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ABSTRACT

With the development of port automation, the port container throughput is increasing, the
speed and accuracy of recording container identifier has become the most important part of
container management.There are many ways to identify container identifiers, but the most
convenient and economical is to use emerging technologies -- deep learning techniques that
leverage visual information to implement low-cost solutions.Aiming at the difficult problem of
port container management and classification, this paper uses deep learning technology to
locate and identify container identifiers and classify and manage container identifiers by
processing the identification results, which solves the difficult problem of port container
management and classification to a certain extent.The general method of identifying container
identifier is to locate the area of container number and then identify it.

According to the characteristics of container number area, Faster R-CNN was used as the
container number area location network in this paper.By introducing secondary positioning, the
spatial information of feature map of container number area is preserved to the greatest
extent.Resnet50, a deep residual network, is used as the feature extraction network, which
makes the ability of the deeper network to extract the box number region significantly
improved.In a reasonable range to increase the resolution of the input image, improve the
positioning accuracy.

In view of the characteristics of box number characters, this paper uses a character
recognition network based on CRNN.The generated data set is introduced for training to speed
up the training speed and improve the accuracy to a certain extent.The introduction of
self-judgment mechanism, through the judgment mechanism directly remove the identification
of unqualified, through the identification results we know the number of each specification
container and the owner of each container all the container information.In order to facilitate
management, when we identify containers, we will record them in different text files in real
time according to different categories.

Finally, this paper uses the FLASK framework to realize the communication between
embedded devices and PC terminals, and combines the embedded devices with the recognition
algorithm of container identifier, which can be carried on the UAV and other devices, greatly
facilitating the dynamic management of containers and strengthening the automation of the

port.

Key words: container number; Deep learning; Target detection; Box number positioning;

character recognition
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Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks
Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun

Abstract—State-of-the-art object detection networks depend on region proposal algorithms to hypothesize object locations.
Advances like SPPnet [1] and Fast R-CNN [2] have reduced the running time of these detection networks, exposing region
proposal computation as a bottleneck. In this work, we introduce a Region Proposal Network (RPN) that shares full-image
convolutional features with the detection network, thus enabling nearly cost-free region proposals. An RPN is a fully convolutional
network that simultaneously predicts object bounds and objectness scores at each position. The RPN is trained end-to-end to
generate high-quality region proposals, which are used by Fast R-CNN for detection. We further merge RPN and Fast R-CNN
into a single network by sharing their convolutional features—using the recently popular terminclogy of neural networks with
“attention” mechanisms, the RPN component tells the unified network where to look. For the very deep VGG-16 model [3],
our detection system has a frame rate of 5fps (including all steps) on a GPU, while achieving state-of-the-art object detection
accuracy on PASCAL VOC 2007, 2012, and MS COCO datasets with only 300 proposals per image. In ILSVRC and COCO
2015 competitions, Faster R-CNN and RPN are the foundations of the 1st-place winning entries in several tracks. Code has been

made publicly available,

Index Terms—Object Detection, Region Proposal, Convolutional Neural Network.

¢s.CV] 6Jan 2016

~—1 INTRODUCTION
€7} Recent advances in object detection are driven by
the success of region proposal methods (e.g., [4])
and region-based convolutional neural networks (R-
q-' CNN ) [5]. Although region-based CNNs were com-
= putationally expensive as originally developed in [5],
© their cost has been drastically reduced thanks to shar-
\O ing convolutions across proposals [1], [2]. The latest
O incarnation, Fast R-CNN [2], achieves near real-time
U7 rates using very deep networks [3], when ignoring the
1 time spent on region proposals. Now, proposals are the
~ test-time computational bottleneck in state-of-the-art
SE detection systems.
Region proposal methods typically rely on inex-
(C pensive features and economical inference schemes.
Selective Search [4], one of the most popular meth-
ods, greedily merges superpixels based on engineered
low-level features. Yet when compared to efficient
detection networks [2], Selective Search is an order of
magnitude slower, at 2 seconds per image in a CPU
implementation. EdgeBoxes [6] currently provides the
best tradeoff between proposal quality and speed,
at 0.2 seconds per image. Nevertheless, the region
proposal step still consumes as much running time
as the detection network.

