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ABSTRACT

Image understanding is a fundamental task for many multi-
media and computer vision applications, such as self-driving,
multimedia retrieval, and augmented reality, etc. In this pa-
per, we demonstrate that edge detection could aid image
understanding tasks such as semantic segmentation, optical
flow estimation, and object proposal generation. Based on
our recent research efforts on edge detection, we develop
a robust and efficient Edge-Aided imaGe undERstanding
system named as EAGER. EAGER is built on a compact
and efficient edge detection module, which is constructed
with a bi-directional cascade network, multi-scale feature
enhancement, and layer-specific training supervision, respec-
tively. Based on detected edges, EAGER achieves accurate
semantic segment, optical flow estimation, as well as object
bounding-box proposal generation for user-uploaded images
and videos.
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1 INTRODUCTION

Edge detection [15] is an important and fundamental task for
image understanding. It targets to detect object boundaries
and perceptual salient edges from images, which preserve the
gist of an image and ignore unintended details. Edge detection
often serves as an initial step of many mid-and high-level
multimedia and vision tasks, such as image segmentation [1],
object detection [7], optical flow estimation [17], and etc.

Edge detection faces many challenges. Firstly, edges of
same object may vary considerably in scale. For example, the
scale of edges on human face may vary considerably as the
face goes from far to close to the camera. Secondly, edges
in one image may contain both object-level boundaries and
meaningful local details, hence requiring the edge detector
to present strong discriminative power for both high-level
semantics and low-level visual details. Recent years, we have
witnessed impressive progresses on deep learning based edge
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Figure 1: The main interface of EAGER.

detection. For example, Bertasius et al. [3] employ CNN to
generate features of candidate contour points. Xie et al. [22]
propose an end-to-end detection model that leverages the out-
puts from different intermediate layers with skip-connections.
Liu et al. [12] further learn richer deep representations by
concatenating features derived from all convolutional layers.
Xu et al. [23] introduce a hierarchical deep model to extract
multi-scale features and a gated conditional random field to
fuse them.

Although recent works have significantly boosted the edge
detection accuracy, they generally introduce deeper network-
s and increased computational complexities. Recently, we
conducted several works towards efficient edge detection
with compact neural network. Specifically, we propose a bi-
directional network to train each intermediate network layer
with layer specific supervision, leading to a more efficient
edge detector training strategy. We also use the multi-scale
feature enhancement to encourage the learning of multi-scale
representations in a compact neural network. Those efforts
have significantly boosted the accuracy and efficiency of edge
detection.

Based on our edge detection works, we build the Edge-
Aided imaGe undERstanding system (EAGER) and use de-
tected edges to facilitate vision tasks including semantic
segmentation, optical flow estimation, and object proposal
generation. As shown in Fig. 1, EAGER is a web-based demo
system composed of two modules, i.e., edge detection mod-
ule, and application module, respectively. It allows users to
upload images or videos as input. The edge detection module
detects edges from an input image or video and compares our
results with the ones from several recent algorithms. Based on
the edge detection module, the application module conducts
and demonstrates the results of 1) semantic segmentation for
images and videos, 2) bounding box proposal generation for
images, and 3) optical flow estimation for videos.
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Table 1: Comparison with other edge detection meth-
ods on BSDS500 test set.

Method ODS OIS AP

Human .803 .803 –

DCD [10] .799 .817 .849
ResNet50-AMHNet [23] .798 .829 .869

RCF [12] .811 .830 –
Deep Boundary [9] .813 .831 .866

CED [20] .815 .833 .889

ours .828 .844 .890

Table 2: Comparison of semantic segmentation on
the Pascal Context validation set.

methods PA MPA mIOU

FCN-8s [13] 67.0 50.7 37.8
UoA-Context+CRF [11] 71.5 53.9 43.3
IFCN-8s [19] 74.5 57.7 45.0

DeepLab [6] 70.5 54.6 42.5
HED [22]-BNF 71.1 54.8 42.8
CED [20]-BNF 71.4 55.2 43.1
ours-BNF 71.6 55.3 43.4

2 ALGORITHMS

2.1 Edge Detection

We briefly introduce our algorithms for edge detection, which
mainly consists of two steps, i.e., edge prediction and none-
maximum suppression. Edge prediction is conducted with our
proposed bi-directional network architecture. By introducing
a bi-directional structure to enforce each layer to focus on
a specific scale, our network trains each intermediate layer
with a layer-specific supervision. To enrich the multi-scale
representations learned with a shallow network, we further
introduce a multi-scale feature enhancement block implement-
ed with dilated convolution. The final edge prediction is the
fusion of all the outputs of intermediate network layers. After
that, none-maximum suppression is conducted to generate
the final edges.

