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Abstract

In this paper, an approach to object detection known as YOLO is presented. It is extremely
fast. We use this algorithm to detect multiple objects in an image. The base YOLO model
processes image in real-time at 45 frames per second. YOLO outperforms other detection
methods including R-CNN as it is more generalized. It works on various types of datasets
including artworks.
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gl d $ ATd Ugd 3RUT A1 computer vision T BT U 3 &8R0T object detection
21 3TRIT, Tf 9 self-driving BR &1 AT R R 8, ) Irae 8 T8 UdT A B SATa2uHhdl
ﬂﬁ%ﬁ?gﬂ image | &FC[EFIA\"%'I Wsﬂ%m Eﬁsﬂ image H 319 cars dI position T
Udl @ &1 TIRIHT g, dlfs HRT car 379 &9 b | object detection A AR W, g9 7
Wobject%typeaﬂwwmﬁ §fewh 3% TR 3R box Ht FH1 8IdT 5| AR U T8
WW@%WW%% image g1 objects%%l Wé}f image ﬁﬁ cars EP[W% gl
3{TUD! HR DI AT distance & near HH I HH R T | computer vision problems ﬁﬂ:ﬁﬁﬂﬂ
Td @ T8¢ fh input reality d ¥g 8l Idhd HESERENICH computational requirements 3R
training & ferg memory requirements qH 3R parameters dIcll Udh neural network & ier I
infeasible %I

dfd computer vision applications & g, 89 dad Bict Bt images I JUIRT HRP 3feh
:l‘gﬁ' ?ﬂgﬁ %'I 3 EIEPI images Pl JTIRT BT %n%?r %I QﬂT P B ﬁ*ﬂ! 3U! convolution
operation P dgR & I ET’IEI'T{%T ®I 3MaRIHT 8, SN fh convolutional neural network &
HelYHd building blocks TYUH gl gUR system [ use A gy, 349 $ad T §R (YOLO) CAl
Udh image UX implement H g, dlfs ITH Iﬁ\_rj@' objects G| position ®T prediction T ST
b | g convolutional network Tdh Y Eb_iF bounding box Pt prediction ®Xdl %I YOLO
algorithm TR M ¥ Ugd, 313U U U 3R algorithm U} <l B ol computational ¥4 |
HEME|

2. Literature Review

2.1 Sliding Window Algorithm

1. Actual image size G| Jda-n T HHR Bt TUdh window Cal dgd BleT B 3@ crop 3R 'siﬁ
ConvNet (CNN) P U B3 3R ConvNet BT prediction P

2. Window & slide Tg 3R cropped images &I ConvNet H ORI X |

3. g9 window PR & 1Y image%ﬂﬁ'—ﬁﬂ-ﬂ?ﬁﬁcrop av_{ef%ﬁa'l_d, wﬁwﬁﬁfﬁw@nﬁa
ST window 3MMBR & T Glgd| R I wHoeh BT B ConvNet H U &Y 3R 30
HfasraTort & |

4. 3id ff, 3 Uy cropped regions [ Ud set EﬁTIT foran object F class 3R bounding box &
1Y FS object BN
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2.1.1. Sivi
1. Computational ¥4 Y T Fs images Cal crop hAl 3R S ConvNet & AT I pass
AT computational U J Sgd AT 811 ST IET |
2. Tdd bounding box: 6'5[@ image | square shape BT window H! FAUHT I8 €, 8 Il & foh
object rectangular 8 O1 8 ghar g fb ois it square Eﬂ SRR object & actual size ¥ A T
Qa1 81| gl 59 algorithm Eferoy image Ao objects ! find 3R localiz B & ability g,
dfd bounding box Pl accuracy AUt M RT3
object detection o Ugdl &aH PS images Gal PG Pl AR TgH objects & TRl AR
bounding box Wi 3R fhR 34 images Pl JUTNT Hb model B train BT 8 | Th ITERI
%Wﬁ, BH self-driving W%WWWWW%I gH g1 images ﬁW%?ﬂTﬁW
camera YGHT FHGT HX Thd %'I Udh image " av_aF bounding boxes _E?f Tqod %I Tdh bounding
box y = (pc, bx, by, bh, c) Sigl pc Waﬁﬁﬁ%{m% S| bounding box ﬁﬁq’c‘{%, bx 3R by box
& center & coordinates %', bh 3R bw%'av'laﬂ P height 3R width 3R ¢ 1 I ABR 80 W% 3R
g Udl 1 T ayd & instance & range & g §1YOLO algorithm convolutional neural
network model TR 3TeTRA B

v y=(p.b.b b,.b,.c)
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Fig 2

2.2. Model Details

1. Input THR P images I Ud batch g (m, 608,608,3) S8BT m images &1 e B g § 3R
608 * 608 * 3 B image % dimensions g |

2. Output label class FTHI & FTY bounding box ®1 T list § 1 HUR TAY TR TAH box B! 6
factors R GRITAT AT § |

Sliding window method @1 g, PRICY image Gal grid cells H divide far mar 81 afg object P
center grid cell T marg, grid cell 39 object &1 Udl T & g ForHER B1a1 81 U@ cell B

5 anchor boxes Eﬁﬁ%l I UDR, YOLO architecture EFWR%:
IMAGE(m,608,608,3) > DEEP CNN - ENCODING(m,19,19,5,85).