I

e 5. Ren is with University of Science and Technology of China, Hefei,
China. This work was done when S. Ren was an intern at Microsoft
Research. Email: sqren@mail.ustc.edu.cn
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e R. Girshick is with Facebook Al Research. The majority of this work
was done when R. Girshick was with Microsoft Research. E-mail:
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One may note that fast region-based CNNs take
advantage of GPUs, while the region proposal meth-
ods used in research are implemented on the CPU,
making such runtime comparisons inequitable. An ob-
vious way to accelerate proposal computation is to re-
implement it for the GPU. This may be an effective en-
gineering solution, but re-implementation ignores the
down-stream detection network and therefore misses
important opportunities for sharing computation.

In this paper, we show that an algorithmic change—
computing proposals with a deep convolutional neu-
ral network—Ileads to an elegant and effective solution
where proposal computation is nearly cost-free given
the detection network’s computation. To this end, we
introduce novel Region Proposal Networks (RPNs) that
share convolutional layers with state-of-the-art object
detection networks [1], [2]. By sharing convolutions at
test-time, the marginal cost for computing proposals
is small (e.g., 10ms per image).

Our observation is that the convolutional feature
maps used by region-based detectors, like Fast R-
CNN, can also be used for generating region pro-
posals. On top of these convolutional features, we
construct an RPN by adding a few additional con-
volutional layers that simultaneously regress region
bounds and objectness scores at each location on a
regular grid. The RPN is thus a kind of fully convo-
lutional network (FCN) [7] and can be trained end-to-
end specifically for the task for generating detection
proposals.

RPN are designed to efficiently predict region pro-
posals with a wide range of scales and aspect ratios. In
contrast to prevalent methods [8], [9], [1], [2] that use
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multiple filter sizes 1 -
i,/ multiple references

Figure 1: Different schemes for addressing multiple scales and sizes. (a) Pyramids of images and feature maps
are built, and the classifier is run at all scales. (b) Pyramids of filters with multiple scales/sizes are run on
the feature map. (c) We use pyramids of reference boxes in the regression functions.

pyramids of images (Figure 1, a) or pyramids of filters
(Figure 1, b), we introduce novel “anchor” boxes
that serve as references at multiple scales and aspect
ratios. Our scheme can be thought of as a pyramid
of regression references (Figure 1, ¢), which avoids
enumerating images or filters of multiple scales or
aspect ratios. This model performs well when trained
and tested using single-scale images and thus benefits
running speed.

To unify RPNs with Fast R-CNN [2] object detec-
tion networks, we propose a training scheme that
alternates between fine-tuning for the region proposal
task and then fine-tuning for object detection, while
keeping the proposals fixed. This scheme converges
quickly and produces a unified network with convo-
lutional features that are shared between both tasks.!

We comprehensively evaluate our method on the
PASCAL VOC detection benchmarks [11] where RPNs
with Fast R-CNNs produce detection accuracy bet-
ter than the strong baseline of Selective Search with
Fast R-CNNs. Meanwhile, our method waives nearly
all computational burdens of Selective Search at
test-time—the effective running time for proposals
is just 10 milliseconds. Using the expensive very
deep models of [3], our detection method still has
a frame rate of 5fps (including all steps) on a GPU,
and thus is a practical object detection system in
terms of both speed and accuracy. We also report
results on the MS COCO dataset [12] and investi-
gate the improvements on PASCAL VOC using the
COCO data. Code has been made publicly available
at https://github.com/shaogingren/faster_
recnn (in MATLAB) and https://github.com/
rbgirshick/py-faster-rcnn (in Python).

A preliminary version of this manuscript was pub-
lished previously [10]. Since then, the frameworks of
RPN and Faster R-CNN have been adopted and gen-
eralized to other methods, such as 3D object detection
[13], part-based detection [14], instance segmentation
[15], and image captioning [16]. Our fast and effective
object detection system has also been built in com-

1. Since the publication of the conference version of this paper
[10], we have also found that RPNs can be trained jointly with Fast
R-CNN networks leading to less training time.

mercial systems such as at Pinterests [17], with user
engagement improvements reported.

In ILSVRC and COCO 2015 competitions, Faster
R-CNN and RPN are the basis of several 1st-place
entries [18] in the tracks of ImageNet detection, Ima-
geNet localization, COCO detection, and COCO seg-
mentation. RPNs completely learn to propose regions
from data, and thus can easily benefit from deeper
and more expressive features (such as the 101-layer
residual nets adopted in [18]). Faster R-CNN and RPN
are also used by several other leading entries in these
competitions®. These results suggest that our method
is not only a cost-efficient solution for practical usage,
but also an effective way of improving object detec-
tion accuracy.

