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Abstract— Keypoint detection and tracking in traditional im-
age frames are often compromised by image quality issues such
as motion blur and extreme lighting conditions. Event cameras
offer potential solutions to these challenges by virtue of their
high temporal resolution and high dynamic range. However,
they have limited performance in practical applications due
to their inherent noise in event data. This paper advocates
fusing the complementary information from image frames and
event streams to achieve more robust keypoint detection and
tracking. Specifically, we propose a novel keypoint detection
network that fuses the textural and structural information
from image frames with the high-temporal-resolution motion
information from event streams, namely FE-DeTr. The network
leverages a temporal response consistency for supervision,
ensuring stable and efficient keypoint detection. Moreover,
we use a spatio-temporal nearest-neighbor search strategy for
robust keypoint tracking. Extensive experiments are conducted
on a new dataset featuring both image frames and event
data captured under extreme conditions. The experimental
results confirm the superior performance of our method over
both existing frame-based and event-based methods. Our code,
pre-trained models, and dataset are available at https://
github.com/yuyangpoi/FE-DeTr.

I. INTRODUCTION

Keypoint detection and tracking serve as critical com-
ponents for a range of applications, such as Simultaneous
Localization and Mapping (SLAM) and Structure from Mo-
tion (SfM). Traditional frame-based methods [1]-[10] rely on
sharp, distinct features within an image to detect and track
keypoints. However, motion blur substantially distorts these
features, making keypoints difficult to locate. Additionally,
motion information present during the exposure time can’t
be captured, making accurate keypoint tracking an insur-
mountable challenge. Extreme lighting conditions, such as
overexposure and low light, exacerbate these challenges by
producing frames that are either washed out or inadequately
illuminated, further hampering feature identification. Al-
though BALF [11] introduces an MLP-based architecture for
local keypoint detection within blurred images, it still can’t
effectively handle images under extreme lighting conditions.

Event cameras can overcome these limitations because
they capture environmental changes asynchronously, pro-
viding events with extraordinarily high temporal resolution
and high dynamic range [12]-[14]. These characteristics
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Fig. 1: Our method (bottom) leverages the complementary
characteristics of image frames and event streams, allowing
for stable keypoint detection and tracking in extreme con-
ditions compared to frame-based methods (top) and event-
based methods (middle).

enable them to capture necessary information for keypoint
detection and tracking [15]-[24] under challenging con-
ditions. Nonetheless, event cameras also come with their
limitations: they only capture dynamic changes in luminance,
lack details on absolute intensity or texture, and are noisy due
to both operational principles and hardware constraints. On
the contrary, image frames preserve stable structural features,
and also mitigate the impact of event noise [25]. Motivated
by the complementary strengths of both, we propose fusing
image frames with event data to enhance keypoint detection
and tracking performance in challenging conditions.

In this paper, we propose a keypoint detection and track-
ing framework that fuses image frames and event data
(i.e., FE-DeTr). The detection network in the framework
is trained using a supervision strategy based on tempo-
ral response consistency. The objective is to exploit the
complementary information from image frames and event
data to identify keypoints exhibiting temporal and spatial
persistence, enabling their extended tracking using a spatio-
temporal nearest-neighbor strategy. An overall diagram of
our proposed approach is illustrated in Fig. 1. The keypoint
detection network comprises a Fusion Feature Extractor
(FFE), a Motion Extractor (ME), and a Motion-Aware Head
(MAH). The FFE fuses complementary information from
image frames and events and achieves the propagation of
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incorporates an iterative strategy for handling relative mo-
tion, implicitly warping keypoint responses at different time
instants using deformable convolutions to improve response
repeatability. The supervision based on temporal response
consistency relies solely on the relative motion relationships
between different time instants, further ensuring the repeata-
bility of detected keypoints.
The main contributions are listed as follows:

e We propose the first framework fusing image frames
and events for robust keypoint detection and tracking
under extreme conditions.

o We design a Motion-Aware Head based on an iterative
strategy and introduce a supervision strategy built on
temporal response consistency, which enables the net-
work to produce stable and highly repeatable responses
for long-term keypoint tracking.

e We contribute a new keypoint detection and tracking
dataset that contains both image frames and event data,
encompassing high-speed motion and extreme lighting
scenarios. Experimental results on this dataset demon-
strate our method outperforms both frame-based and
event-based methods under extreme conditions.

