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1 Hardware and Software Requirements

Google Collab is a cloud-based environment that is an open platform used to develop deep
learning algorithms. Gmail account is required to sign into Google Collab. In the beginning
each user is allocated with a default 12.73 GB of RAM which can be upgraded up to 25GB
and also 64 GB of Hard Disk Space. The research work is performed using the below-
mentioned specifications.

RAM 12.73GB RAM
Hard Disk Space 64 GB

0S Windows 10
Runtime GPU

The deep learning models are developed using Detectron2 and MM Detection Frameworks.
To install these, the below requirements are to be met (Detectron2: A PyTorch-based
modular object detection library, 2019)

Detectron2:

Python >=3.6

PyTorch>=1.4

Open CV optional (Installation — detectron2 0.2.1 documentation, 2019)

MM Detection:

Python 3.6+

PyTorch 1.3+

CUDA 9.2+

GCC 5+

mmcv-full (Installation — MMDetection 1.0.0 documentation, 2018).

Tensor Board is used to Visualize the created model
Labellmg Tool is used to Label the images.

2 Data Collection and Preparation

Data Collected from ImageNet and VIVID Vehicle tracking website as shown in figure 1 and
figure 2. Data is publicly available for research purposes.




IM2GENET SEARGH

Logged in as de

ImageNet is under maintenance. Only ILSVRC synsets are included in the search results. Rra

Synset: military uniform

Definition: prescribed identifying uniform for soldiers.
Popularity percentile:: 74%

Depth in WordNet: 7

Synset: warplane,_military_plane

Definition: an aircraft designed and used for combat.
Popularity percentile:: 72%

Depth in WordNet: 8

Figure 1: Data Collected From ImageNet

VIVID Tracking Evaluation Web Site

DR Software Submission Results

Datasets | Index > PETS2005 > EgTest03

PETS2005 : EgTest03

Download: Dataset Ground-Truth

Description

From data collected at Eglin Air Base during DARPA VIVID program. Two sets of three military vehicles pas
three. Change of scale as the airborne camera circles the scene. Tracked vehicle is occluded by, and occlu

Preview JPEG Video Frames

Figure 2: Data Collected From VIVID Website



The gathered images are labelled according to each class using the Labellmg tool and saved
in pascalvoc format as shown in figure 3 (Pokhrel, 2020).

Box Labels
oy
; [ diffcult
oFeh DiF [] use defaul
nange Save Dir
Next Image
Prev Image
Verify Image
Save
</>
PascalVOC
LY}
{gateliaduac File List
\\devar\Desk
dlicate\nRectBox devar\Desk
devar\Desk
\\devar\Desk
elete\nRectBox \devar\Desk
devar\Desk
Q devar\Desk
Zoomin devar\Desk
79 % (devar\Desk
Q devar\Desk
D devar\Desk
2o devar\Desk
Q \devar\Desk
Fit Window devar\Desk
devar\Desk
Q@ S

Figure 3: Labeling images

For creating COCO JSON file python code is written in google collab the figure 4 shows
mounting google drive to collab to load data.

& main_image_annotation_Binarymask.ipynb 77

File Edit View Insert Runtime Tools Help All changes saved

X + Code + Text

= Files
G B
<> . > ° from google.colab import drive
o . drive.mount('/content/drive")
= » @ drive ; ;
[» Go to this URL in a browser: https://accounts.google.com/o/oauth2/aut

» @ sample_data
Enter your authorization code:

Mounted at /content/drive

4 [

Figure 4: Mounting Google Drive



After loading data, binary mask images are created. These are helpful to generate JSON file
and it contains ground truths and boundary box values, etc. In mask images, the white colour
box indicates the object and the black colour indicates the background.

