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NON-INVASIVE REAL-TIME ESTRUS DETECTION IN DAIRY COWS
WITH VIDEO PROCESSING TECHNIQUES BASED ON
CONVOLUTIONAL NEURAL NETWORKS
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Abstract

Estrus detection in dairy cows is a crucial factor in enhancing breeding efficiency
and achieving sustainable milk production in the dairy farming industry. This research
aims to develop an algorithm and evaluate the performance of a real-time estrus
detection model for dairy cows without the use of wearable devices. The model utilizes
video processing techniques based on evolutionary neural networks. Estrus behaviors in
Holstein Friesian cows with at least 75% Holstein bloodline, with a sample size of at
least 10 cows, were detected across four behaviors: walking, flirting (sniffing or licking),
mating (mounting), and head mounting (playful or incorrect mounting). A total of 1,520
images, with 380 images per behavior, were used. The dataset was augmented using
various image augmentation techniques, increasing the dataset size by 22.238 times,
resulting in a total of 33,802 images. The estrus detection model was developed using
the YOLOVT evolutionary neural network. The batch size was set at 16, with 30 epochs,
and images were resized to 640x640 pixels. The results indicated that YOLOV7 effectively
detected estrus behaviors with an average F1-Score of 1.00, Precision of 1.00, Recall of
1.00, mAP@0.5 of 0.996, and mAP@0.5:.95 of 0.845. These results demonstrate that the
model is suitable for practical application in dairy farming, providing an alternative to

human labor for estrus detection in cows.
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Figure 1 Framework of the proposed method.
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Figure 2 The installation site for video cameras to capture dairy cow estrus images.
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Origin W=500 . W = Image width 500 pixel
0.0 ol H = Image height = 500 pixel

X = x_center = 2085 pixel

b 460 [H=500

label format -.txt (normalized image coordinates)
=2 mbers W <y/H> <w/W> <h/H>
R 0.1 W3 wy) = <25 <2085/500> <250/500> <317/500> <460/500>

2 0.497 0.50 0.634 0.92 =20.497 050 0.364 092

=<Class

Figure 3 The general format of labels for creating bounding boxes in YOLO.

Table 1 Image data augmentation.

No. Augmentation Techniques Setting

1. Rotate Between -10 and +10 degree
2. Brightness Between (-20)% to 20%

3. Darken Between (-20)% to 20%

4. 1 count cutout 30%

5. 2 count cutout 20%

6. Blur 1.5 px

7. Horizontal Shear Between -15 and +15 degree
8. Vertical Shear Between -15 and +15 degree
9. Crop Between 0% to 10%

10. Noise 1.3% of pixel
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(validation set) uagyatoyanwdmiunagaauluudnged (testing set) ludnsndiuiaeay 70,

20 way 10 AUANNU AINLERIRIRNISIN 2 (Table 2)

Table 2 Overview of splitting a dairy cow estrus image dataset.

No.  Purposes Percentage Initial Images Number Augmentation Images Number
1. Training 70 1,064 23,662
2. Validation 20 304 6,760
3. Testing 10 152 3,380
a. Total 100 1,520 33,802

2. nmeanuuUMazEEUlatlATIUEUsEEMTEBNMUUR Y ImNMIRIBLUUTI8R9 YOLOVT
ntfudrgmasenuuuasFoudinslassieussamifounuudsinunis fduney
ns¥haumdn 9 Funnmsiheeuligdulasliiiamesvieinesiuaaunudoyaniniieds
AudNward Ry YU JUNTI vieRuA Weuluniniiazdiu udisanvuinvesdoya
Ingmsaguia 1 1 Max Pooling Wieansmnumsfivesuaynseuin us fenadnmA RNy
fiddnly andudunsdousouvvanysel itothaudnvasildunssmanariutures
Tassirguszamiiisnuuuialy Wedndulansiaduguaim gavheidunisasaduguammnly
flsii#u Softmax §4 YOLOV7 gnesnuuussaniinenssulassieussamiionuuudsinun

mMsnTuasekariusEansnm tneusenaumeaud@iunan wwn Backbone, Neck, way Head

51971 3 (Table 3) NszuUuMIOUSUFUT Backbone 3414 Efficient Layer Aggregation Network
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(ELAN) Tunnsaffnfliaesdrfyainamiidoudi ELAN dwaunandandnenssu CSPDarknet
89 YOLOVA shiliin1s5auiliandann convolutional layers nanedudululd g 1svannvansuas
wiugh w&aan Backbone yhmsafipiitansuda deyaazgnasdelds Neck Ssvimihiiouse
fefimaniudfu Head veauuusians Neck Tu YOLOV7 141a59a$74 Feature Pyramid
Networks (FPN) #3® Path Aggregation Network (PANet) il aifinuszansamlunisnsiadu
v p

TagrnsuunadnuazvunlrgfiegluseAudig 9 veanim YOLOVT dalausuuss PANet Litawiiy

q

Usgdnsnnlunsnuiliaesannuauseduaes Backbone

Table 3 The YOLOvT Architecture.