II. RELATED WORK

In this section, we review the frame-based and event-based
methods for keypoint detection and tracking.

A. Frame-Based methods

Learning-based keypoint detection and tracking on image
frames have been studied over years. Most keypoint detection
methods also encode local descriptors for matching.

Keypoint detection: Lift [26] is an early pioneer in explor-
ing CNNs for local feature extraction and description. Super-
point [1] presents a learning-based local descriptor and a self-
supervised keypoint detection that utilizes pseudo-ground
truth correspondences with homographic transformations.
Unsuperpoint [2] and R2D2 [3] propose to extract highly
repeatable keypoints from image geometric transformations.
SiLK [27] summarizes prior work and improves the stability
of detection and matching by defining transition probabilities
on descriptor similarity. BALF [11] utilizes an MLP-based
structure to effectively detect keypoint within blurred images.
However, on the one hand, the definition of keypoints in
blurred images isn’t well clarified. On the other hand, it is
only effective for handling blurred images under favorable
lighting conditions. The aforementioned methods inspire the
design of our approach, yet none of them explicitly tackles
the challenges posed by low-quality images.

Point tracking: Point tracking aims to establish point-
level correspondences across multiple images. Currently,
mainstream methods encompass optical flow, descriptor-
based matching, and particle video techniques. Optical flow
methods [4], [5], [28], [29] estimate point correspondences
between continuous frames based on the intensity invariance
over time, limiting their robustness for long-term tracking.
Descriptor-based matching techniques [1]-[3], [26], [27]
overlook motion information between consecutive frames,

instead identifying point correspondences based on descrip-
tors across image pairs. While particle video methods offer
high accuracy [8]-[10], they require multiple input frames
and consequently lack real-time performance capabilities.
Similarly, all these point-tracking methods depend on high-
quality images and are thus sensitive to motion blur and
extreme lighting conditions.

B. Event-Based methods

In recent years, there has been a growing trend to leverage
event cameras for enhanced keypoint detection and track-
ing. However, varied motions elicit unique event responses,
posing challenges for early handcrafted methods [15]-[18]
in robustly extracting keypoints. As a result, learning-based
techniques have gained prominence. SILC [19] employs
random forests for keypoint localization and introduces
Speed-Invariant Time-Surface to mitigate the influence of
motion speed on event representations. Inspired by the image
gradient-based corner detectors, Gradient [20] proposes to
reconstruct gradient maps from events for keypoint detec-
tion. Similarly, Long-lived [21] adopts the same network
architecture as [20] but directly predicts keypoint heatmaps
instead of image gradients, achieving superior performance.
All the above methods achieve high-frequency keypoint de-
tection and tracking. However, relying solely on event-based
methods proves challenging for mitigating inherent sensor
noise, thereby constraining the effectiveness of keypoint
detection and tracking in event streams. In this paper, we
fuse traditional cameras with event cameras to combine the
strengths of each modality, further enhancing the robustness
of keypoint detection and tracking.

III. METHOD

A. Event representaion

To input asynchronous events to the neural network, we
employ the Voxel Grid [30] as the event representation E.
This event representation effectively preserves the temporal
information of events. For a event (z;,y;,t;,p;) within a
specific frame interval, the polarity p; is allocated to the two
temporally nearest bins in £ as following:

E(z,y,t) =Y _pimax(0,1— [t — t]]),

tmaw

(1)
tf =

K2

b (B - 1)7
- man
where z, y and ¢ are the coordinates in the x-y-time dimen-
sions. ty,in and t,,4, are the beginning and end times of the
frame interval, which is temporally divided into B bins.