B data
~ (@ annotations

B 0_MilitaryJeep_3.jpg
B 0_MilitaryTruck_0.jpg
B O0_MilitaryTruck_1.jpg
B 0_MilitaryTruck_2.jpg

B 700_Tank_0.jpg
B 101_Tank_0.jpg
B 102_Tank_0.jpg
B 102_Tank_1.jpg
B 103_Tank_0.jpg
B 104_Tank_0.jpg
B 105_Person_1.jpg
B 105_Person_2.jpg
B 105_Person_3.jpg
B 105_Person_4.jpg
B 105_Tank_0.jpg
B 106_Tank_0.jpg
B 107_Person_1.jpg

[26]

[27]

[28]

[29]

3

[30]

3

def get xm
fname
fname
return

def get xm
fname
path =
return

def get_im
fname
path =
return

get_xml_fi

'Aerialimg

get_xml_fi

' /content/

Figure 5: Binary Mask Images

Below figure 6 represents the creation of the coco Json file. Three files are generated
separately to train, validate, and test.

i data

» @ annotations

» @B images

» @@ pickle_files

» @@ shapes

» BB xmis

i drive

@B pycococreatortools

B sample_data
@B shapestest
B Testzip

B military_coco_creation_test.json
B military_coco_creation_train.json
B military_coco_creation_val.json

3

segmentation_id = segmentation_id + 1
image_id = image_id + 1

with open('{}/military_coco creation_test.json'.format(ROOT_DIR), '

#with open('{}/military_coco_creation_val.json'.format(ROOT_DIR), 'w

#with open('{}/military coco_creation_train.json'.format(ROOT_DIR),
json.dump(coco_output, output json file)

[53] main()

/content/data/annotations/16_MilitaryTruck 2.jpg
B /content/data/annotations/16_MilitaryTruck 1.jpg
/content/data/annotations/16_MilitaryJeep 3.jpg
/content/data/annotations/80_Ship_0.jpg
/content/data/annotations/127_Tank_©.7jpg
/content/data/annotations/7_MilitaryTruck_1.jpg

Figure 6: coco json file

Implementation and Evaluation of Models

Faster R-CNN model is implemented using Detectron2 library. The following figure 7
displays the Environment setup of detectron2.



: Apps ® Gmail National College of... 1 Course: Data Minin... @ Access Panel Applic.. ©2 Mail - Venkata Dev... - Dashboard Running an Analysis

¢ & Detectron2_Faster RCNN

File Edit View Insert Runtime Tools Help Saving...

X + Code + Text

= Files . :
° Successfully installed fvcore-e.1.1 portalocker-2.0.0 pyyaml-5.3.1 yacs-0.1.7
s 2 R '1.6.0+culol’
(B
3 o= o
~ [ Objectdetection = [ 1 !git clone https://github.com/facebookresearch/detectron2 Objectdetection
» @@ build Ipip install -e Objectdetection
» [ configs Collecting Pillow»=7.1

» @@ datasets g Downloading https://files.pythonhosted.org/packages/30/bf/92385b4262178ca22t
[
» @@ demo Requirement already satisfied: yacs»=0.1.6 in /usr/local/lib/python3.6/dist-p:

» @B detectron2 Requirement already satisfied: tabulate in /usr/local/lib/python3.6/dist-pack:
@ Requirement already satisfied: cloudpickle in /usr/local/lib/python3.6/dist-p:

¥ [ defectrond.eqgrinio Requirement already satisfied: matplotlib in /usr/local/lib/python3.6/dist-pac

» @ dev Collecting mock

» @m docker Downloading https://files.pythonhosted.org/packages/cd/74/d72daf8dff5b6566dt

B A~n~e

Requirement already satisfied: tqdm»>4.29.0 in /usr/local/lib/python3.6/dist-p:

Figure 7: Detectron2 Setup

Figure 8 shows the required libraries and loading the data from drive to object detection
directory.

