod-
ule for both tasks simultaneously, in which the parameters are
shared via deep multi-task learning. Time consumption and
computational resources are greatly reduced in this way.

The input images are fixed to the size of 840×50 and pre-
sented to the CNN in RGB color space, which can be denoted
as I ∈ R840×50×3. As summarized in Fig. 2, the CNN ar-
chitecture used in this paper is relatively shallow for the sake
of fast training and inference. It consists of six fully convo-
lutional layers interleaved by three max pooling layers which
are utilized to reduce the size of feature maps to 210× 7. The
extracted features are denoted as F (n) = CNN(In), where
In represents the n-th input image. Batch normalization and
dropout are employed as a means of regularization.

2.2. IQ-guided Spatio-temporal Attention

In order to recognize the license plate and evaluate its image
quality simultaneously, we design two parallel branches fol-
lowing the shared CNN for these two subtasks, as illustrated
in Fig. 2. More importantly, the IQ scores attained from
multi-frame discriminative features are further collected to
generate temporal attention maps. As a guide, the attention
map works on the encoder in the recognition module using
element-wise operations. Inspired by recent text recognition
methods [19], our LPR algorithm relies on the attention-
based encoder-decoder model where the attention mechanism
is related to the visual spatial position of the characters.
Therefore, the novel spatio-temporal attention mechanism is
developed by joint IQ-guided temporal attention and spatial
attention-based decoder in the deep multi-task framework.

As shown in Fig. 2, the image quality scoring module
consists of two different pooling layers followed by two fully
connected layers. In practice, with the deep feature maps
F (n), we divide it into 35 patches (an input image contains
5 frames and 7 characters per-frame) in the vertical direction
and evaluate their quality scores separately. Thus F (n) =

(F
(n)
1 , F

(n)
2 , · · · , F (n)

M ) where F (n)
m represents the m-th fea-

ture patch and M = 35 in our dataset. Formally denote the
predicted quality scores as ŝ(n) = {ŝ(n)1 , ŝ

(n)
2 , · · · , ŝ(n)M }, and

the temporal attention maps can be further computed by:

F̃ (n) = A(n) � F (n) = Attention(F (n), ŝ(n)), (1)
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Fig. 2. Overview of the proposed multi-task architecture IQ-STAN which acts on 5 different frames of the same license plate.
Each input image is extended to the resolution of 840× 50 from 750× 50 by providing redundancy between multiple frames.

where A(n) represents the generated attention map and �
means element-wise multiplication. The process of temporal
attention maps generation is illustrated in Fig. 1. It attempts
to exploit temporal contextual information in multi-frame im-
ages on the feature level by principled learning.

For plate recognition, bidirectional long short-term mem-
ories (LSTMs) are exploited in the encoder-decoder model to
deal with both future and past contextual information. With
the initial state h0, the encoder hidden state at time t is up-
dated via:

h
(1)
t = LSTM(h

(1)
t+1, F̃

(n)
t ; θ),

h
(2)
t = LSTM(h

(2)
t−1, F̃

(n)
t ; θ),

(2)

where the two equations are related to the backward cell and
the forward one, respectively. In the decoder, another LSTM
is employed to predict the target sequence ŷ = (ŷ1, · · · , ŷT )
based on visual attention mechanism. Formally denote
(f̃

(n)
1 , · · · , f̃ (n)T ) as sequential feature vectors generated from

F̃ (n), then the decoding phase can be formulated as:

ŷ = Decoder(h′t, Vt), Vt =

T∑
j=1

αt,j f̃
(n)
j , (3)

where h′t is the hidden state of the LSTM decoder at step
t, while αt ∈ RT is a vector of spatial attention weights as
defined and computed in [19]. Finally, the spatial attention-
based decoder predicts the recognition results of the multi-
frame license plate sequences.

2.3. Loss Functions for Multi-task Training

Most of the previous attention models are inserted as interme-
diate modules into the whole frameworks, where the attention
modules may not be directly supervised and trained. How-
ever, unlike them, the proposed attention model is explicitly

trained in a straightforward manner. Assume the plate images
in the training set as I =

⋃N
n=1 In. Given an input image

I ∈ I, its labels can be denoted as {y, s̃}, where y represents
the recognition label while s̃ = {s1, s2, · · · , sL} (L = 5 in
our dataset). si is the ground truth quality score of the i-th
license plate frame in I . Considering both plate recognition
and image quality scoring, the total loss for deep multi-task
training can be formulated as:

L = µLR + (1− µ)LS + λR, (4)

where µ is a tunable parameter to weigh the importance be-
tween the recognition loss LR and the quality scoring loss LS

which is set to 0.5. In addition,R represents `2 regularization
to alleviate overfitting and its weight λ = 0.5 in our experi-
ments. Given the feature map F̃ , the recognition loss can be
computed as mentioned in [19]:

LR = −
∑
t

lnP (y | F̃ ). (5)

We exploit `1 norm defined in [20] as the loss function of
image quality scoring, given by:

LS =

L∑
i=1

‖si − ŝi‖1 =

L∑
i=1

∣∣si − 1

M/L

M/L∑
j=1

ŝi,j
∣∣. (6)

In addition, the Adam optimizer is utilized to minimize
the total loss L in practice.