Type Filter Size Output
Input Layers 128 52 x 52 128 x 128
Backbone; ELAN Conv2D 32 x3x 3 32 416 x 416 128 x 128
Residual Block 1 x 64 64 208 x 208 -
Residual Block 2 x 128 128 104 x 104 64 x 64
Residual Block 8 x 256 256 52 x 52 -
Residual Block 8 x 512 512 26 x 26 64 x 64
Residual Block 4 x 1024 1024 13 x 13 32 x 32
Neck; FPN Conv2D 5 L 384 52 x 52 16 x 16
Concat 384 52 x 52 -
Conv2D + Up2D 128 52 x 52 8x8
Conv2D 5 L 1024 13 x 13 -
Head; Loss Function Conv2D3x 3+ Conv2D 1 x 1 255 52 x 52 8x8
Conv2D 3 x 3+ Conv2D 1 x 1 255 26 x 26 -
Conv2D 3 x 3+ Conv2D 1 x 1 255 13 x 13 -
Avg Pool - Global -
Connected - 1000 -
Softmax - - -

iledeyagnawniia Head uuudiassaziuvhnmssinng bounding boxes, objectness
scores wag class probabilities ve¢inglun1n N15¥imne bounding box dmsuusiaziaad YOLO
qzvhue bounding box ianenaes Taeldnaln anchorbased detection #whwne anchor boxes
nanruauazgUTafielinsouaguingluninldesrammnzay Tnssadaiignusuussins
el fSuezuiugBdu mamsaduinguuuliuennes sruvazaiunsoulonAasiuin

o

Fuusnnvans 9 vuauazdasd luudagdumisuuamiitelinsounquingiivuiauay
sUFeafy wasneneuvuneiniageglutesnesvaniunielsl memsnduinguuuldies
woiidunou 1Tuanmsaduenaes sruvazaiansoukenAniTLIAiIG 1 lunnqaTes
fasuunilldainnisiulaseisnouligdy Tnououmednaniidvunuazsasidiusiag 4
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box MVwgilANULINETEe AansfsnIng 4 (Figure 4) uazaunis (1)

10U = Area of the intersection between B1 and B2 (1)
- Area of Union between B1 and B2

Ground truth box

Detected box B,

B,
Figure 4 Intersection over Union; loU.
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Before non-max suppression After non-max suppression

Non-max suppression (NMS)

Mating 0.98

s

Figure 5 Non-max suppression (NMS).
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Table 4 YOLOv7 Hyperparameter Configuration for Training.

No. Hyperparameters Description
1 batch size 16 The batch size used per training iteration is 16.
2 img-size 640 Images are resized to 640x640 pixels.
3 Epochs = 30 Training data passes through the network for 30 epochs.
4 lr0 = 0.01 The initial learning rate is set to 0.01, ensuring a moderate training speed.
5 Irf=0.1 The final learning rate is reduced to 10% of the initial rate (0.1) at the end
of training.
6 momentum = 0.937 A momentum value of 0.937 maintains 93.7% of the previous weight update
direction for stability.
7 weight_decay = 0.0005 The weight decay rate of 0.0005 prevents overfitting while preserving model
flexibility.
8 warmup_epochs = 3.0 The learing rate is warmed up over the first three epochs.
9 warmup_momentum = 0.8 A momentum of 0.8 is applied during the warmup phase for smoother initial
weight changes.
10 warmup_bias_lr = 0.1 The learning rate for bias during warmup is 0.1.
11 box = 0.05 The weight for box loss is set to 0.05, prioritizing accurate object localization.
12 cls=03 Class loss is weighted at 0.3, emphasizing correct classification.
13 cls pw=1.0 The weight for class loss adjustment is 1.0, indicating no further
adjustments.
14 obj=0.7 Objectness loss, determining the presence of an object within a bounding
box, has a weight of 1.0.
15 obj_pw = 1.0 The weight for objectness loss adjustment is 1.0.
16 iou_t=0.2 The loU threshold is 0.2, considering predictions with over 20% overlap as
correct.
17 anchor_t = 4.0 The anchor-matching threshold is set at 4.0, selecting anchors up to four
times the ground truth size.
18 fl_gamma = 0.0 The Focal Loss parameter is 0.0, indicating it is not used.
19 hsv_h =0.015, Parameters for hue, saturation, and value are adjusted during data
hsv s =0.7, hsv_ v =04 augmentation by +0.015, £70%, and +40%, respectively.
20 degrees = 0.0, translate = 0.2, Parameters for data augmentation include rotation (degrees), translation,
scale = 0.9, shear = 0.0, scaling, shearing, and perspective transformation.
perspective = 0.0
21 flipud = 0.0, fliplr = 0.5 Vertical flip probability is 0.0, while horizontal flip probability is 0.5.
22 mosaic = 1.0 Mosaic augmentation is applied to 100% of the training data.
23 mixup = 0.15 Mixup augmentation is applied to 15% of the training data.
24 loss ota=1 The OTA (Optimal Transport Assignment) Loss function is enabled.