f & Detectron2_Faster RCNN

File Edit View Insert Runtime Tools Help All changes saved

X + Code + Text

= Files )
import cv2
, rc m [2] from google.colab.patches import cv2_imshow
s # import some common detectron2 utilities
9 C . from detectron2.engine import DefaultPredictor
~ [ Objectdetection - from detectron2.config import get_cfg
» @@ build from detectron2.utils.visualizer import visualizer
» @ configs from detectron2.data import MetadataCatalog, DatasetCatalog
v~ @@ data
» @B shapes [3] %cd /content/drive/My\ Drive
» @ shapestest #!cp model _final.pth /content/Objectdetection/outputs

# lzip -r data.zip data/

> I shapesval lcp -r data.zip  /content/Objectdetection

B military_coco_creation_test.json

B military_coco_creation_train.json %cd /content/Objectdetection/
" ) ) lunzi i
B military_coco_creation_val.json funzip data.zip
» W datasets 0 im‘lating: datal/sha;es'/1054.3';)g
» @@ demo inflating: data/shapes/1061.jpg

inflating: data/shapes/1059.jpg

taime

» Bm detertran?

Figure 8: Importing Libraries



Figure 9 shows registering the JSON files and image shapes under the coco instances and the
metadata catalog contains dataset information like no of classes etc which can be useful to
visualize and evaluate.

[8] 7%cd /content/Objectdetection

28 /content/0Objectdetection

[9] from detectron2.data.datasets import register_coco_instances
register_coco_instances("military_image train", {}, "data/military_coco_creation_train.json", "da
register _coco_instances("military image val", {}, "data/military_coco_creation val.json", "data/s
register_coco_instances("military image test", {}, "data/military_coco_creation_test.json", "data

[10] from detectron2.data import DatasetCatalog, MetadataCatalog
military image metadata = MetadataCatalog.get("military image train")
dataset_dicts = DatasetCatalog.get("military_image train")

> [08/09 10:12:10 d2.data.datasets.coco]: Loaded 1100 images in COCO format from data/military_coco

[11] from detectron2.data import DatasetCatalog, MetadataCatalog
military_image metadata_test = MetadataCatalog.get("military image test")
dataset dicts test = DatasetCatalog.get("military image test™)

> [08/09 10:12:17 d2.data.datasets.coco]: Loaded 200 images in COCO format from data/military_coco_
Figure 9: Data Registering

Randomly visualizing the ground truth annotations with class names in figure 10.

° import random

for d in random.sample(dataset dicts, 15):
img = cv2.imread(d["file name"])

visualizer = visualizer(img[:, :, ::-1], metadata=military image metadata, scale=0.8)
vis = visualizer.draw_dataset dict(d)
cv2_imshow(vis.get _image()[:, :, ::-1])

Figure 10: Visualizing Annotations



Preparing the Faster R-CNN model for training as shown in figure 11 using config file and
training data using pre-trained weights from the model zoo with learning rate, batch size, and
with 20k iterations.

NN
le Tools Help Saving...

X + Code + Text
Trum uTLeo UIlL.EIIE.LIIC .LIIIlJUI L utiauictiiaLncer
° #from detectron2.evaluation.coco_evaluation import COCOEvaluator
import os

cfg = get_cfg()
cfg.merge_from_file("configs/C0CO-Detection/faster_rcnn_R_101 FPN_3x.yaml™)
cfg.DATASETS.TRAIN = ("military_image_train",)

cfg.DATASETS.TEST = ("military_image_train",)

cfg.DATALOADER.NUM_WORKERS = 2

cfg.MODEL.WEIGHTS = "detectron2://C0OCO-Detection/faster_rcnn_R_101_FPN_3x/137851257/model final_ f¢
cfg.SOLVER.IMS_PER BATCH = 2

cfg.SOLVER.BASE_LR = 0.01

#cfg.SOLVER.WARMUP_ITERS = 1000

cfg.SOLVER.MAX_ITER = 20000 #adjust up if val mAP is still rising, adjust down if overfit
cfg.SOLVER.GAMMA = 0.05

cfg.MODEL .ROI_HEADS.BATCH SIZE PER_IMAGE = 128

cfg.MODEL.ROI_HEADS.NUM CLASSES = 8

cfg.TEST.EVAL_PERIOD = 10000

Figure 11: Traing the Faster R-CNN model

In figure 12 we can see the Faster R-CNN model with FPN using ResNet backbone.

