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Abstract: Objective Footprints are the highest rate of material evidence left and extracted from crime scene in general.

Footprint retrieval and comparison plays an important role in criminal investigation. Footprint features are identified via the
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foot shape and bone structure of the person involved and have its features of specificity and stability. Meanwhile, footprints
can reveal their essential behavior in the context of the physiological and behavioral characteristics. It is related to the bio-
logical features like height, body shape, gender, age and walking habits. Medical research results illustrates that footprint
pressure information of each person is unique. It is challenged to improve the rate of discovery, extraction and utilization of
footprints in criminal investigation. The retrieval of footprint image is of great significance, which will provide theoretical
basis and technical support for footprint comparison and identification. Footprint images have different modes due to the
diverse scenarios and tools of extraction. The global information of cross-modal barefoot images is unique, which can realize
retrieval-oriented. The retrieval orientation retrieves the corresponding image of cross-modes. The traditional cross-modal
retrieval methods are mainly in the context of subspace method and objective model method. These retrieval methods are
difficult to obtain distinguishable features. The deep learning based retrieval methods construct multi-modal public space via
convolutional neural network (CNN) . The high-level semantic features of image can be captured in terms of iterative opti-
mization of network parameters, to lower the multi-modal heterogeneity. Method A cross-modal barefoot footprint retrieval
algorithm based on non-local attention two-branch network is demonstrated to resolve the issue of intra-class wide distance
and inter-class narrow distance in fine-grained images. The collected barefoot footprint images involve optical mode and
pressure mode. The median filter is applied to remove noises for all images, and the data augmentation method is used to
expand the footprint images of each mode. In the feature extraction module, the pre-trained ResNet50 is used as basic net-
work to extract the inherent features of each mode. In the feature embedding module, parameter sharing is realized by spli-
cing feature vectors, and a multi-modal sharing space is constructed. All the residual blocks in the Layer2 and Layer3 of
the ResNet50 use a non-local attention mechanism to capture long-range dependence, obtain a large receptive field, and
highlight common features quickly. Simultaneously, cross-entropy loss and triplet loss are used to better learn multi-modal
sharing space in order to reduce intra-class differences and increase inter-class differences of features. Our research tool is
equipped with two NVIDIA 2070TI graphics CARDS, and the network is built in PyTorch. The size of the barefoot footprint
images is 224 x 224 pixels. The stochastic gradient descent (SGD) optimizer is used for training. The number of itera-
tions is 81, and the initial learning rate is 0. 01. The trained network is validated by using the validation set, and the mean
average precision (mAP) and rank values are obtained. In addition, the optimal model is saved in accordance with the
highest rank1 value. The backup model is based on the test set, and the data of the final experimental results are recorded
and saved. Result A cross-modal retrieval dataset is collected and constructed through a 138 person sample. Our compara-
tive experiments are carried out to verify the effect of non-local attention mechanism in related to the retrieval efficiency,
multiple loss functions and different pooling methods based on feature embedding modules. Our illustrated algorithm is com-
pared to fine-grained cross-modal retrieval derived fine-grained cross-model (FGC) method and the RGB-infrared cross-
modal person re-identification based hetero-center (HC) method. The number of people in the training set, verification set
and test set is 82, 28 and 28, respectively, including 16 400 images, 5 600 images and 5 600 images each. The ratio of
query images and retrieval images in the verification set and test set is 1 : 2. The evaluation indexes of the experiment are
mAP mean (mAP_Avg) and rankl mean (rankl_ Avg) of two retrieval modes. Our analysis demonstrates that the algo-
rithm illustrated has a higher precision, and the mAP_ Avg and rankl_ Avg are 83.95% and 96.5% , respectively. Com-
pared with FGC and HC, the evaluation indexes of the proposed algorithm is 40. 01% and 36. 50% ( higher than FGC) ,
and 26.07% and 19.32% (higher than HC) . Conclusion A cross-modal barefoot footprint retrieval algorithm is facilita-
ted based on a non-local attention dual-branch network through the integration of non-local attention mechanism and double
constraint loss. Our algorithm considers the uniqueness and correlation of in-modal and inter-modal features, and improves
the performance of cross-modal barefoot footprint retrieval further, which can provide theoretical basis and technical support
for footprint comparison and identification.

Key words: image retrieval ; cross-modal footprint retrieval ; non-local attention mechanism; two-branch network ; barefoot

footprint image
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Fig. 1  Optical footprint image collector and its software interface( (a) optical footprint image collector; (b) software interface )
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Fig.2 Pressure footprint image collector and its software interface( (a) pressure footprint image collector; (b ) software interface )
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Table 1 Parameters of pressure footprint image collector
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Fig.3 Collected optical barefoot images and pressure barefoot images

((a) the collected person A; (b) the collected person B; (c¢) the collected person C)
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Fig.4 Preprocessing of optical barefoot images ( (a) optimal original image; (b) after removing the scale; (c) after filtering)
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Fig.5 Preprocessing of pressure barefoot image ( (a) pressure original image; (b) after filtering)
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Fig.6 Data augmentation of optical barefoot images ( (a) filtering; (b) vertical flipping;

(¢) horizontal flipping; (d) rotating 10 degrees counterclockwise; (e) rotating 10 degrees clockwise)
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Fig.7 Data augmentation of pressure barefoot images ( (a) filtering; (b) vertical flipping;

(¢) horizontal flipping; (d) rotating 10 degrees counterclockwise; (e) rotating 10 degrees clockwise)
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Fig.8 The network architecture of cross-modal retrieval for footprint images
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Fig. 10  The schematic diagram of non-local attention module
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Fig. 12 Histogram of results using different loss functions
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