B. Network Architecture

As shown in Fig. 2, we first extract coarse features
from image frame I and event Voxel Grid E, respectively.
Subsequently, the image feature F; and event feature F,
are fed into the Fusion Feature Extractor (FFE). Within
the FFE, a unified feature F'f,s is generated, with a focus
on emphasizing features at the end of the exposure time.
This fused feature effectively combines information from
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Fig. 2: Overview of the proposed FE-DeTr. For each frame interval, an event representation is generated and combined with
the image frame as input to the keypoint detection network. The network outputs a sequence of uniformly spaced heatmaps.

two modalities. The event features F, are fed into the
Motion Extractor (ME) to extract motion information, rep-
resented as a set of offsets O = {OﬁsethZ, Oﬁsethg, ey
Oﬁseto}. This motion information is subsequently supplied
to the Motion-Aware Head (MAH), which performs implicit
warping of F'y,s to different time instants within the frame
interval and produces a set of heatmaps {H o gt o
HN=1} corresponding to each instant. Here, N represents
the number of output heatmaps, with a larger IV resulting in
higher temporal resolution for detection. The entire process
is designed to produce more stable detection results, which
is also the key to achieving long-term tracking.

1) FFE: To adaptively extract complementary informa-
tion from images and events, we employ dynamic filters to
enhance one modality with respect to the other. The process
is formulated as:

F.; = Convix (K, ® F+ F),
K; = Convsys(A(F})),
F = ReLU(BN(Convsys(E,))),

2

where ® represents depthwise convolution, and A signifies
adaptive average pooling. It is worth noting that Eq. (2) is
symmetric when processing both the event and image frame.

After concatenating F¢; and Fj., the combined features are
passed through the CMT Block [31], which can realize global
inter-modal feature interactions and information fusion. Sub-
sequently, a combination of convolution, Batch Normaliza-
tion (BN), and Rectified Linear Unit (ReLU) is applied for
the adjustment of the channel dimensions. The features are
then processed by a ConvLSTM layer [32], enhanced with
residual connections, to produce the final fused feature Fy,.
Meanwhile, ConvLSTM handles the propagation of temporal
information, ensuring that the network produces temporally
consistent results.

2) ME: The Motion Extractor is responsible for extract-
ing motion information from the high-temporal-resolution
events. We utilized the MA module [33] to extract motion
features, denoted as F,,,. The MA module employs spatial
and channel attention mechanisms to enhance valuable in-
formation within the event modality, simultaneously empha-
sizing motion cues while suppressing noise. Subsequently,
F,,, is passed through a two-layer convolution to obtain the
required offsets for deformable convolution in MAH.

3) MAH: The Motion-Aware Head is responsible for
propagating the stable fusion feature Iy, to various time in-
stants within the frame interval using motion information O.
The module employs an iterative strategy that incorporates
deformable convolution, which can achieve implicit warping.

We first extract the feature V1 aligned with the end of
the exposure time. Subsequently, we employ iterative steps
through a combination of deformable convolution, BN, and
ReLU to propagate FV~! to other time instants, therefore
obtain features {FVN~2, FN=3 . FO} for different time
instants. This process can be formulated as follows:

FN~1 = ReLU(BN(Convsy3(Fyus))),
F"~! = ReLU(BN(DConvsy3(F™, Offset™ 1)),
where n€Z,1 <n<N —1.
After applying channel attention [34], the features { FV 1,
FN-2 FU} are fed into the Base Head, which is
composed of several convolutional structures with a Sigmoid

function to normalize the heatmap outputs. As a result, a set
of keypoint heatmaps { HN =1, HN=2 . HO} are generated.

3)

C. Loss Function

Generally, pseudo-labels of keypoints are generated on
image frames with Harris or SIFT features [21]. These
pseudo-labels are subsequently used to supervise event-based
methods. Although this kind of supervision is straightfor-
ward, it essentially mimics handcrafted detectors without
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considering their applicability to event data. Additionally,
these methods care little about the keypoint’s repeatability.

Inspired by the self-supervised frame-based keypoint de-
tection methods [1]-[3], we employ a loss function L oy s;st
based on temporal response consistency to supervise the
network. It relies solely on the image transformation be-
tween different time instants. We achieve this by utilizing
temporally-sequenced heatmaps generated by our network
and comparing them at various time instances. This loss func-
tion encourages the network to identify keypoint locations
that remain stable across the entire temporal axis, while also
minimizing the variance of responses at these locations. It is
expressed as follows:

1
Lconsist =1- W Z C[p], (4)

peP
C[p] = Dist(H"[p], Warp(H"~', T~ ) [p]),  (5)

where P = {p} represents a collection of M x M patches
extracted from the image region. Dist is a distance metric
such as cosine similarity or L1 distance that reflects the
difference between images. And Warp(x, 7(*?)) denotes
the operation of warping the image from time a to time
b using the image correspondence 7(**). C[p] signifies the
magnitude of consistency of patch p.