( & Detectron2_Faster RCNN

File Edit View Insert Runtime Tools Help

X + Code + Text

i= Files
o e N ~ Training The Model
- [+ |
- B ObjecheteCtlon = os.makedirs(cfg.OUTPUT_DIR, exist_ok=True)
» [ build trainer = CocoTrainer(cfg)
» @m configs trainer.resume_or_load(resume=False)
» @@ data
» Em datasets trainer.train()
» @@ demo «. [08/09 10:22:30 d2.engine.defaults]: Model:
» @@ detectron2 GeneralizedRCNN(
. (backbone): FPN(
» W detectron2.egg-info (fpn_lateral2): Conv2d(256, 256, kernel _size=(1, 1), stride=(1, 1))
» @m dev (fpn_output2): Conv2d(256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
» am docker (fpn_lateral3): Conv2d(512, 256, kernel_size=(1, 1), stride=(1, 1))

(fpn_output3): Conv2d(256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))
» @m docs (fpn_laterala): cConv2d(1024, 256, kernel_size=(1, 1), stride=(1, 1))
(fpn_output4): conv2d(256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

> I projects (fpn_lateral5): Conv2d(2048, 256, kernel size=(1, 1), stride=(1, 1))
> [ tests (fpn_outputs): Conv2d(256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
» @ tools (top_block): LastLevelMaxPool()
(bottom_up): ResNet(
B GETTING_STARTED.md {stem): BasicSten(
B INSTALLmd (conv1): Conv2d(
LICENSE 3, 64, kernel_size=(7, 7), stride=(2, 2), padding=(3, 3), bias=False
B (norm): FrozenBatchNorm2d(num_features=64, eps=1e-05)
B MODEL_Z0O.md )
)
res2): Sequentia
B README.md (al
B data.zip (0): Bottleneckslock(

Figure 12: FPN using ResNet Backbone
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Training data Average Precision and Average Recall values are calculated as shown in figure
13 at different 10U thresholds and at different object sizes. For each class, average precision
value is calculated (COCO Consortium, 2016).

p All changes saved

+ Code + Text

index created!
Running per image evaluation...

(68 Evaluate annotation type *bbox*
Cocoeval_opt.evaluate() finished in ©.16 seconds.
Accumulating evaluation results...
COCOeval_opt.accumulate() finished in ©.03 seconds.

Average Precision (AP) @[ Iou=0.50:0.95 | area= all | maxDets=100 ] = 0.820
Average Precision (AP) @[ Iou=0.50 | area= all | maxDets=100 ] = ©.997
Average Precision (AP) @[ Iou=0.75 | area= all | maxDets=100 ] = 9.984
Average Precision (AP) @[ Iou=0.50:0.95 | area= small | maxDets=100 ] = 0.768
Average Precision (AP) @[ IoU=0.50:0.95 | area=medium | maxDets=100 ] = 0.754
Average Precision (AP) @[ IoU=0.50:0.95 | area= large | maxDets=100 ] = 0.847
Average Recall (AR) @[ IoU=0.50:0.95 | area= all | maxDets= 1 ] = 0.671
Average Recall (AR) @[ IoU=0.50:0.95 | area= all | maxDets= 10 ] = 0.859
Average Recall (AR) @[ IoU=0.50:0.95 | area= all | maxDets=100 ] = ©.859
Average Recall (AR) @[ IoU=0.50:0.95 | area= small | maxDets=100 ] = 0.788
Average Recall (AR) @[ IoU=0.50:0.95 | area=medium | maxDets=100 ] = 0.798
Average Recall (AR) @[ IoU=0.50:0.95 | area= large | maxDets=100 ] = 0.883
[08/09 12:36:29 d2.evaluation.coco_evaluation]: Evaluation results for bbox:

