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Abstract
While automobile transportation is increasing worldwide, it also negatively affects the 
safety of road users. Along with the neglect of traffic rules, pedestrians account for 22% of 
all highway traffic deaths. Millions of pedestrians suffer non-fatal injuries from these acci-
dents. Most of these injuries and deaths occur at crosswalks, where the highway and pedes-
trians intersect. In this study, deep learning-based a new hybrid mobile CNN approaches 
are proposed to reduce injuries and deaths by automatically recognizing of crosswalks in 
autonomous vehicles. The first of these proposed approaches is the HMCNet approach, 
which is a hybrid model in which the MobileNetv3 and MNasNet CNN models are used 
together. This model achieves approximately 2% more accuracy than the peak performance 
of the lean used MobileNetv3 and MNasNet models. Another proposed approach is the 
FHMCNet approach, which increases the success of the HMCNet approach. In the FHMC-
Net approach, LSVC feature selection method and SVM classification method are used in 
addition to HMCNet. This approach increased the classification success of HMCNet by 
more than approximately 2%. Finally, the proposed FHMCNet offered approximately 3% 
more classification accuracy than state-of-the-art methods in the literature.

Keywords  Crosswalk recognition · Intelligent transportation systems · Deep learning · 
Mobile CNN · FHMCNet · Computer vision

1  Introduction

As worldwide automobile transport continues to increase, it also severely impacts the 
safety of vulnerable road users (i.e. pedestrians, cyclists, and motorcyclists). Violation 
of traffic rules is the main source of all traffic accidents. According to the WHO, the 
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number of death in highway traffic reached 1.35 million in 2016 [1]. Each year, 270 
thousand of these deaths are pedestrian deaths. Globally, pedestrian deaths are 22% of 
all road traffic deaths. In some countries, this rate is up to two-thirds. On the other hand, 
millions of pedestrians are non-fatally injured in traffic accidents [2]. Most of all these 
injuries and deaths occur at crosswalks, where vehicles and pedestrians intersect on the 
highway [3]. In this context, detecting and recognizing the crosswalk is an important 
research topic. Crosswalks can be detected from several perspectives: top view or satel-
lite view, from behind the windshield or from the top of the vehicle, and pedestrian per-
spective. Each perspective has a different purpose. Although the crosswalk recognition 
problem can be addressed from all these perspectives, the scope of this study is limited 
only to the perspective of the cockpit and pedestrian view.

Although there are many studies in the literature based on convolutional neural net-
works [4–7], a few approaches focusing on pedestrian crossing recognition have been 
proposed. To assist visually impaired pedestrians, algorithms and approaches that can 
detect crosswalks for cellular and smart mobile phones are proposed in [8–11]. In 
another study, Herumurti et al. [12] proposed a new approach to detect zebra crosswalks 
from satellite images, combining the SURF method with a circle mask. Zhai et al. [13] 
present a new approach for crosswalk detection and localization based on MSER and 
ERANSAC. Foucher et  al. [14] present a new algorithm to classify and detect cross-
walks from urban images. Berriel et al. [15] proposed a system that can automatically 
train the images obtained from satellite images and annotations with deep learning mod-
els to classify zebra crossings. In another study, [16] proposed a classification system in 
which different datasets are used together to classify the crosswalk in real-time.

Along with the advancement of technology, the decrease in the cost of hardware, and 
the supply of mobility, the use of low-power devices in daily life has become quite com-
mon. In addition, the successful use of deep learning applications [7, 17–22] on these 
devices attracts the attention of researchers. MobileNetv3 [23] and MNasNet [24] are 
one of the CNN models that can be used on low-power devices.

In this study, a dataset combining real environment images obtained from automobile 
cockpit view and the pedestrian view is used to recognize zebra crosswalk in auton-
omous vehicles. Thus, this dataset has been made useful for automobile drivers and 
autonomous driving. A new hybrid model based on deep learning has been proposed 
to recognize the crosswalk. The proposed model consists of two different steps. Firstly, 
the intersection of the features obtained from the last convolution layers of the Mobile-
Netv3 Small model (henceforth it will be called MobileNetv3) and the MNasNet model 
is taken. In order to do this, the number of filter output the last convolution layer of the 
MNasNet model was changed to 1024. Then, the intersecting features with the features 
in the last convolution layer of MobileNetv3 are added element-wise. Besides, training 
was carried out by adding the GAP layer and the Fully Connected Layer, respectively. 
Secondly, a new feature set was created by selecting features from the GAP layer by 
using the LSVC feature selection method. Finally, the new feature set is classified with 
the SVM classifier. According to the experimental results, the classification success 
seems to increase very well.