Fig 3

GI%'TWoutput image 19 * 19 * 5 * 85 F size P! Il & 6l 5 Tl 81 TR I 3R 85 Taft
features @ GVMTAT &1 89 output image (19,19,5,85) BT (19,19,425) I flatten B Tabd & |31,
UA® cell b UAD box & %’Q ©H elementwise product ﬁ%ﬁ 3R Y probability CARECANUAGT
box H Wﬁ'@ﬁ class %IE’H faftm S A %1 bounding boxes P plotting XdhY YOLO & output
DI HeUT B THhd & | T A ¥ §H Hs bounding box & TTY THTW Bl ST | Y bR, T
DI HH B & o1 §H algorithm P output B! filter HIAT BTN | &Y TR0T fhT T &-

1. f&E object & HH probability Te box FaTdl |
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2. §gd IR boxes B I Th box BT TG Hx ol Th GUR B 1Y overlap BIdT & R TH & object BT
Ul IIAT 8 | Threshold value 1 3TN & filter boxes |

39 Ufehar U, 89 thresholding §RT 30T Ugd filter AR B Threshold value ¥ &H class
score @Wﬁ'{f“—ﬁ boxEETT%QTGH_cIT%I

AR U §a 19 * 19 * 5 * 85 number g, 981 UA® box H 85 H&R &1 U fhar a1 g1 Y, 89
fAgffad variables & (19,19,5,85) 4T (19,19,425) Tensor GRS rearrange GRUE

1. box_confidence: g 19 * 19 grid cells & 5 boxes § ¥ TP o forw pc (confidence probability
2 % P T ©) 3MBR (19 * 19,5,1) Bl tensor T

2.boxes: g Udh tensor DR (19 * 19,5,4) {FR‘[% (bx, by, bh, bw) Ud® 5 box Ul grid cell &
fergi

3. box_class_probs: g (19 * 19,5,80) HIPR b U tensor class probabilities (c1, ¢2, ¢3,... .c80)
%WW grid cell F 5 boxes ﬁ@IW%WSO classes %ﬁ*ﬂl%l

Box_confidence 3R box_class_probs & elementwise product 1 U FRb box score BT TOAT
&< Threshold WB@’TWW mask I-T¢| Ig mask 39 boxes %WH@@WWW
39 3@ I8 & |

S ([0.9,0.3.0.4,0.5,0.1] <0.4) returns [T, I, ST, T, =] |

TensorFlow &1 IUTRT HRd gl, 9 mask Cal box_class_scores, boxes 3R box_classes UX <l
TP 3 boxes B! filter B FoIg 3T g1 ABA & |

Implementation WWW%

# GRADED FUNCTION: yolo filter boxes

def yolo filter boxes(box confidence, boxes, box class probs,
threshold = .6):
""U"pFilters YOLO boxes by thresholding on object and class

confidence.
Arguments:
box confidence -- tensor of shape (19, 19, 5, 1)
boxes -- tensor of shape (19, 19, 5, 4)
box class probs -- tensor of shape (19, 19, 5, 80)
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threshold -- real value, if [ highest class probability score <

threshold], then get rid of the corresponding box

Returns:

scores —-- tensor of shape (None,), containing the class
probability score for selected boxes

boxes -- tensor of shape (None, 4), containing (b x, b y, b h,
b w) coordinates of selected boxes

classes —-- tensor of shape (None,), containing the index of the

class detected by the selected boxes

Note: "None'" is here because you don't know the exact number of
selected boxes, as it depends on the threshold.

For example, the actual output size of scores would be (10,) if
there are 10 boxes.

i
# Step 1: Compute box scores

### START CODE HERE ### (~ 1 line)

box scores = np.multiply(box confidence, box class probs)

### END CODE HERE ###

# Step 2: Find the box classes thanks to the max box scores,
keep track of the corresponding score

### START CODE HERE ### (~ 2 lines)

box classes = K.argmax (box scores, axis=-1)

box class scores = K.max (box scores, axis=-1)

### END CODE HERE ###

# Step 3: Create a filtering mask based on "box class scores" by
using "threshold". The mask should have the

# same dimension as box class scores, and be True for the boxes
you want to keep (with probability >= threshold)

### START CODE HERE ### (~ 1 1line)

filtering mask = K.greater equal (box class scores, threshold)