| AP | APS@ | AP75 | APs | APm | AP1l |

[i-mm-m- e tie---- I e e B

| 81.979 | 99.732 | 98.353 | 76.764 | 75.411 | 84.729 |

[08/09 12:36:29 d2.evaluation.coco_evaluation]: Per-category bbox AP:

| category | AP | category | AP | category | AP |

| warplane | 75.061 | Plane | 87.552 | Tank | 86.589

| warship | 86.239 | ship | 88.886 | Person | 72.403

| MilitaryTruck | 81.955 | MilitaryJeep | 77.149 | | |

[08/09 12:36:29 d2.engine.defaults]: Evaluation results for military_image_train in csv format:

[08/09 12:36:29 d2.evaluation.testing]: copypaste: Task: bbox

[08/09 12:36:29 d2.evaluation.testing]: copypaste: AP,APS5@,AP75,APs,APm,APl

[08/09 12:36:29 d2.evaluation.testing]: copypaste: 81.9793,99.7321,98.3534,76.7642,75.4107,84.7289
[08/09 12:36:29 d2.utils.events]: eta: 0:00:00 iter: 19999 total_loss: ©.116 loss_cls: ©.025 loss.
[08/09 12:36:29 d2.engine.hooks]: Overall training speed: 19997 iterations in 2:09:50 (©.3896 s / it)
[08/09 12:36:29 d2.engine.hooks]: Total training time: 2:13:40 (©:03:50 on hooks)

Figure 13: Precision and Recall values on Train Data

Visualizing the precision and recall values of trained Faster R-CNN model using the Tensor
Board as shown in figure 14.

& Detectron2_Faster RCNN ]

File Edit View Insert Runtime Tools Help Allchanges saved

X + Code + Text
a7

les

S ———

J LT S e T e ety TPy Seos e wvavis
[e8/09 12:36:29 d2.engine.hooks]: Total training time: 2:13:40 (©:03:50 on hooks)

G R o3

n 3 . P .

W Objectdetection ~ Visualizing Trained Model
m drive

M sample_data

. shapestest.zip ° # Look at training curves in tensorboard:

#load_ext tensorboard

B shapesval.zip %tensorboard --logdir output
C

TensorBoard SCALARS

bbox
[ Show data download links
[ 1gnore outliers in chart scalin:

PREVIOUS PAGE NEXT PAGE

Tooltip sorting -
method: cefalit P APSO

tag: bbox/AP tag: bbox/APS0
Smoothing 81 997

— o 06 7

Horizontal Axis ]
997

STEP RELATIVE 8
: 997

Figure 14: Visualizing Results
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Output Predictions of the created Faster R-CNN model on test data is shown in figure 15.

~ Visualizing the Test Output Predictions

° from detectron2.utils.visualizer import ColorMode
#dataset_dicts = get military dicts("military_image train")
for d in random.sample(dataset_dicts_test, 15):
im = cv2.imread(d["file_name"])
outputs = predictor(im)
v = Visualizer(im[:, :, ::-1],
metadata=military image metadata_test,
scale=0.8,
# instance_mode=ColorMode.IMAGE_BW # remove the colors of unsegmented pixels

)

v = v.draw_instance_predictions(outputs[“instances"].to("cpu™))
cv2_imshow(v.get_image()[:, :, ::-1])

E—)

Figure 15: Faster R-CNN Predictions

As shown in figure 16, predicting the objects from an image taken randomly from google to
test the Faster R-CNN model performance.

