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Course details
• Class webpage: 

– http://cseweb.ucsd.edu/~mkchandraker/classes/CSE152B/Spring2023/

• Instructor email: 
– mkchandraker@ucsd.edu

• TA: Vishal Vinod
– Emails: vvinod@ucsd.edu

• Grading
– 40% assignments
– 25% midterm (open notes)
– 35% final exam (open notes)

• Aim is to learn together, discuss and have fun!
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Overall goals for the course

• Introduce the state-of-the-art in computer vision

• Study principles that make them possible

• Get understanding of tools that drive computer vision

• Enable one or all of several such outcomes
– Pursue higher studies in computer vision
– Join industry to do cutting-edge work in AI
– Gain an appreciation of modern AI technologies
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Recap
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Object 1: (x1, y1, w1, h1), dog

Object 2: (x2, y2, w2, h2), cat

Object 3: (x3, y3, w3, h3), dog

Object 4: (x4, y4, w4, h4), cat

Object 5: (x5, y5, w5, h5), dog

Need to handle outputs of variable lengths, with both classification and localization

Object Detection
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[Uijlings et al., Selective search for object recognition]

Region Proposals for Object Detection
• Find blob-like regions of image that might be objects
• Do not consider object type and tolerate high rate of false positives
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R-CNN

[Girshick et al., Rich feature hierarchies]
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Predicted box

GT box

5. Bounding box regression • Expensive
• No feature reuse
• CNN forward pass for each region proposal

• Classification and regression are disjoint from 
feature extraction
• CNN features not updated with detection

• Complex training pipeline



Fast R-CNN

• RoI pooling: connects convolutional layers to classifier
• Features and classifier trained together

• Feature extraction just once for the whole image
• Faster inference and training

• Proposals still from external mechanism

Hi-res conv features:
C x H x W

with region proposal

Max-pool within
each grid cell

RoI conv features:
Fixed size C x h x w

to classifier
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• Proposals still from separate 
mechanism in Fast R-CNN

• Insert a Region Proposal  
Network (RPN) after last  
convolutional layer

• RPN trained to produce region
proposals directly, no need for
external region proposals!

• After RPN, use RoI Pooling and an  
upstream classifier and regressor 
just like Fast R-CNN

[Ren et al., Faster R-CNN]

Faster R-CNN
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Faster R-CNN: Anchors
• Consider single object localization

• Simply have a classification and regression head

• But now consider multiple objects, possibly overlapping
• Regression for objects will interfere with each other

• Anchors: a set of reference positions on the feature map
• Anchor box with high ground truth overlap responsible for regressing position
• Determines reference and spatial extent for predicting object

Typically: 3 scales and 3 aspect ratios



Training RPN
• Place anchors uniformly across image, n boxes at every position (typically n = 9)

• For 40 x 60 feature map, about 21k anchor boxes

• RPN output: 4n regression (x, y, w, h) and 2n classification (object, background)

• Labels for RPN classification: compute IoU of anchor boxes with ground truth
• Assign IoU > 0.7 as object  and IoU < 0.3 as background

• Bounding box regression
• Displacement target: distance between centers of ground truth and anchor boxes
• Size target: log ratio of anchor and ground truth dimensions

• Sample 256 anchors to form mini-batch for training

Cross-entropy Smooth L1Bounding box 
label

Regression 
target



Training Overall Detector

• Train CNN + RPN
• Initialize with ImageNet pretrained weights
• Train end-to-end for region proposal task

• Train CNN + Detector
• Initialize with ImageNet pretrained weights
• Use fixed proposals from above RPN
• Train Fast R-CNN for detection task

• Fine-tune RPN
• Use CNN from above step
• Fine-tune RPN for proposal task

• Fine-tune detector
• Keep CNN fixed
• Fine-tune Fast R-CNN layers for detection task



We say the detection is correct (a “true positive”) if 
the intersection of the bounding boxes, divided by 
their union, is greater than a threshold.

gtB

pB correctao Þ> 5.0

Object Detection Evaluation: Scoring a Bounding Box
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Query Results (ordered):

Object Detection Evaluation: Average Precision

• Ordering determined by detector confidence 
(say, softmax score)

• Choose the IoU threshold
• Plot the precision-recall curve
• Average precision: area under the curve
• Mean AP: average AP across all categories

• AP-k: AP value with k% IoU
• Another metric: report the average of AP-k, 

for various k = [50, 55, ...., 95].
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[Lin et al., MS COCO]