3. EXPERIMENTS

In this section, we perform extensive experiments to demon-
strate the capabilities of the proposed framework IQ-STAN
and utilize different protocols to measure its performance.
Moreover, the effectiveness of the presented IQ-guided
spatio-temporal attention is confirmed by the ablation study.
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Fig. 3. The distribution of image quality scores, which are
generated using the trained NR-IQA model in [20] and then
normalized to the range of [0, 1].

3.1. Datasets and Experimental Settings

Since there exists no available dataset for multi-frame license
plate recognition with image quality scores, we build a new
dataset and perform experiments on the self-built real-world
LPR dataset named OPT-MFLPR. It is constituted of 18,780
Chinese vehicle license plate images with the resolution of
750 × 50 pixels, which are all acquired by the same camera
equipment. Unlike other LPR datasets, each image in OPT-
MFLPR contains 5 frames of the same license plate captured
and detected at different times, as exhibited in Fig. 1.

However, training the multi-task architecture IQ-STAN
requires not only recognition labels but also the ground truth
of image quality scores, yet the latter’s acquisition is ex-
tremely costly and labor-intensive. In fact, the quality scoring
branch in IQ-STAN is similar to no-reference image quality
assessment (NR-IQA) task [20], which aims to evaluate the
objective image quality without pristine reference images.
Inspired by this, we yield the ground truth quality scores
based on the excellent trained NR-IQA model [20] and the
distribution of generated quality scores is illustrated in Fig.
3. For each image In in OPT-MFLPR dataset, its labels can
be denoted as {y(n), s̃(n)} and s̃(n) = {s(n)1 , s

(n)
2 , · · · , s(n)5 },

as mentioned in section 2.3. In the evaluation, 12,000 images
are used as the training set and others as the test set.

3.2. Performance Evaluation and Ablation Study

In order to comprehensively evaluate the proposed multi-task
framework IQ-STAN, extensive experiments with various ex-
perimental protocols are conducted. For the fair competition,
all experiments are performed on the OPT-MFLPR dataset us-
ing the same training strategy, where the batch size is set to
10 and the learning rate is initialized to 0.001.

The performance of recognition is evaluated by the recog-

Table 1. Performance comparison of different methods on
OPT-MFLPR dataset.

Methods
Recognition Accuracy (%)

Including Excluding
Chinese characters Chinese characters

EasyPR1 71.78 78.04
BaiduLPR2 86.23 91.80

AlibabaLPR3 88.28 94.27
Baseline (Ours) 90.11 93.92

IQ-STAN (Ours) 93.07 95.35

Table 2. Performance evaluation of the IQ scoring module.
Methods LCC SROCC

Only IQ Scoring 0.830 0.819
IQ-STAN 0.847 0.805

nition accuracy, which is widely used in [2, 5, 6]. The recog-
nition accuracy is defined as the total number of plates divid-
ing into the number of correctly recognized plates. Note that
recognizing all characters accurately means the correct recog-
nition. We use EasyPR1, BaiduLPR2 and AlibabaLPR3 as the
comparative LPR methods since they are famous open source
projects for Chinese plate recognition. In order to clarify the
effectiveness of IQ-guided spatio-temporal attention, the re-
mainder after removing IQ scoring branch is viewed as base-
line method in the experiments. Moreover, we employ two
different measures for recognition accuracy, including or ex-
cluding Chinese characters. The proposed IQ-STAN achieves
the highest accuracy in OPT-MFLPR dataset, as shown in Ta-
ble 1. In addition, two metrics in [20], namely linear corre-
lation coefficient (LCC) and Spearman rank order correlation
coefficient (SROCC), are exploited to evaluate the IQ scor-
ing performance which directly affects the temporal attention
maps generation. In comparison with training only IQ scoring
branch, the multi-task framework IQ-STAN performs better
for the metric LCC in Table 2.

In terms of the computational speed, the proposed IQ-
STAN takes about 157ms per five frames (approximately at
31.85 fps), which is efficient for LPR systems.

4. CONCLUSIONS

In this work, we propose a deep learning-based multi-task ar-
chitecture named IQ-STAN for LPR systems, which jointly
evaluates perceptual image quality and recognizes the char-
acters in license plates. IQ-STAN involves a novel IQ-guided
spatio-temporal attention network that can be trained in an
end-to-end manner. The experiments on the self-built real-
world LPR dataset indicates its effectiveness and efficiency.

1https://github.com/liuruoze/EasyPR
2https://cloud.baidu.com/doc/OCR/OCR-API.html
3https://help.aliyun.com/document detail/56879.html
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