Files X + Code + Text
e e ——|
G R
+ 8 ~ Random Image Taken From Google
» [ Objectdetection
» Bm drive
» BB sample_data ° from detectron2.utils.visualizer import ColorMode
B images jfif

im = cv2.imread('/content/images1.jfif")
outputs = predictor(im)

B imagest ffif

B shapestest.zip v = Visualizer(im[:, :, ::-1],
: metadata=military_image_metadata,
B shapesval.zip Soalii
=0.90,

# instance_mode=ColorMode.IMAGE_BW # remove t
)
v = v.draw_instance_predictions(outputs["instances"].to("cpu"))
cv2_imshow(v.get_image()[:, :, ::-1])

Figure 16: Tesing on Google Images
9



Creating the Environment to train SSD300 model using MM Detection as shown in figure 17
ans downloading the required libraries.

& MM Detection_SSD_VGG.ipynb

(
File Edit View Insert Runtime Tools Help All changes saved
+ Code + Text
= Files X
intlating: data/shapes/104.7jpg
. C2 B3 inflating: data/shapes/113.7jpg
[+ I : :
- [ — ~ Creating The Environment
» @m data
» @@ mmcv []
» @@ mmdetection Imkdir ODSSDVGG
» @@ drive
» [ sample_data [1] !pip install mmcv-full==latest+torchl.5.0+cul@l -f https://openmmlab.oss-accelel

[> Looking in links: https://openmmlab.oss-accelerate.aliyuncs.com/mmcv/dist/index

Collecting mmcv-full==latest+torchl.5.0+cul0l

Using cached https://openmmlab.oss-accelerate.aliyuncs.com/mmcv/dist/latest/tc
Requirement already satisfied: opencv-python>=3 in /usr/local/lib/python3.6/disi
Requirement already satisfied: yapf in /usr/local/lib/python3.6/dist-packages (-
Requirement already satisfied: numpy in /usr/local/lib/python3.6/dist-packages
Requirement already satisfied: addict in /usr/local/lib/python3.6/dist-packages
Requirement already satisfied: pyyaml in /usr/local/lib/python3.6/dist-packages
Installing collected packages: mmcv-full

Found existing installation: mmcv-full 1.0.5

Figure 17 : Creating the Environment
Training the SSD300 model using train.py and passing the config file SSD300_VGG_16.py

which contains model parameters and in figure 18 it shows Cuda, PyTorch, python, and GCC
versions.

& MM Detection_SSD_VGG.ipynb

O
File Edit View Insert Runtime Tools Help Saving...
+ Code + Text
= Files X *
B {'/content/0DSSDVGG/mmdetection’}
<> G B
[ ] < Traii
- g —— _ ~ Training The Model
» @M pisa
» @@ point_rend
» [ regnet Ipython -W ignore::UserWarning {project_name}/tools/train.py {config_fname}

» [ reppoints . ¢ < s 3
«. fatal: not a git repository (or any of the parent directories): .git
» [ res2net 2020-08-09 16:41:29,614 - mmdet - INFO - Environment info:

L L5 (10 LT
sys.platform: linux

> @ pn python: 3.6.9 (default, Jul 17 2020, 12:50:27) [GCC 8.4.0]
» [ scratch CUDA available: True
, mm ssd CUDA_HOME: /usr/local/cuda
NVCC: Cuda compilation tools, release 10.1, V10.1.243
» W wider_face GPU @: Tesla K80
B 55d300_VGG_16.py GCC: gcc (Ubuntu 7.5.0-3ubuntul~18.04) 7.5.0
PyTorch: 1.6.0+culel
» @@ demo PyTorch compiling details: PyTorch built with:
» mm dist - GCC 7.3

- C++ Version: 201402
> W docker - Intel(R) Math Kernel Library Version 2019.6.5 Product Build 20190808 for Intel(R) 64 architec
» [@m docs - Intel(R) MKL-DNN v1.5.0 (Git Hash e2acifac44c5078ca927cboboeelb3e66aob2edo)
- OpenMP 201511 (a.k.a. OpenMP 4.5)
- NNPACK is enabled
» @ mmdet - CPU capability usage: AVX2
» @@ mmdet.egg-info - CUDA Runt?me 10.1
N - NVCC architecture flags: -gencodejarch=compute_37,code=sm_37;-gencode;arch=compute_50, code=sn
» @ mmdetection ~ CUDNN 7.6.3