Performance of edge detection: We use BSDS500 [1] dataset
to evaluate our edge detection module. BSDS500 contains
200 images for training, 100 images for validation, and 200
images for testing. Each image is manually annotated by
multiple annotators. The final groundtruth is the averaged
annotations by the annotators. We also utilize the strategies
in [22] to augment training and validation sets by randomly
flipping, scaling and rotating images. We also adopt the PAS-
CAL Context dataset [16] as our training set. We report the
performance comparison in Table 1 and show the detection
results in Fig. 2. As show in Table 1, our method achieves
the best performance compared with others.

2.2 Applications

Semantic segmentation targets to label the semantic cate-
gory of each pixel in an image. Since edge prediction keeps

Figure 2: Examples of edge detection on BSDS500
test set. Images from left to right in each example are
the input images, ground truth, and edge predictions
by EAGER.

accurate localisation cues, we use edge detection results to
facilitate semantic segmentation. This module consists of
three parts, i.e, initial segmentation, edge detection, and
refinement module, respectively. We apply deeplab [6] imple-
mented with ResNet101 [8] as the initial segmentation model,
and adopt the boundary neural field [4] to refine the initial
segmentation. We use Pascal Context [16] dataset to evaluate
our semantic segmentation module. Pascal Context includes
10103 images and is split into 4998 images for training, 5015
images for validation. We evaluate on the most frequent 60
classes and report the Pixel Accuracy (PA), Mean Pixel Ac-
curacy (MPA), Mean Intersection Over Union (Mean IOU).
We summarize the comparison in Table 2, where our method
achieves the best results compared with others.

Object proposal targets to generate object proposals which
refer the object localization in image. This module mainly
include two parts, i.e., edge detection and proposal generation.
Ultrametric Contour Map (UCM) is first computed according
to the edge prediction. Object proposals are then generated
using multi-scale combinatorial grouping strategy [2]. We use
Pascal Context dataset [16] to evaluate our methods following
the settings in previous works [14, 21]. The proposed method
achieves competitive performance, e.g., it achieves Average
Recall of 0.73 with ∼2620 proposals per image, better than
CED which achieves 0.73 with ∼2750 proposals per image.

Optical flow estimation aims to estimate the motion cues
between adjacent video frames. We also use edge detection
results to facilitate this task. This module consists of three
parts, i.e., deepmatching [18], which matches adjacent frames,
edge detection for the affinity computation, and the final
optimal flow refinement, respectively. We use MPI Sintel [5]
dataset to evaluate our optical flow estimation methods.
MPI Sintel has 23 and 12 naturalistic video sequences of
animation for training and testing, respectively. Our edge
detection algorithm achieves Average Endpoint Error 3.546
on Sintel training set, better than the 3.588 of HED [22].

3 THE EAGER SYSTEM

EAGER is a web-based demo system built with the edge
detection and application models. The EAGER would run
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Figure 3: Interface of edge detection.

Figure 4: Interface of semantic segmentation and object proposal generation.
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Figure 5: Interface of optical flow estimation.

on a server equipped with GTX-1080 GPU, intel i7 CPU,
and 128GB memory. As shown in Fig. 1, users can select
a video or image as input or upload their own images and
videos. EAGER provides different interfaces to demonstrate
the results of edge detection, semantic segmentation, optical
flow estimation, and object proposal, respectively.

Fig. 3 shows the interface for edge detection, which demon-
strates the input image, our edge prediction, our detected
edges after NMS, as well as the results obtained by RCF [12].
The interface also shows the computational time.

Fig. 4 shows the interface for semantic segmentation and
object proposal generation. The first row shows the input
image, the semantic segmentation of Deeplab [6], as well as
the final semantic segmentation refined by our edge detection
result. The second row shows our edge prediction, the UCM
for object proposal generation, as well as the finally generated
object proposals.

Fig. 5 shows the interface for optical flow estimation. This
module requires a video as input, and estimate the optical
flow in the input video. The interface shows and plays the
original video, the predicted edges on each video frame and
the estimated optical flows between adjacent frames.
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