Other sections of this paper are organized as follows: In Section  2, contains infor-
mation about the crosswalk dataset, the MobileNetv3 and MNASNET CNN models, 
the LSVC feature selection method, and the SVM classifier. In Section 3, the proposed 
methods are presented, while in Section 4, the experimental strategy and its results are 
presented. Finally, in Section 5, the general conclusions are given.
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2 � Materials and methods

2.1 � Crosswalk dataset

IARA [16] and another crosswalk dataset [25] consisting of zebra crosswalk images 
were used to train and evaluate the proposed model. The IARA dataset created by Ber-
riel et al. was obtained using the Intelligent Autonomous Robotic Automobile (IARA) 
developed by the High-Performance Computing Laboratory. To collect the data set, the 
camera, a Bumblebee XB3, was mounted on top of the car and facing forward. Since 
this data set was recorded during weekdays, it also includes ordinary traffic. The data-
set contains a total of 12,441 images recorded in a real traffic environment in Vitória, 
the capital city of Espírito Santo. All the images were manually labeled with two dif-
ferent labels: crosswalk and non-crosswalk. Two subjective criteria were used for man-
ual annotations: first, the crosswalk in the image frame should cover a reasonable area 
of the object, i.e. very distant crosswalks deemed too small should be removed, sec-
ond, the crosswalk in the image frame should preferably be in the direction of traffic 
flow. The IARA data set created according to these criteria consists of 21.2% positive 
samples and 78.8% negative samples.

Another crosswalk dataset [25] created by Silva et al. contains 600 images to detect 
zebra crosswalks of visually impaired pedestrians. The image frames in this dataset 
are 1280 × 720 pixels in dimension. The dataset consists of images obtained from dif-
ferent angles horizontally and vertically in a real environment from Forteleza-CE city 
of Brazil. In the original of this dataset, it has 4 different classes: 150 from the front, 
150 from the right, 150 from the left crosswalk, and 150 non-crosswalk images. Since 
there are two different classes in the IARA dataset: crosswalk and non-crosswalk, the 
other crosswalk dataset was used in this study by setting it in two different classes: 
crosswalk (450 images) and non- crosswalk (150 images). Otherwise, the IARA data-
set cannot be combined with the other crosswalk dataset.

In this study, due to hardware limitations, about 20% of the IARA dataset was used 
instead of the entire data set. 20% was randomly splitted using the train_test_split() 
function of the scikit-learn library. The random state parameter in this function is set 
to 7. After separating the IARA dataset, a total of 528 crosswalk images and 1961 
non-crosswalk images remained to be used in the training and testing process of the 
proposed model. However, since the ratio of crosswalk images in the IARA dataset to 
non-crosswalk images is low and the crosswalk object in an image frame is far away, 
labeling it as non-crosswalk will reduce the accuracy of the proposed model, so a new 
dataset was created by including the images in the other crosswalk dataset [25] into 
IARA dataset. 450 crosswalk images in the other crosswalk dataset were included in 
the 528 crosswalk images in IARA, and 150 non-crosswalk images in the other cross-
walk dataset [25] were included in the 1961 non-crosswalk images in IARA. The new 
dataset contains a total of 978 crosswalk images and 2111 non-crosswalk images. 
The dimensions of the images in this dataset are set to 224 × 224 pixels. To perform 
the training and testing of the models, this new data set was randomly divided into 
80% training set and 20% test set, with the help of the train_test_split() function in 
the scikit-learn library and by setting the random state parameter to 7. Some sample 
images from this new dataset are given in Fig. 1.
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2.2 � MobileNetv3 model