Lconsist tends to flatten the response values between each
patch, resulting in a large and smooth response on the
network output. Thus, following [3] [35], we incorporate an
additional loss function L., for assistance:

Lpcaky =1 — ﬁ Z(maxH"[p] —mean H"[p]). (g)
peP

Lpeaky stretches the responses between local peaks and
local averages, thereby preventing local smoothing. However,
Lpeaky tends to generate responses on each patch, which
does not align with the reality of the situation. Specifically,
intensity-homogeneous areas are not informative for keypoint
detection and tracking. Therefore, building upon the Lycqky,
we propose a Consistency Peaky Loss L., that includes
a consistency mask to address this issue. In intensity-
homogeneous regions, the responses in heatmaps tend to be
uniform, which does not align with temporal consistency. In
other words, the responses transforming from time a to time
b do not align with the responses at time b, resulting in a
large distance metric value. Based on this observation, we
suppress the responses in regions with large distance metrics
while simultaneously enhancing the peaks in other regions:

Ly=1- L Z(maXH”[p] — mean H"[p]) M|p]
Pl 2

. (7N
4+ — Z mean H" [p](1 — M|p]),
‘,P| pEP
M C —min(C) ®)

max(C) — min(C)’
where C is the consistency magnitude defined in Eq. (5).
Lpeary can be viewed as a special case of L, with M = 1.

The overall loss function is a weighted sum of the consis-
tency loss and the consistency peak loss,

L = Leonsist + O[ch. )
The specific setting of « is detailed in the section III-D.3.

D. Implementation Details

1) Spatio-Temporal Nearest-Neighbor Tracking: Benefit-
ing from the high temporal resolution of events, our keypoint
network generates a sequence of heatmaps at evenly-spaced
time intervals within the frame interval. We identify positions
on these heatmaps with values exceeding 0.95 as keypoints.
To track these keypoints, we employ a spatio-temporal
nearest-neighbor strategy, which is designed to eliminate the
drifts during the tracking process.

For each identified keypoint, we search for a neighboring
keypoint within a spatial radius of 4 pixels and a tem-
poral window of 12 milliseconds. If a neighbor is found,
we associate the new keypoint with its existing track. In
cases where multiple neighboring keypoints are found, we
prioritize the closest one for correspondence. Conversely, if
no neighboring keypoint is found, we initiate a new tracking
sequence specifically from the new keypoint.

2) Training set: Following the approach in [21],
we apply a series of homography transformations
{70 702 TOM)Y to an initial image I° from
COCO [36]. This yields an image sequence {I*,I?, ..., M1}
that encompasses motion:

I" = Warp(I°, 7O n e Z, 1 < n < Mj. (10)

Subsequently, we simulate an event stream from this
image sequence using an event simulator [21]. We define
My < M; as the frame interval and uniformly divide
the image sequence{I', 12, ..., ™1} into intervals {S1 =
{I',1?,..., 12} §2 ... SMi/M2} For each frame interval
S™, we select the last M3 frames and calculate their average
to obtain a blurred image I. Here, M3 signifies the exposure
time within the range [0.2M>,0.6M5]. Additionally, we
apply random data augmentation to improve the robustness
of model training, including random event noises and random
grayscale transformations on blurred images.

3) Training details: We configure our system with the
following parameters: B = 10 for event representation,
N = 10 for network outputs, M = 30 for patch size,
and employ cosine similarity as the distance metric for our
loss function. We use truncated-backpropagation-through-
time of 10-time steps and employ the Adam optimizer for
the training process, which consists of two stages:

(a) We first train the network for 30 epochs with an initial
learning rate Ir of 0.0003 and an initial o of 0.25. At the
6th, 12th, and 18th epochs, we dynamically adjust Ir by
reducing it to 75% of its previous value while simultaneously
increasing « by a factor of 2. This stage is designed to enable
the network to learn temporal motion relationships, thereby
enhancing the consistency of its output detection.