2 RELATED WORK

Object Proposals. There is a large literature on object
proposal methods. Comprehensive surveys and com-
parisons of object proposal methods can be found in
[19], [20], [21]. Widely used object proposal methods
include those based on grouping super-pixels (e.g.,
Selective Search [4], CPMC [22], MCG [23]) and those
based on sliding windows (e.g., objectness in windows
[24], EdgeBoxes [6]). Object proposal methods were
adopted as external modules independent of the de-
tectors (e.g., Selective Search [4] object detectors, R-
CNN [5], and Fast R-CNN [2]).

Deep Networks for Object Detection. The R-CNN
method [5] trains CNNs end-to-end to classify the
proposal regions into object categories or background.
R-CNN mainly plays as a classifier, and it does not
predict object bounds (except for refining by bounding
box regression). Its accuracy depends on the perfor-
mance of the region proposal module (see compar-
isons in [20]). Several papers have proposed ways of
using deep networks for predicting object bounding
boxes [25], [9], [26], [27]. In the OverFeat method [9],
a fully-connected layer is trained to predict the box
coordinates for the localization task that assumes a
single object. The fully-connected layer is then turned

2. http:/ /image-net.org/challenges/L.SVRC/2015/results
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Figure 2: Faster R-CNN is a single, unified network
for object detection. The RPN module serves as the
‘attention’ of this unified network.

into a convolutional layer for detecting multiple class-
specific objects. The MultiBox methods [26], [27] gen-
erate region proposals from a network whose last
fully-connected layer simultaneously predicts mul-
tiple class-agnostic boxes, generalizing the “single-
box” fashion of OverFeat. These class-agnostic boxes
are used as proposals for R-CNN [5]. The MultiBox
proposal network is applied on a single image crop or
multiple large image crops (e.g., 224x224), in contrast
to our fully convolutional scheme. MultiBox does not
share features between the proposal and detection
networks. We discuss OverFeat and MultiBox in more
depth later in context with our method. Concurrent
with our work, the DeepMask method [28] is devel-
oped for learning segmentation proposals.

Shared computation of convolutions [9], [1], [29],
[7], [2] has been attracting increasing attention for ef-
ficient, yet accurate, visual recognition. The OverFeat
paper [9] computes convolutional features from an
image pyramid for classification, localization, and de-
tection. Adaptively-sized pooling (SPP) [1] on shared
convolutional feature maps is developed for efficient
region-based object detection [1], [30] and semantic
segmentation [29]. Fast R-CNN [2] enables end-to-end
detector training on shared convolutional features and
shows compelling accuracy and speed.

3 FaAsTER R-CNN

Our object detection system, called Faster R-CNN, is
composed of two modules. The first module is a deep
tully convolutional network that proposes regions,
and the second module is the Fast R-CNN detector [2]
that uses the proposed regions. The entire system is a

single, unified network for object detection (Figure 2).
Using the recently popular terminology of neural
networks with ‘attention’ [31] mechanisms, the RPN
module tells the Fast R-CNN module where to look.
In Section 3.1 we introduce the designs and properties
of the network for region proposal. In Section 3.2 we
develop algorithms for training both modules with
features shared.

3.1 Region Proposal Networks

A Region Proposal Network (RPN) takes an image
(of any size) as input and outputs a set of rectangular
object proposals, each with an objectness score.® We
model this process with a fully convolutional network
[7], which we describe in this section. Because our ulti-
mate goal is to share computation with a Fast R-CNN
object detection network [2], we assume that both nets
share a common set of convolutional layers. In our ex-
periments, we investigate the Zeiler and Fergus model
[32] (ZF), which has 5 shareable convolutional layers
and the Simonyan and Zisserman model [3] (VGG-16),
which has 13 shareable convolutional layers.

To generate region proposals, we slide a small
network over the convolutional feature map output
by the last shared convolutional layer. This small
network takes as input an n x n spatial window of
the input convolutional feature map. Each sliding
window is mapped to a lower-dimensional feature
(256-d for ZF and 512-d for VGG, with ReLU [33]
following). This feature is fed into two sibling fully-
connected layers—a box-regression layer (reg) and a
box-classification layer (cls). We use n = 3 in this
paper, noting that the effective receptive field on the
input image is large (171 and 228 pixels for ZF and
VGG, respectively). This mini-network is illustrated
at a single position in Figure 3 (left). Note that be-
cause the mini-network operates in a sliding-window
fashion, the fully-connected layers are shared across
all spatial locations. This architecture is naturally im-
plemented with an n x n convolutional layer followed
by two sibling 1 x 1 convolutional layers (for reg and
cls, respectively).