MobileNetv3 [23] is divided into two different models; Mobilenetv3-Small and Mobile-
Netv3-Large. These models can be used in mobile devices according to low and high 
resource usage situations. The biggest difference between the original MobileNetv3-Small 
model and the MobileNetv3-Large model is that there are 4 fewer layers. Other than that, 
the structure of the general architecture of both models is almost the same. The models 
were built by implementing platform-aware NAS and NetAdapt for network searching and 
making some improvements. In this study, the MobileNetv3-Small model (henceforth it 
will be called MobileNetv3), which needs low hardware resources, is used. The Mobile-
Netv3 model is built on the basis of some layers in the MobileNetv2 [26] and MNASNet 
[24] models. The specification of the MobileNetv3 CNN model is presented in Table 1. 
This table is important in terms of showing the size and number of images or features that 
each layer receives as input, kernel size and operator, expansion factor, number of out-
put features, whether squeeze-and-excitation block is used, type of activation function, and 
stride size. The layer referred to as Bneck in this table is the abbreviated expression of 
Bottleneck. The bottleneck layer is formed by the succession of 1 × 1 expansion convolu-
tion, depthwise separable convolution and 1 × 1 projection convolution, respectively. This 
bottleneck is also called inverted residual block and it contains the squeeze-and-excitation 
block structure and residual connection. Depthwise separable convolution includes a depth 
convolutional kernel applied to each channel, a batch normalization layer (BN), and a 1 × 1 
point convolutional kernel with ReLU or h-swish activation functions. The h-swish acti-
vation function, which reduces the number of parameters of the network model, can be 
defined as in Eq. (1):

Besides swish non-linearity, hard sigmoid is used to calculate squeeze-and-excita-
tion status. The layers are also stacked with modified swish non-linearities. Deepthwise 
separable convolution was preferred because it increases the computational speed by 

(1)h − swish(x) = x.
ReLU6(x + 3)
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Fig. 1   Some sample images from the new crosswalk dataset
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reducing the computational cost. The squeeze-and-excitation (SE) block is used during 
the training process to draw more attention to relevant features in each channel.

2.3 � MNASNet model

The MNASNet [24] CNN model is a convolutional neural network model that opti-
mizes accuracy and latency on low-power devices using reinforcement learning. The 
CNN model has a much better accuracy-latency trade-off than layer diversity in other 
resource-constrained models. Table 2 shows the specification of MNasNet. As seen in 
this specification, images with 224 × 224 pixel size and RGB channel as model input 
are passed through the convolution layer with a 3 × 3 dimensional kernel. While this 
convolution process does not have an expansion factor, it has 32 output channels. Also, 
this convolution process repeats itself only once and the number of strides is 2. Then, 

Table 1   Specification for 
MobileNetv3-Small. Exp denotes 
expansion size. SE denotes 
whether there is a Squeeze-
And-Excite in that block. NL 
denotes the type of nonlinearity 
used. Here, HS denotes h-swish 
and RE denotes ReLU. NBN 
denotes no batch normalization. 
S denotes stride

Input Operator Exp Out SE NL S

2242 × 3 Conv2d, 3 × 3 - 16 - HS 2
1122 × 16 Bneck, 3 × 3 16 16 ✓ RE 2
562 × 16 Bneck, 3 × 3 72 24 - RE 2
282 × 24 Bneck, 3 × 3 88 24 - RE 1
282 × 24 Bneck, 5 × 5 96 40 ✓ HS 2
142 × 40 Bneck, 5 × 5 240 40 ✓ HS 1
142 × 40 Bneck, 5 × 5 240 40 ✓ HS 1
142 × 40 Bneck, 5 × 5 120 48 ✓ HS 1
142 × 48 Bneck, 5 × 5 144 48 ✓ HS 1
142 × 48 Bneck, 5 × 5 288 96 ✓ HS 2
72 × 96 Bneck, 5 × 5 576 96 ✓ HS 1
72 × 96 Bneck, 5 × 5 576 96 ✓ HS 1
72 × 96 Conv2d, 1 × 1 - 576 ✓ HS 1
72 × 576 Pool, 7 × 7 - - - - 1
12 × 576 Conv2d, 1 × 1, NBN - 1024 - HS 1
12 × 1024 Conv2d, 1 × 1, NBN - k - - 1

Table 2   Specification for 
MNasNet. Exp denotes 
expansion factor. Ch denotes 
channel number. N denotes the 
number of blocks and S denotes 
stride