### END CODE HERE ###

Research Cell: An International Journal of Engineering Sciences
Issue December 2019, Vol. 31
ISSN: 2229-6913(Print), ISSN: 2320-0332(Online)
Article Received: 25 January 2019 Revised: 28 March 2019 Accepted: 24 June 2019 Publication: 24 Septemeber 2019



# Step 4: Apply the mask to scores, boxes and classes
### START CODE HERE ### (~ 3 lines)

scores = tf.boolean mask(box class scores, filtering mask)
boxes = tf.boolean mask(boxes, filtering mask)
classes = tf.boolean mask (box classes, filtering mask)

### END CODE HERE ###

return scores, boxes, classes

3{d, DE?I filterﬁﬂmm%aﬁ’ non-max suppression d[ JUIRT Hh T SITa %I

2.3 Non-max suppression

Threshold GRT filter ® & dTg H, g9 37+t Lﬁagaxrﬁ overlapping box & Y JHTE g1 ST |
Hépf boxes & selection %ﬁm Udh 3R filter ®T non-max suppression (NMS) WTGITHT%I

Belore non-max suppe

Fig 4
?Y concept T3 steps RIERE
1. 3=dY Score dTd box &1 selection B |
2. 3 G box & TTY TUPT overlap g& 3R 37 AN B 8T ¢ oD U jou_threshold I 31fiH
overlap%I
3. 3 steps ! d9 I GIEIU O b Bls 3R box 7 T
?Y process ff@ function Q’IT&IF[%%I@ "Intersection over Union" 4T loU Eb?TGl'IT‘IT%I
gfe gAR U & bounding boxes Al RA2E A IoU AL SIRA2 F intersecting area F Al 3R
A2 % union area &I WW%
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Poor Good Excellent

Fig 4

T& bounding box &I corner points §RT define {01 71 § - SHU 91¢ 3R f=ra @18 (x1, y1, x2,
y2) | Intersection area P WioH o ol g1 STD! ?h?;TQF (x2-x1) gRT WT&C (y2-y1) CAl multiply
FRAG
S8l x1 Eﬁboxesﬁiﬂfﬁﬁﬂﬁm%

yl Eﬁboxes%yl fAcare ot sifiead §

X2 Gl boxes & x2 ﬁé’%ﬁ@[w%

yzaboxes$y2 ﬁmﬁ@[w%
Union area &1 TTUT area (Al) + area(A2) —Intersection area gIRT P \_rlTFIEb_cﬁ%I

# GRADED FUNCTION: iou
def iou(boxl, box2):

"""Tmplement the intersection over union (IoU) between boxl and

box2
Arguments:
boxl -- first box, 1list object with coordinates (x1, yl1, x2, y2)
box2 -- second box, list object with coordinates (x1, y1, xZ2,
yz)

mrirn

# Calculate the (y1, x1, y2, x2) coordinates of the intersection
of boxl and box2. Calculate its Area.

### START CODE HERE ### (~ 5 lines)

xil = max (box1[0], box2[0])
max (box1[1], box2[1])
min (box1[2], box2[2])

yil

xXi2
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yi2 = min(box1[3], box2[3])
inter area = (xi2 - xil)*(yi2 - yil)

### END CODE HERE ###

# Calculate the Union area by using Formula: Union(A,B) = A + B
- Inter (A,B)

### START CODE HERE ### (~ 3 lines)
(box1[3] - box1[1l])*(box1l[2]- box1[0])
(box2[3] - box2[1])* (box2[2]- box2[0])

boxl area

box2 area
union area = (boxl area + box2 area) - inter area

### END CODE HERE ###

# compute the IoU

### START CODE HERE ### (~ 1 line)
iou = inter area / union area

### END CODE HERE ###

return iou

# GRADED FUNCTION: yolo non max suppression

def yolo non max suppression(scores, boxes, classes, max boxes = 10,

iou threshold = 0.5):

mrmirn

Applies Non-max suppression (NMS) to set of boxes

Arguments:
scores —-- tensor of shape (None,), output of yolo filter boxes()
boxes -- tensor of shape (None, 4), output of

yolo filter boxes () that have been scaled to the image size (see
later)

classes —-- tensor of shape (None,), output of
yolo filter boxes()

max boxes -- integer, maximum number of predicted boxes you'd

like
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iou threshold -- real value, "intersection over union'" threshold

used for NMS filtering

Returns:

scores —-- tensor of shape (, None), predicted score for each box
boxes —-- tensor of shape (4, None), predicted box coordinates
classes —-- tensor of shape (, None), predicted class for each

box

Note: The '"None" dimension of the output tensors has obviously
to be less than max boxes. Note also that this

function will transpose the shapes of scores, boxes, classes.