3.1.1 Anchors

At each sliding-window location, we simultaneously
predict multiple region proposals, where the number
of maximum possible proposals for each location is
denoted as k. So the reg layer has 4k outputs encoding
the coordinates of k boxes, and the cls layer outputs
2k scores that estimate probability of object or not
object for each proposal®. The k proposals are param-
eterized relative to k reference boxes, which we call

3. "Region” is a generic term and in this paper we only consider
rectangular regions, as is common for many methods (e.g., [27], [4],
[6]). “Objectness” measures membership to a set of object classes
vs. background.

4. For simplicity we implement the cls layer as a two-class
softmax layer. Alternatively, one may use logistic regression to
produce k scores.
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Figure 3: Left: Region Proposal Network (RPN). Right: Example detections using RPN proposals on PASCAL
VOC 2007 test. Our method detects objects in a wide range of scales and aspect ratios.

anchors. An anchor is centered at the sliding window
in question, and is associated with a scale and aspect
ratio (Figure 3, left). By default we use 3 scales and
3 aspect ratios, yielding k =9 anchors at each sliding
position. For a convolutional feature map of a size
W x H (typically ~2,400), there are W HE anchors in
total.

Translation-Invariant Anchors

An important property of our approach is that it
is translation invariant, both in terms of the anchors
and the functions that compute proposals relative to
the anchors. If one translates an object in an image,
the proposal should translate and the same function
should be able to predict the proposal in either lo-
cation. This translation-invariant property is guaran-
teed by our method®. As a comparison, the MultiBox
method [27] uses k-means to generate 800 anchors,
which are not translation invariant. So MultiBox does
not guarantee that the same proposal is generated if
an object is translated.

The translation-invariant property also reduces the
model size. MultiBox has a (4 + 1) x 800-dimensional
fully-connected output layer, whereas our method has
a (4 + 2) x 9-dimensional convolutional output layer
in the case of k =9 anchors. As a result, our output
layer has 2.8 x 10?7 parameters (512 x (4 + 2) x 9
for VGG-16), two orders of magnitude fewer than
MultiBox’s output layer that has 6.1 x 10¢ parameters
(1536 x (44 1) x 800 for GoogleNet [34] in MultiBox
[27]). If considering the feature projection layers, our
proposal layers still have an order of magnitude fewer
parameters than MultiBox®. We expect our method
to have less risk of overfitting on small datasets, like
PASCAL VOC.

5. As is the case of FCNs [7], our network is translation invariant
up to the network’s total stride.

6. Considering the feature projection layers, our proposal layers’
parameter count is 3 x 3 x 512 x 5124512 x 6 x 9 = 24 x 106;
MultiBox’s proposal layers” parameter count is 7 x 7 x (64 4 96 +
64+ 64) x 1536 + 1536 x 5 x 800 = 27 x 106,

Multi-Scale Anchors as Regression References

Our design of anchors presents a novel scheme
for addressing multiple scales (and aspect ratios). As
shown in Figure 1, there have been two popular ways
for multi-scale predictions. The first way is based on
image/feature pyramids, e.g., in DPM [8] and CNN-
based methods [9], [1], [2]. The images are resized at
multiple scales, and feature maps (HOG [8] or deep
convolutional features [9], [1], [2]) are computed for
each scale (Figure 1(a)). This way is often useful but
is time-consuming. The second way is to use sliding
windows of multiple scales (and/or aspect ratios) on
the feature maps. For example, in DPM [8], models
of different aspect ratios are trained separately using
different filter sizes (such as 5x7 and 7x5). If this way
is used to address multiple scales, it can be thought
of as a “pyramid of filters” (Figure 1(b)). The second
way is usually adopted jointly with the first way [8].

As a comparison, our anchor-based method is built
on a pyramid of anchors, which is more cost-efficient.
Our method classifies and regresses bounding boxes
with reference to anchor boxes of multiple scales and
aspect ratios. It only relies on images and feature
maps of a single scale, and uses filters (sliding win-
dows on the feature map) of a single size. We show by
experiments the effects of this scheme for addressing
multiple scales and sizes (Table 8).

Because of this multi-scale design based on anchors,
we can simply use the convolutional features com-
puted on a single-scale image, as is also done by
the Fast R-CNN detector [2]. The design of multi-
scale anchors is a key component for sharing features
without extra cost for addressing scales.