Input Operator Exp Ch N S

2242 × 3 Conv2d, 3 × 3 - 32 1 2
1122 × 32 SepConv, 3 × 3 1 16 1 1
1122 × 16 MBConv, 3 × 3 3 24 3 2,1,1
562 × 24 MBConv, 5 × 5 3 40 3 2,1,1
282 × 40 MBConv, 5 × 5 6 80 3 2,1,1
142 × 80 MBConv, 3 × 3 6 96 2 1,1
142 × 96 MBConv, 5 × 5 6 192 4 2,1,1,1
72 × 192 MBConv, 3 × 3 6 320 1 1
72 × 320 Pooling, FC - k - -
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the batch in this layer is subjected to normalization and ReLU6 activation process. The 
ReLU6 activation function can be formulated as in Eq. (2):

The second layer included in this specification is SepConv. The abbreviation for the sep-
arable convolution block is SepConv. This block structure includes two-dimensional depth-
wise convolution operation, batch normalization, ReLU6, and two-dimensional convolu-
tion, batch normalization, and ReLU6 activation functions, respectively. The expansion 
factor, the number of repeats or number of blocks and stride size of this block structure are 
1. The third layer in this specification is MBConv. The abbreviation for mobile inverted 
bottleneck convolution is MBConv. MBConv block includes 1 × 1 kernel size convolution, 
batch normalization, ReLU6 operation and kxk kernel size depthwise convolution, batch 
normalization and ReLU6 operation and 1 × 1 kernel size convolution, batch normaliza-
tion, ReLU6 operation, respectively. In addition, the expansion factor, the number of output 
channels, the number of repetitions and the size of strides of this block structure are 3, 
24, 3, {2, 1, 1}, respectively. Here, the number of repetitions and the size of the stride are 
directly related. For example, in the 1st repetition, this block structure is stride 2, while in 
the 3rd repetition, the stride size is 1.

In addition, RMSProp optimizer, batch normalization, and dropout regularization tech-
niques were used in the training process of the MNasNet model built according to this 
specification.

2.4 � Feature selection and classification method

SVM method [27, 28] is a supervised machine learning algorithm that can be used for 
classification and regression problems. The SVM is a binary classification method that 
attempts to distinguish between positive and negative samples in the sample set. In this 
method, a hyperplane is sought that separates the negative samples from the positive sam-
ples and the margin between the nearest negative and positive samples is maximized. On 
the other hand, the choice of kernel used in SVM is very important for the success of clas-
sification. The main purpose of using different kernels is to classify data or features in the 
best possible way.

In this study, among the feature selection methods, chi-squared, ANOVA F-value, 
mutual information and model selection techniques, as well as techniques such as RidgeCV, 
SGD Classifier, Random Forest Classifier and linear SVC, were tried iteratively. Since the 
combination of linear SVC and model selection technique provides the highest accuracy 
among these feature selection methods, this combination was used in the proposed method. 
For feature selection, model selection technique (SelectFromModel), one of the scikit-learn 
functions, was used along with the linear SVM method. In order to make feature selection, 
first the relevant features are trained with the linear SVM technique and the weight of each 
feature is determined. These weights indicate the importance of the features in the decision 
function of the linear SVM technique. That is, features with larger weights are more effec-
tive in the classification decision. Secondly, the model selection technique selects impor-
tant features using the weights of the linear SVM technique and creates a simpler and more 
effective feature set by eliminating others. The selection technique from the model selects 

(2)ReLU6(x) =

⎧
⎪
⎨
⎪
⎩

x, if x ≥ 0 and x ≤ 6

0, if x < 0

6, if x > 6
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this selection according to the determined threshold value. Features with weights above 
the threshold value are selected, while those below the threshold are eliminated. Thus, the 
prediction speed of the proposed model is increased with fewer features and the accuracy 
of the proposed model is increased by discarding unimportant features.