This 1s made for convenience.

mrrn

max boxes tensor = K.variable(max boxes, dtype='int32'") # tensor

to be used in tf.image.non max suppression ()

K.get session().run(tf.variables initializer ([max boxes tensor])) #

initialize variable max boxes tensor

# Use tf.image.non max suppression() to get the list of indices
corresponding to boxes you keep

### START CODE HERE ### (~ 1 line)

nms_indices = tf.image.non max suppression (boxes, scores,

max boxes tensor, iou threshold=iou threshold)

### END CODE HERE ###

# Use K.gather () to select only nms_indices from scores, boxes

and classes

### START CODE HERE ### (~ 3 lines)

scores = K.gather (scores, nms indices)
boxes = K.gather (boxes, nms indices)
classes = K.gather (classes, nms indices)

### END CODE HERE ###
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return scores, boxes, classes

31d, T filter TEX CNN & BX output TR ATl & |
3. gfvaor

80 squares 3R 5 anchor boxes @I SM®BRT 2 th‘l%?*ﬁ H stored %I B8H 91 AR BT model A
load FRd § N1 fos FRfAIRad code snippet 7 fommn T gl

class names = read classes ("model data/coco classes.txt")
anchors = read anchors ("model_data/yolo_anchors.txt")

image shape = (720., 1280.)

Loading a pretrained model
U®h yolo model P train HA G ogd JHY o IIdl 8 3R 9% forg labelling bounding box & T

§S dataset P TAIHI Bl & | TP HRUI, §H "Yolo.h5" & TIEId Uk Yd-HIS[Gl Keras Yolo
model @ load Hd & | I8 FRfIRAd code snippet gIRT forar STaT g |

yolo model=load model ("model data/yolo.h5")

Convert output of the model to usable bounding box tensors

The output of the model is a tensor which we will use in all processings. The following code is used
for that.

yolo outputs=yolo head(yolo model.output, anchors, len(class names))

3.1 Filtering boxes

Yolo_outputs el yolo_model & gt estimated box %QI 31d §H filtering dX Tqhd % 3R best
box BT T FX T 3|

g filtering tl%ﬁ?l'l"lm"l'q filtering function D call HR& fhar AT 31 8 Fufoied a8 @
ERIIGIC]

score, boxes, classes = yolo_eval (yolo_outputs, image_shape)
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3.2 for W= 91 Terd

T U <@ A1 I1% S/ § S Faffad o el 6: -
1.§ﬁyolo_modelaﬁ3?g?$‘@_qﬁ3°fﬂ€%| @WWWOUWU’EW%WW
IS

2. Ug output yolo_head B ITANT HRb FATAT T STl § 3R data BT tensor & ST §

3. U filtering function, yolo_eval &I SUIRT bounding box CARIECI] ﬁﬂﬂﬂﬁ%ﬁ'ﬂlm
STl &

Y Ugd image P! A9 code snippet &I IUTNT e G fovam Srar g o output:

1. image: drawing box & %I'Q 3T image [ U ﬁmml

2. image_data: image @I representation = aTl Th numerical array |

image, image_data = preprocess_image("images/" + image_file, model_image_size =

(608, 608))

fFafaRad prediction ARG % S YOLO model &1 SUTNT Hh image DI testing crCica forg
YT AT S B |

def predict(sess, image_file):

Runs the graph stored in "sess" to predict boxes for "image_file". Prints and plots the

preditions.

Arguments:
sess -- your tensorflow/Keras session containing the YOLO graph

image_file -- name of an image stored in the "images" folder.

Returns:
out scores -- tensor of shape (None, ), scores of the predicted boxes
out_boxes -- tensor of shape (None, 4), coordinates of the predicted boxes

out classes -- tensor of shape (None, ), class index of the predicted boxes
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Note: "None" actually represents the number of predicted boxes, it varies between 0 and

max_boxes.

min

# Preprocess your image
image, image_data = preprocess_image("images/" + image_file, model_image_size = (608,

608))

# Run the session with the correct tensors and choose the correct placeholders in the

feed dict
# You'll need to use feed_dict={yolo_model.input: ..., K.learning_phase(): 0})
### START CODE HERE ### (= 1 line)

out scores, out boxes, out classes = sess.run([scores, boxes,
classes], feed dict={yolo model.input: image data,
K.learning phase(): 0})
### END CODE HERE ###

# Print predictions info
print ('Found {} boxes for {}'.format (len(out boxes), image file))

# Generate colors for drawing bounding boxes.

colors = generate colors(class names)

# Draw bounding boxes on the image file

draw boxes (image, out scores, out boxes, out classes,
class names, colors)

# Save the predicted bounding box on the image

image.save (os.path.join ("out", image file), quality=90)

# Display the results in the notebook

output image = scipy.misc.imread(os.path.join("out",
image file))

imshow (output image)

return out scores, out boxes, out classes
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