Model Summary: 415 layers, 37212738 parameters, 37212738 gradients, 105.2 GFLOPS

FEMINMIRNUUUTIART NTPVIUNTNIMURAATUE e Tngluudasaseus

mﬂszgfaagjaﬁﬂaw,%m f398l4lA yolov7_trainingpt vuna 72.1 MB Faudu pre-trained weights

970 COCO dataset wazyi1n1s fine-tuning Meyadeyanginssunisiludnveslauuiiasnatu
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145 30 seuMsITew; (epochs) lngluusazseuluudaegnaaeularysulswanisviung
#e validation set iieanlonialin overfitting wagiiiuauLiue

mssanlaiesmsiiaes 1y vuinyadeya (batch size) 16 UALTLINNIM 640x640
finiea fudumsuuuwanie$i Google Colab Tneld GPU 1 NVIDIA Tesla T4 Gafiviingmnuda
15.36 GB uazsasun1suszanana FP32, FP16, INTS, uag INTA wisngdmsunsussaianaldedn

naaninasa wuuTaezgnihlultlunsyulunisine (inference) Ineldlassasia

Y

v Y

WeIiusEnIensiln wuuiaeszsudeyalual Ussuiana1u Backbone, Neck, uaz Head
LWEWTW’IEJ bounding boxes, objectness scores, lLag class probabilities ﬁ]’lﬂﬂgu%l,l,amwa
bounding boxes W58 class labels wag confidence scores MULIA1D34
3. N15USTIHUUIEANS AN ILUUINEDY
isostleflilunmsussfiuussavinmusanuusians fifed
3.1 Precision #39 ANULNUET NU8HIAMNANNTNVBILUUIIADIUNNTYINUY
Naé’wéﬁtﬂumjuﬁaﬂﬁ] (Positive Class) laiagnegnéos Lﬁ@LL“U'U%O’]aE]dﬁ’lu’lEJNa’j’lLﬂuﬂq'Mﬁ

aula gnsnsAmIulag (@uns 2)

o Number of True Positive )
Precision = - — —
Number the model predicts to be Positivepredictions

3.2 Recall 50 M3AINGFU MaiianNLaINITaveILUUTIaedluNTIEUMmNBUN
Junguiiaula (Positive Class) loasutiu lneinandnnudneunigniesisualunguiaula

gasmsAmIniasil (auns 3)

Number of True Positive (3)

Recall = Number of real Positive

3.3 F1-Score 3aAziuY F1 ningdinsindnaienuiuanuaunaseniteniy
walugn (Precision) kagn1sAdnNau (Recall) B9l vinaansmdlanannuLiugazn1saanaull

Agazlndifgaiu Msmuwinazuu F1 1 alireglugi 0-1 Tagen 1 vanefauudnasd

o

ANUIUEMAaEMSAINAUNALEEY gasn1sAuIulAl (auns 4)

Precision X Recall @)

F1 = Score=2x Precision + Recall

3.4 Mean Average Precision at K (mAP@Kk) PI0ANRRYAMUBUUE AR TN U Y

P o

K flan1sA1uinuen Average Precision (AP) vesusiaznteya lnednAwnsalaas (Threshold)

1Y)

ndudule q Asraula (Rank K) wdrrAwIALREEYes APEk dmsunnyatayailiun el

[

9iA1vas mAP@k gnsn1sAwIndsll (auns 5)
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1 —N
—— E . (5)
mAP@k N iZI(AP@L)

[N
o AP@k viungfiafn Average Precision sy K dwiuyadeyad i
o NwynefsdnuIuyatoyaiaviun

o YN (AP@)) ABNTTIAIVDI AP@k NYATRLAT | DagAToyaN N WamTeae

U q

o

IuIuYAtayanavug iemAnaferesANULIug MUY K

MAP@.5 #1318819 A mean Average Precision 1 ® loU (Intersection over Union) 111U

0.5 WudtTanteuldlunsTnussanSamueawuudiasd @1 mAP@.5:.95 MugaaA1 mean

v
o o

Average Precision lnetadglutag loU fiaud 0.5 9 0.95 1 uddinnilanudusinnniu
NAN13IVY