3 � Proposed approach

In the proposed model, MobileNetv3 and MNasNet CNN models, which are more suc-
cessful than other network models in performance metrics such as number of parameters, 
execution time and accuracy rate, were used as feature extractors. The proposed method 
basically consists of two different stages. In the first stage, element-based addition was 
performed with the conv-2 layer by taking the intersection of 7 × 7x1024 dimensional fea-
tures obtained from the conv-2 (Conv_2) and conv-34 (conv2d_34) layers of the Mobile-
Netv3 and MNasnet CNN models, respectively. To determine the intersecting features, the 
element-wise equality of the feature maps obtained in these two layers is checked, and a 
boolean matrix of the same size is obtained. Then, the features in conv-34 layer are mul-
tiplied element-wise with the boolean matrix to obtain the intersection. Thus, attention is 
drawn to important features from feature maps obtained from different network models. 
Then, these intersecting features are element-wise added to the features in the conv-2 layer. 
The result of this addition is given as input to the Global Average Pooling (GAP) Layer. 
As the last layer, a new hybrid model was created by adding the full-connected layer. This 
model is named HMCNet, which is an abbreviation for hybrid mobile crosswalk networks. 
In the second stage, the last layer of the hybrid model, the fully connected layer, was 
removed and a new feature set was created by eliminating the unimportant features from 
the GAP layer by using the LSVC method. The LSVC feature selection method increases 
the prediction speed and improves the accuracy performance of the proposed approach. 
Finally, the new feature set was classified by the SVM method. This proposed approach is 
named FHMCNet. The schematic of the proposed approach is given in Fig. 2. The reason 
for applying the second stage in addition to the hybrid model in the first stage is to further 
increase the classification success.

Fig. 2   Schematic of the proposed approach
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4 � Experiments

4.1 � Experimental strategy

In this study, the batch size of MobileNetv3, MNasNet, and HMCNet models was set to 16, 
8, and 8, respectively, considering the training process. Adam [29] optimization method 
was used, which gave the best results in all three models. Different learning rates were 
tried iteratively for all three models and 1x10−7 learning rate was used for MobileNetv3 and 
MNasNet models and 1.5x10−7 learning rate was used for the HMCNet model. Softmax is 
used as the output function for all three CNN models, while binary cross-entropy is used as 
the loss function. The training of all three models kept up to 750 epochs. Table 3 shows the 
hyperparameters used in the training process of CNN models associated with the proposed 
method. Dropout regularization technique was not used in these CNN models. On the other 
hand, feature selection and classification methods are also used in FHMCNet, which is the 
finally proposed approach. In the Linear SVM method used in the feature selection process, 
the value of 0.01 for the regularization parameter c, L1 (Lasso) for the penalty norm, False 
for the dual parameter, and 1x10−5 for the stop criterion tolerance are used. Except for these 
parameters, default values are applied. While the RBF kernel of SVM is used in classifica-
tion, default parameter values are used in other parameters. On the other hand, the software 
and hardware features used in this study are as follows;

•	 Intel(R) Xeon(R) CPU @ 2.30 GHz,
•	 24 GB RAM,
•	 Tesla P100-PCIE-16 GB,
•	 Python version 3.7.10,
•	 Tensorflow version 2.4.1,
•	 Keras version 2.4.3.

4.2 � Experimental results and discussion

In the experimental study, four different classifications were made by using the Mobile-
Netv3, MNasNet, HMCNet, and FHMCNet models/approaches and the crosswalk dataset, 
and the results were evaluated. The contribution of the LSVC feature selection method 
and SVM classification method was investigated in FHMCNet, which is the final proposed 
approach, unlike HMCNet.

Accuracy and loss graphs of training and validation sets are used to evaluate the perfor-
mance of MobileNetv3, MNasNet, and HCMNet CNN models. When the MobileNetv3, 

Table 3   Hyper parameters used by the CNN models in the training process in the proposed method

Epoch Batch Optimizer LR Loss Function Classification Function

MobileNetv3 750 16 Adam 1 × 10–7 Binary Cross Entropy Softmax
MNasNet 8
HMCNet 8 1.5 × 10–7
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MNasNet, and HMCNet CNN models are trained with the crosswalk dataset, the training 
and validation graphs are as in Fig. 3. The best training and validation harmony is seen in 
Fig. 3e, f, where the validation and loss graphs of the HMCNet CNN model. At the end of 
750 epochs, the best loss value was obtained in MobileNetv3 and HMCNet models. The 
healthiest loss graph between these two models was obtained with HMCNet. As the epoch 
increases, it is seen that the margin increases in the training and validation loss graphs of 
MobileNetv3, while the loss graphs in HMCNet are almost the same.