» @B requirements - Magma 2.5.2 )
- Build settings: BLAS=MKL, BUILD_TYPE=Release, CXX_FLAGS= -Wno-deprecated -fvisibility-inline:

> @@ mmcv

» Em rocniirroc -

Figure 18: Training SSD300
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SSD300 model Average Precision and Average Recall values are displayed as shown in

figure 19.
X ™ wuuc T I1CAL

AvEr age nevars VAN W AUUSULJULUr IO | G COSMSULUN | MGAUCLI—LUUU | = Uso0s

[17] Average Recall (AR) @[ Iou=@.50:0.95 | area= large | maxDets=1eee ] = 0.684
2020-08-99 18:24:40,833 - mmdet - INFO - Saving checkpoint at 3@ epochs

> [>»] 1100/1100, 17.2 task/s, elapsed: 64s, ETA: 052020-08-09 18:25:45,594 - mmdet
Loading and preparing results...
R DONE (t=0.05s)

creating index...
index created!
Running per image evaluation...
Evaluate annotation type *bbox*®
DONE (t=1.90s).
Accumulating evaluation results...
DONE (t=0.45s).
Average Precision (AP) @[ ToU=8.50:0.95 | area= all | maxDets=160 ] = ©.680
Average Precision (AP) @[ Iou=8.5@ | area= all | maxDets=180@ ] = 8.924
Average Precision (AP) @[ Iou=@.75 | area= all | maxDets=180@ ] = ©.798
Average Precision (AP) @[ Iou=0.50:0.95 | area= small | maxDets=10e0@ ] = @.701
Average Precision (AP) @[ Iou=8.50:0.95 | area=medium | maxDets=1eee ] = @.517
Average Precision (AP) @[ Iou=0.50:0.95 | area= large | maxDets=10e@ ] = @.617
Average Recall (AR) @[ Iou=@.50:9.95 | area= all | maxDets=1ee ] = ©.7326
Average Recall (AR) @[ IoU=@.50:2.95 | area= all | maxDets=3@@ ] = ©.7326
Average Recall (AR) @[ IoU=@.50:9.95 | area= all | maxDets=1ee@ ] = ©.736
Average Recall (AR) @[ IoU=0.50:©.95 | area= small | maxDets=1000 ] = ©.735
Average Recall (AR) @[ IoU=0.50:©.95 | area=medium | maxDets=1000 ] = ©.584
Average Recall (AR) @[ IoU=0.50:0.95 | area= large | maxDets=1000 ] = ©.687

Figure 19: Precision and Recall Values for SSD300

Visualizing the model mean average precision and recall values using the tensor board as

shown in figure 20.

~ Visualzing The Trained Model

© load_ext tensorboard

(g

#%reload_ext tensorboard
%tensorboard --logdir work_dirs

TensorBoard

[C] Show data download links

Ignore outliers in chart scalin

Tooltip sorting
method:

Smoothing

—

Horizontal Axis

0.6

STEP RELATIVE

Figure 20: Visualizing precision and recall values
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SSD300 model output predictions are shown in figure 21. Threshold score was set to 0.6. The
model show boundary boxes with a score greater than or equal to 0.6.

~ Visualzing The Model Predictions

model = init detector(config fname, checkpoint file)

img = '/content/ODSSDVGG/data/shapes/896.]pg"
result = inference_detector(model, img)

img=show_result pyplot(model, img, result,score_thr=0.6, fig size=(10, 10))

sle

Figure 21: SSD300 Model Predictions

Testing SSD300 model performance on the image taken from google as shown in figure 22.

~ Random Images Taken From Google to Test The Model

° model = init_detector(config_fname, checkpoint_file)

img = '/content/images.jfif’
result = inference_detector(model, img)
img=show_result_pyplot(model, img, result,score_thr=0.5, fig size=(10, 190))
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Figure 22: Testing on Google Images
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