3.1.2 Loss Function

For training RPNs, we assign a binary class label
(of being an object or not) to each anchor. We as-
sign a positive label to two kinds of anchors: (i) the
anchor/anchors with the highest Intersection-over-
Union (IoU) overlap with a ground-truth box, or (ii) an
anchor that has an IoU overlap higher than 0.7 with
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import argparse
import cv2 as cv
import torch
import numpy as np
import torch.nn.functional as F
import torch.nn as nn
import os
from time import time
from flask import Flask, request
import base64
from PIL import Image
import PIL.Image
from mmdet.apis import init_detector,
inference detector
import mmcv
config_file =
'other/object/faster rcnn_r50 fpn_1x.py'
checkpoint_file = 'model/object.pth’
modell =init_detector(config_file, checkpoint file,
device='cuda:0")
#PICS PATH = "../data/train"
def show(img, result, class names):
assert isinstance(class_names, (tuple, list))
img = mmcv.imread(img)
img = img.copy()
if isinstance(result, tuple):
bbox_result, segm_result = result
else:
bbox_result, segm_result = result, None
bboxes = np.vstack(bbox_result)
# draw bounding boxes
labels = [
np.full(bbox.shape[0], i, dtype=np.int32)
for 1, bbox in enumerate(bbox_result)
]
labels = np.concatenate(labels)
#print (bboxes)
#print(labels)
return bboxes, labels
def get_bboxes(bboxes, labels, class names,
score_thr=0):

assert bboxes.ndim == 2
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assert labels.ndim ==
assert bboxes.shape[0] == labels.shape[0]
assert bboxes.shape[1] == 4 or bboxes.shape[1]

if score_thr > 0:
assert bboxes.shape[1] ==
scores = bboxes|[:, -1]
inds = scores > score_thr

bboxes = bboxes[inds, :]
labels = labels[inds]

dict_list =]
for bbox, label in zip(bboxes, labels):
bbox_int = bbox.astype(np.int32)
label text = class names|
label] if class_names is not None
else 'cls {}'.format(label)
label textl = class_names[
label] if class_names is not None
else 'cls {}'.format(label)
if len(bbox) > 4:
label text +=
'[{:.02f}'.format(bbox[-1])
obj_dict= {}
obj_dict['similarity'] = label_text
obj_dict['name'] = label textl
obj_dict['xmin'] = str(bbox_int[0])
obj_dict['ymax'] = str(bbox_int[1])
obj_dict['xmax'] = str(bbox_int[2])
obj_dict['ymin'] = str(bbox_int[3])
dict_list.append(obj_dict)
#print("{:.02f}' format(bbox[0]))
#print(bbox_int)
#print(dict_list)
return
dict_list[O]['ymin'],dict_list[O]['ymax'],dict list[0]
['xmin'],dict_list[0]['xmax']
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"K","L","M", "N", "P"

’ ’ "Q"’, "R"’, "S"’, B R DAL ALK
WX Y, T e, T, O
"-","’\t" ] ’ ’ ’ o ’
ap = argparse.ArgumentParser()
ap.add_argument("'path",

help=""path to test image"')
args = vars(ap.parse_args())
PICS _PATH = args["path"]

def parseOutput(output):
label =""
last char=""
last_is_char=-1 # [T char i1 57
0, 2" BF T 1, BI46 181
for 1 in range(output.shape[0]):
latter = CHARS[output[i]]
if latter == "-"":
last is _char=0
else:
if i > 0 and latter == last_char and
last is_char==1:
continue
label += latter
last _char = latter
last is _char=1

return label

class FeatureMap(torch.nn.Module):
def init_ (self, batch):
super(FeatureMap, self). _init_ ()
self.batch = batch

def forward(self, x):
x = torch.split(x, 2, dim=3)
t1=1]
for 1 in range(len(x)):
tmp = x[i].reshape(self.batch, 512)
tl.append(tmp)
out = torch.stack(tl, dim=1)

return out

class Net(torch.nn.Module):
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def init_ (self, batch, device, num_layers):
super(Net, self). _init_ ()
self.batch = batch
self.device = device
self.convl = nn.Conv2d(3, 32, 3,

padding=1)

self.conv2 = nn.Conv2d(32, 64, 3,
padding=1)

self.conv3 = nn.Conv2d(64, 64, 3,
padding=1)

self.conv4 = nn.Conv2d(64, 32, 3,

padding=1)
# an affine operation: y = Wx + b

self.num_layers = num_layers

self.grul = nn.GRU(512, 128,
num_layers=self.num_layers, bidirectional=True,
dropout=0.3)

self.fm = FeatureMap(self.batch)

self.fc = nn.Linear(256, 40)