Another way to compare the performance of MobileNetv3, MNasNet, and HMCNet 
CNN models is to evaluate the Receiver Operating Characteristic (ROC) curve and the 
area under the curve (AUC). Figure 4 presents the ROC curves of these CNN models. If we 

Fig. 3   Accuracy and loss plots of training and validation sets for cnn models; a MobileNetv3 Accuracy, b 
MobileNetv3 Loss, c MNasNet Accuracy, d MNasNet Loss, e HMCNet Accuracy, f HMCNet Loss
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pay attention to this graph, the worst AUC value (0.903) was obtained with the MNasNet 
model, while the best AUC value (0.99) was obtained with the HMCNet ROC curve.

Some of the metrics used to evaluate experimental results are also obtained from the 
complexity matrix. The values of precision (Prec.), recall (Rec.), f1-score (F1-Scr.), and 
accuracy (Acc.) are obtained from the following (3), (4), (5) ve (6) equations, respectively.

TP used in these equations denotes true-positive, TN denotes true-negative, FP denotes 
false-positive, and FN denotes false-negative. The graphical representation of the obtained 
values of the complexity matrix metrics is given in Fig.  5. These graphs show the per-
centage values of precision, recall, f1-score, and overall accuracy metrics according to the 
methods. Besides, the crosswalk and non-crosswalk classes in the crosswalk dataset were 
used in the evaluation. The graph of the proposed FHMCNet approach is also included in 
this graph.

Another method of evaluating the performance of CNN models is by examining 
resource consumption. In Table 4, the execution time, classification accuracy, and model 
size of the CNN models are presented. The execution time of each model is the prediction 
time made by the model for a test image. The same test image was used for each model. 
The best execution time was achieved in the FHMCNet approach with 58 µsec. The least 
consumption of the storage resource was performed with the MobileNetv3 model.

When the relevant methods were evaluated according to the Precision chart (Fig. 5a), 
the highest success was achieved in the FHMCNet approach with 97.51%. The lowest 
success rate was 75.44% with the MNASNet model and crosswalk class. In the Recall 
(Fig. 5b) and F1-Score (Fig. 5c) charts, the highest success was obtained with FHMCNet 
for both classes, while the lowest success was obtained with the MNasNet method. In the 
overall accuracy chart (Fig. 5d), the highest accuracy rate was 97.73% with FHMCNet.

(3)Prec = TP∕(TP + FP)

(4)Rec = TP∕(TP + FN)

(5)F1 − Scr = 2TP∕(2TP + FP + FN)

(6)Acc = (TP + TN)∕(TP + FN + TN + FP)

Fig. 4   ROC Curve for CNN 
models
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According to all these experimental results, the accuracy of HMCNet, which is the first 
of the proposed methods, has been increased by more than 2% according to MNASNet and 
MobileNetv3. The accuracy of FHMCNet, the second of the proposed methods, that is, the 
finally proposed approach, has been increased by more than 2% according to the HMCNet 
model. This result shows the positive effect of LSVC feature selection and SVM classi-
fier applied to the HMCNet method. When the accuracy success of the MobileNet and 
MNASNet models is evaluated with the FHMCNet approach, which is finally proposed, it 
has achieved approximately 4% higher success than the MobileNetv3 CNN model, which 
provides the highest accuracy.

The comparison of the results of our study and other crosswalk studies in the literature 
is given in Table  5. Radványi et  al. [30] are achieved a success rate of 89.2% when he 
trained and tested a private crosswalk dataset containing 83 images with the CNN method. 
Wang [10] achieved an average success of 93.9% when evaluating a private crosswalk data-
set with 228 images using the SVM method. Berriel et al. [16] conducted a study using 
the deep CNN method and three different crosswalk datasets with different sizes. In this 

Fig. 5   Complexity matrix metrics according to the methods; a precision, b recall, c f1-score, d overall 
accuracy

Table 4   Performance comparison 
according to CNN methods

Entries with bold characters indicate the best result obtained in the rel-
evant metric

Models Exe. time (ms) Acc. (%) Size (MB)