ML uneulsuarUseiiiulssAns aMnveauuudiasin1snsiaduensiduda
muanvslulaudlnglidndsgunsalvudilasmemaianisussuianalaiamivuiiugiu

1ASIUEUTLAMAULUUFITAUINIG L081USEUIRRATAIVUAA NS U 30 SBUNISRNBYN

Y

oA

10.924 4134 IonaansuuuTaediinngn (best model) vu1n 74.8MB Ionadnsiivnzaulas
fiUszansnw d@n F1-Score 1a@® = 1.00 A1 Precision = 1.00, A1 Recall = 1.00, MAP.5 =
0.996 uarA1 mAP.5:95 = 0.845 {3deldthiauenansUsznananamamud1fu fans1ed 5
(Table 5) wazn Wil 6-10 (Figure 6-10)

Table 5 Traing Result.

Model Time (hr)  Epoch Precision Recall F1-score mAP.5 mAP.5:.95

YOLOv7 10.924 30 1.00 1.00 1.00 0.996 0.845

umbing Mating
True

Figure 6 YOLOv7 confusion matrix and accuracy for cow estrus detection.
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Figure 7 Model performance metrics: a) F1 curve, b) precision curve, c) recall curve, d)

precision-recall curve for estrus detection in cows across 4 YOLOV7 classes.

NN 7a (Figure 7a) N3 F1 Curve wanapuduiusseninae Fl-score fiuen
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Aawanaluunansdl annmd 7b (Figure 7b) n5al P Curve wansanuduiusseminag Precision
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Figure 8 Performance of the improved model.
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i udonAaniu Lé’uiﬁqmsgjﬁgL?mLLamsLﬁLﬁu’hLLUUﬁi’waaqﬁgﬂ?Jﬂﬁmiﬁ’lmuaiuﬁu'wmﬁaaﬂa
Anuazapdoyavagou anunsaiFouisuuuuiuguandeyalnslsifinmsinfiatudeystinmn
\Auly (Good Fit) FauanslifiuinnisiFouduaznisineannsavildegsiivszans am

weNNI A8 Precision, Recall, mMAP.5, mAP.5:.95 wazn i 9 (Figure 9) fpgneyadesann

373



Life Sciences and Environment Journal 2024; 25(2): 360-379

dwsuiSeug wavnnil 10 (Figure 10) A8E1aHANTTATINTU adiliuTunaailuseaugs
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Y

ASENWUUTIRBIRUSEENT AN

Figure 10 An example of YOLOV7 prediction for Climbing, Flirting, Mating, and Walking.
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Table 6 Comparison of the proposed non-invasive real-time estrus detection method

in dairy cows with related research on model performance.

Auther (Year) Methods Precision Recall Fi-core mAP.5:.95 Accuracy
Arago et al. 3 Pan-tilt-zoom camera, top view NA NA NA NA 0.5 (TP)
(2020) 1 class (Estrus) 0.5 (FP)
Arikan et al. pan-tilt camera and drone camera CNN: 0.97 CNN: 0.98 CNN: 0.97 NA NA
(2023) - 2 class (Estrus, Non-estrus) VGG-19:0.99 VGG-19: 0.98 VGG-19: 0.97

- total 1,638 images YOLOV5: 0.98 YOLOvV5: 0.98 YOLOvV5: 0.97
Wang et al. Thermal infrared temperatures of NA LOGISTIC: 0.89 NA NA NA
(2023) cows image SVM: 0.89

- 2 class (Estrus, Non-estrus)

- total 400 dataset

Aradhya et al. - CCTV camera, Top-view NA XgBoost: NA NA XgBoost:
(2023) - 2 class (Estrus, Non-estrus) 0.99 0.99

- total 2,200 images
Higaki et al. - 3 webcams (front, top, and rear 0.54 NA 0.61 NA NA
(2021) views of a cow)

- ten estrous cycles in six cows

- tie-stalled cows

- background subtraction technique
Ninphet et al. - 4 CCTV camera (front, top, and 2 YOLOVS5: YOLOVS5: YOLOVS5: YOLOVS5: NA
(2024) Diagonal view from top views) 0.987 1.00 0.993 0.887

- 4 class (walkinf, firting, mating climbing)

- total 1,520 images
Proposed - 4 CCTV camera (front, top, and 2 YOLOVT: YOLOVT: YOLOVT: YOLOVT: NA
YOLOv7 model  Diagonal view from top views) 1.00 1.00 1.00 0.845

- 4 class (walkinf, firting, mating, climbing)

- total 33,802 images

diewSeuifleudsednsanveuuuinaesigidenamunduiunsnsiaduennmadudn

9
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q
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