#2*10  4%20 8*40 16*80 32*160

def forward(self, x):
x = F.leaky relu(self.conv1(x))
x = F.leaky relu(self.conv2(x))
x = F.max_pool2d(x, (2, 2))
x = F.leaky relu(self.conv3(x))
x = F.leaky relu(self.conv4(x))
x = F.max_pool2d(x, (2, 2))
x = self.fm(x)
x = x.permute(1, 0, 2)
x, h = self.grul(x)
x = self.fc(x)
x = F.log_softmax(x, dim=2)
return X
def characterConversion(str):
basic_character =
"0123456789A?BCDEFGHIJK?LMNOPQRST
U?2VWXYZ"
for 1 in range(0, len(basic_character)):
if str == basic_character][i]:
return i
def CheckCartonNo(containerld): # 7/ /771
sum = 0

containerld list = list(containerld)
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for 1 in range(0, 10):

sum +=

characterConversion(containerId[i]) * (2 ** 1)

print(sum)
check digit=sum % 11 % 10
print(check digit)

if int(check digit) ==
int(containerld list[-5]):
return 0 #0717
else:
return |
def pan(output_label): HALPE T
wl=output label
output label=output label

while(len(output_label)>15):

ww = [0, 0,0, 0, 0]

w = output_label

—_
o ©

nl =-1

n2=0

n3 =1

z=0

if (len(output_label) >15):
if

=

(len(output_label) >=16 &
c(output_label[4])>=10 ): # -#

for 1 in range(6):

if
(c(output_label[i]) == c(output_label[i + 1])):

output_label = output_label[0:1] + output label[i +
1:]

if
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(len(output_label)>=17): # -2two
foriin
range(len(output_label)-3):
if
(c(output_label[i:i+1]) == c(output_label[i+2:i+3])):

output_label = output_label[0:i+2] +
output_label[i+4:]
if

(len(output_label) >= 16):

foriin
range(len(output_label)-1):

if

(c(output_label[i])==c(output_label[i+1])):

two

+=1

nl=i

print(1000)

print(n)

print(output_label)
if (n==1 & nl>4):
output label =
output_label[0:ww][n - 1]] + output_label[ww[n - 1]
+1:]

if (n>=1):
while (n>= 1):

n2=n

output_label = output_label[0:ww[n2 - 1]] +
output_label[ww[n2 - 1]+ 1:]

n-=1

if
(len(output_label) >= 16):
output label =
output_label[0:4]+output_label[4:11]+output label[
-4:]
if (len(output_label) ==15):
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if(CheckCartonNo(output label)==0):
file_handle =

open('r.txt', mode='a")

file_handle.write(output label + '"\n"")
file_handle.close()
if (len(output_label) < 15):
file_handle =

open('jia.txt', mode="a")

file_handle.write(output label + '"\n"")
file_handle.close()

return output_label

def main():
pics = os.listdir(PICS PATH) #0400 V1
use_cuda = torch.cuda.is_available()
device = torch.device(""cuda' if use cuda else
"cpu")
model = Net(1, device, 2).to(device)

model.load state dict(torch.load(""model/ocr.pt'))
model.eval() #7211 15 )17

right count =0
for 1 in range(len(pics)):
label = pics[i][:]
img =PICS PATH + "/" + label
result = inference detector(modell, img)
class_names = modell.CLASSES
bboxes, labels = show(img, result,
class_names)
yl, y2, x1, x2 = get_bboxes(bboxes,
labels, class names, score thr=0)
img = cv.imread(img)
img = img[int(y2):int(y1), int(x1):int(x2)]
img = cv.resize(img, (320, 32))
r, g, b = cv.split(img)
numpy_array = np.array([r, g, b])
img_tensor =
torch.from numpy(numpy_array)
img_tensor = img_tensor.float()

img_tensor /=256
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img_tensor = img_tensor.reshape([1, 3,
32,320])

img_tensor = img_tensor.to(device)

t1 = time()

output = model(img_tensor).cpu()

output = torch.squeeze(output)

values, indexs = output.max(1)

t2 = time()

output_label = parseOutput(indexs)

if output_label == label:

right count += 1

print("'label is " + label + " ,network
predict is " + output label +'" cost is
"+str(t2-t1)+"s")

file_handle = open('result.txt', mode='a")

file_handle.write(label +' '+ output label
+"n'")

file_handle.close()

if name ==' main_ "

main()
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