MobileNetv3 67.2 93.53 18
MNasNet 91.8 86.41 36
HMCNet 97.6 95.95 54
FHMCNet 0.58 97.73 -
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study, the highest success was obtained as 94.21% with the GSV dataset consisting of 657 
thousand images. Tümen et  al. [31] conducted a study using The Vanishing Point (VP) 
and CNN method together with a private crosswalk dataset consisting of 296 images. In 
this study, the average highest success rate for crosswalk recognition was 93.10%. Ni et al. 
[32] made improvements by integrating the residual connection module based on spa-
tial attention into the Faster RCNN model. In addition, it has made an improvement to 
the Inception_v1 model by mixing ELU and Leaky ReLU functions. Then, the features 
obtained from the improved Faster RCNN are passed through some functions and local 
features are extracted. In parallel, the extraction of global features obtained from the 
improved Inception_v1 model is provided. Then, the global features and local features are 
combined and passed through the fully connected layer and softmax layer. Ni et  al. cre-
ated a new dataset by selecting images from the publicly available KITTI and Place365 
datasets for the training and testing of their proposed method. While this data set includes 
scene categories such as crosswalk, gas station, parking lot, highway, and street, each cat-
egory consists of 15 thousand images. The reason for making this choice is to increase 
the accuracy and efficiency of the method. They reached 94.5% accuracy for 5 categories, 
including the crosswalk category, with the method and data set they proposed. Wang-
siripitak et  al. [33] proposed a new model that they developed based on the DarkNet53 
model and strengthened it with PANet and YOLOv3 models. Their proposed model uses 
YOLOv4 pre-trained weights with transfer learning with their own dataset. They took 
image frames of the crosswalk from a vehicular camera and created a dataset with a total 
of 6128 frames. When they trained and tested this dataset with the proposed method, they 
reached 92.77% accuracy. Bayat et al. [34] used the vision transformer (ViT) model, which 
uses the self-attention mechanism to capture the spatial dependencies of the input images 
and learn important features. Next, Mask RCNN was used to perform object classification. 
The dataset was video-collected via an RGB camera mounted on the chest at a 30-degree 
angle while walking on the main campus of the University of Central Florida at various 
times in both indoor and outdoor environments. Then, image frames were extracted from 
the collected videos and 27,867 image frames and 24 different object categories were 
obtained. As a result of the training and testing carried out with the proposed method and 
data set, 95.0% accuracy was achieved for 24 categories, including the crosswalk category. 
A total of 3089 images obtained from the IARA [16] and other crosswalk [25] datasets 
were used for both approaches we proposed. A success rate of 95.95% was achieved with 
the HCMNet approach, which is a hybrid CNN-based method we proposed. This result is 
the highest crosswalk recognition success among other studies in the literature ([10, 16, 
30–34]). Another approach that we have finally proposed, FHMCNet, is a hybrid CNN-
based approach in which the LSVC feature selection method and the SVM method are used 
together. In the study using this approach, a very high crosswalk recognition success rate of 
97.73% was achieved. This result is the highest crosswalk recognition success among other 
studies in the literature ([10, 16, 30–34]) and the HCMNet study.

5 � Conclusions and future works

In this study, a new hybrid mobile CNN method is proposed to recognize crosswalk in 
autonomous vehicles. The proposed method uses MobileNetv3 and MNasNet mobile CNN 
models as a feature extractor. The intersection of the features obtained from these CNN 
models is first taken, and then this intersection is added with the features obtained from 



67760	 Multimedia Tools and Applications (2024) 83:67747–67762

1 3

MobileNetv3. Then, these features are passed through the GAP layer and the fully con-
nected layer and classified with the softmax function. This method is called HMCNet. The 
HMCNet method achieved approximately 1% higher accuracy than other state-of-the-art 
methods. To further increase the accuracy of this method, feature selection with LSVC 
technique and classification with SVM technique were applied after the GAP layer. This 
method is called FHMCNet. The proposed FHMCNet method achieved approximately 
3% higher accuracy than state-of-the-art methods. With this proposed method, crosswalk 
detection of autonomous vehicles has increased significantly. This will significantly reduce 
accident rates by reducing the likelihood of collisions between pedestrians and vehicles on 
the crosswalk. In our future work, we plan to develop new mobile CNN models that are 
faster, consume less resources, and can be used in low-power devices for autonomous vehi-
cles and other computer vision problems. Additionally, we plan to implement the FHMC-
Net approach we proposed in this study and test it in a real environment in the near future.
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