(b) We then train for 1 epoch with [r = 0.0003 and
a = 2.0, utilizing the standard mask M representation in

14641



TABLE I: Performance comparison on our collected dataset.

[T3RL]

indicates cases with frame intervals exceeding §t.

Scene Method ot = 25ms 6t = 50ms | 6t = 100ms | 6t = 150ms | ot = 200ms Track Time (s)}
RPE (RFM)| | RPE(RFM)) | RPE(RFM)] | RPE(RFM)| | RPE(RFM)|
Shi-Tomasi [37]+LK [28] 2.47 (0.00) 3.97 (0.0) 17.21 (0.00) 10.02 (0.01) 24.02 (0.02) 3.38
Superpoint [1] 22.46 (0.00) 21.76 (0.00) 18.38 (0.00) 36.65 (0.01) 23.61 (0.01) 9.25
Overexposure | Superpoint™ [1] 1.80 (0.00) 2.18 (0.00) 2.64 (0.00) 3.02 (0.01) 3.24 (0.01) 8.78
Long-lived [21] 2.36 (0.05) 2.16 (0.19) 2.07 (0.40) 2.51 (0.52) 1.82 (0.65) 0.43
FE-DeTr (Ours) 1.76 (0.00) 1.90 (0.00) 2.01 (0.01) 2.10 (0.02) 2.08 (0.03) 2.15
Shi-Tomasi [37]+LK [28] 5.63 (0.01) 9.02 (0.05) 9.02 (0.10) 58.14 (0.17) 26.20 (0.25) 1.63
Superpoint [1] 64.31 (0.00) | 47.43 (0.01) 28.55 (0.06) 21.71 (0.16) 16.07 (0.25) 3.16
Dark Superpoint® [1] 5.59 (0.00) 8.09 (0.00) 7.95 (0.03) 7.70 (0.06) 8.06 (0.09) 3.83
Long-lived [21] 2.28 (0.13) 2.06 (0.27) 1.84 (0.53) 1.71 (0.71) 2.11 (0.79) 0.36
FE-DeTr (Ours) 1.57 (0.03) 1.86 (0.07) 1.89 (0.16) 2.12 (0.28) 1.92 (0.39) 091
Shi-Tomasi [37]+LK [28] 1.75 (0.01) 2.64 (0.02) 4.17 (0.04) 5.72 (0.06) 8.20 (0.08) 3.49
Superpoint [1] 8.01 (0.00) 8.61 (0.00) 16.52 (0.01) 10.66 (0.03) 9.19 (0.05) 9.01
HDR Superpoint* [1] 1.67 (0.00) 1.97 (0.00) 2.32 (0.00) 2.51 (0.01) 2.83 (0.01) 8.71
Long-lived [21] 2.20 (0.08) 2.00 (0.16) 2.20 (0.35) 2.11 (0.53) 1.74 (0.64) 0.50
FE-DeTr (Ours) 1.73 (0.00) 1.86 (0.02) 1.85 (0.06) 1.81 (0.10) 1.75 (0.13) 2.49
Shi-Tomasi [37]+LK [28] - - 2.67 (0.06) - 2.85 (0.10) 1.49
Superpoint [1] - - 20.09 (0.01) - 20.05 (0.08) 3.93
Blur Superpoint® [1] - - 5.31 (0.01) - 11.41 (0.09) 2.24
Long-lived [21] 1.78 (0.01) 1.74 (0.03) 1.73 (0.05) 1.71 (0.08) 1.79 (0.16) 0.74
FE-DeTr (Ours) 1.60 (0.00) 1.96 (0.01) 2.67 (0.06) 2.85 (0.10) 3.46 (0.17) 1.49
Shi-Tomasi+LK Superpoint Long-lived FE-DeTr (Ours)

Fig. 3: Tracking trajectories comparison under different
conditions: Blur (1st row), overexposure (2nd row), dark (3rd
row), and HDR (4th row).

the Eq. (8). The primary objective is to suppress responses
from homogeneous regions to reduce false positives.