Instance Segmentation
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[He et al., Mask R-CNN]

Instance Segmentation

• Two choices:
• Predict instance first, then classify
• Segment first, then break into instances

• Mask R-CNN is instance-first

• Also applicable to human pose estimation 
with keypoints as one-hot masks
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• Predict mask in parallel to class 
(rather than before class)

• Decouple mask (FCN) and class 
prediction (Faster R-CNN)

• RoIAlign: quantization-free for 
better localization

[He et al., Mask R-CNN]

Mask R-CNN
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RoI-Pooling in Faster R-CNN
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[Credit: deepsense.io]

Fine for classification which is robust 
to small translations, but need 
better for pixel-level masks



RoI-Align in Mask R-CNN
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[Credit: Silvio Galesso]



Single-Shot Detector

• Two step process of Faster R-CNN can be expensive
• Box classification and regression are done twice
• RPN produces boxes, but they are used to pool features 
• Separate classifier then used for evaluation 

• Key motivation for SSD: achieve good accuracy-speed trade-off
• Use something similar to RPN for directly scoring anchors
• Extract anchors at multiple scales to get accuracy with minimal overhead 

Faster R-CNN SSD



Single-Shot Detector

• Standard VGG (or ResNet) base network

• Add further layers with progressively decreasing size
• Used for predicting detections at multiple scales
• Layers with wider receptive fields expected to detect larger objects

[Liu et al., SSD]



SSD: Default boxes (anchors)

• SSD uses default boxes, which are similar to anchors in Faster R-CNN

• Default boxes located at each cell on the feature map
• Multiple boxes corresponding to different aspect ratios

• Default boxes across feature layers for better discretization of scale

𝑺𝒌 × 𝑺𝒌

𝑺𝒌
𝒂𝒓

× 𝑺𝒌 𝒂𝒓

𝑺𝒌 𝒂𝒓 ×
𝑺𝒌
𝒂𝒓

Feature Map

Each position has
anchor boxes of

different aspect ratio

𝒂𝒓 : Aspect ratio
𝒂𝒓 ∈ {𝟏, 𝟐, 𝟑,

𝟏
𝟐
, 𝟏
𝟑
}



SSD: Default boxes (anchors)

• Anchor boxes of different feature maps have different scales
• Various feature maps responsible for detecting objects of different sizes

• Let m be the number of feature maps used for prediction 
• Let sk denote the scale of feature map k
• Define smin = 0.2 and smax = 0.9



SSD: Convolution prediction at multiple scales

• On each feature map, two types of convolutional filters applied
• c filters for class prediction, where c is the number of object categories
• 4 filters for bounding box regression, for coordinates x, y, w, h

• With k default boxes at every cell, there are (𝑐+4)𝑘 filters for each feature map

• Output for 𝑚×𝑛 feature map is a 𝑚×𝑛×(𝑐+4)𝑘 map
• Represents category label and regression offsets for each default box

𝒎×𝒏×𝒅 feature map

𝒄 + 𝟒 𝒌
convolutional filters 

of size 3x3
𝐦×𝒏× 𝒄 + 𝟒 𝒌
predicted maps



SSD: Training
• Need to match ground truth to default boxes to allow training
• Ground truth positives: match ground truth to each default box with IoU > 0.5
• Ground truth negatives: all other default boxes



SSD: Training
• Need to match ground truth to default boxes to allow training
• Ground truth positives: match ground truth to each default box with IoU > 0.5
• Ground truth negatives: all other default boxes

• Loss: Combination of classification confidence and localization accuracy

• Classification loss is softmax for multi-class prediction

• Smooth L1 loss for localization

xijp = 1 if default box i matches ground truth box j of class p, otherwise 0

Predicted location Ground truth for box jOffsets



SSD: Training
• Need to match ground truth to default boxes to allow training
• Ground truth positives: match ground truth to each default box with IoU > 0.5
• Ground truth negatives: all other default boxes

• Loss: Combination of classification confidence and localization accuracy

• Classification loss is softmax for multi-class prediction

• Smooth L1 loss for localization

• Number of negatives far exceeds positives
• Hard negative mining: choose default boxes with highest classification loss

xijp = 1 if default box i matches ground truth box j of class p, otherwise 0

Predicted location Ground truth for box jOffsets



Object Detection: Accuracy and Speed
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