IV. EXPERIMENTS

In this section, we first introduce the collected dataset and
the evaluation metrics, and then we compare the proposed
method with the state-of-the-art image-based and event-based
methods. Finally, we give the ablation study of FE-DeTr.

A. Datasets and Metrics

Since no publicly available keypoint dataset captures both
image frames and event data under extreme conditions,
we create a new keypoint detection and tracking dataset,
named Extreme Corner. Following the setup of the HVGA
ATIS Corner Dataset [19], we employ a DAVIS346 event
camera to capture planar patterns of 4 distinct images to
simplify the evaluation process. We set up three extreme

lighting scenarios: Overexposure, Dark, and High Dynamic
Range (HDR). For each scenario, we collect an event stream
of approximately 10 seconds in duration, accompanied by
images captured at a frame interval of 25 milliseconds. To
simulate Blur condition, we extend the frame interval and
exposure time, and then record event streams and corre-
sponding images at a 100 milliseconds frame interval, also
for roughly 10 seconds. Under each extreme condition, we
record two sequences for each planar scene, culminating in
a comprehensive dataset comprising 32 sequences.

We use two key metrics for evaluation: the d¢-homography
Reprojection Error (RPE) for assessing detection accuracy,
and the average Track Time for examining detection stability.
Definitions of these metrics can be found in [21]. Alongside
the RPE, we report the Ratio of Failed Matches (RFM),
which indicates the ratio of failed matches to total matches,
thereby reflecting the reliability of RPE.

B. Result Comparisons

To demonstrate the effectiveness of our method, we select
several traditional and SOTA learning-based methods using
either image frames or event streams for comparison. (1)
Shi-Tomasi [37] + Lucas-Kanade [28] represents a traditional
frame-based keypoint detection and optical flow method. (2)
Superpoint [1] represents a learning-based keypoint detection
and description method also on frames. (3) Long-lived [21] is
a state-of-the-art event-based keypoint detection and tracking
method. To ensure a fair comparison, all methods refrain
from utilizing enhancements such as image pyramids or
feature pyramids. Parameters for all methods are adapted to
achieve the best performance on the same dataset.

Superpoint generates numerous mismatches on regular
chessboard sequences because corners on the chessboard ex-
hibit extremely high similarity. Therefore, we also report its
performance on the proposed dataset without the chessboard
sequences, denoted as Superpoint™ in Table I for reference.
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TABLE II: Ablation study on the setup of the proposed FE-DeTr. “-” indicates cases with frame intervals exceeding dt.
“NaN” means failed cases. ““/” indicates that the total number of tracking trajectories is less than 100.

Scene Setup ot = 25ms 6t = 50ms | 6t = 100ms | 6t = 150ms | ot = 200ms Track Time (s)]
RPE (RFM)| | RPE(RFM)) | RPE(RFM)] | RPE(RFM)| | RPE(RFM)J i
(a). wlo Le¢p 2.17 (0.00) 2.55 (0.00) 2.93 (0.01) 3.07 (0.03) 3.66 (0.04) 2.27
(b). w/o MAH 2.58 (0.01) 4.19 (0.04) 3.13 (0.13) 4.98 (0.22) 3.13 (0.31) 0.93
Extreme Lighting | (c). w/o event 2.47 (0.42) 8.08 (0.83) 2.03 (0.93) NaN (1.00) NaN (1.00) /

(d). w/o frame 1.30 (0.39) 1.59 (0.55) 2.26 (0.75) 2.24 (0.88) 5.12 (0.94) 0.29
(e). full 1.69 (0.01) 1.87 (0.03) 1.92 (0.08) 2.00 (0.13) 1.92 (0.18) 1.85
(a). wlo Le¢p 1.73 (0.00) 2.23 (0.00) 3.34 (0.00) 3.92 (0.02) 4.22 (0.06) 1.93
(b). w/o MAH 2.37 (0.00) 3.01 (0.01) 4.29 (0.09) 5.96 (0.21) 4.76 (0.30) 0.91

Blur (c). w/o event - - 5.07 (0.40) - NaN (1.00) 0.41
(d). w/o frame 1.34 (0.08) 1.55 (0.13) 1.81 (0.27) 2.13 (0.45) 2.60 (0.60) 0.52
(e). full 1.60 (0.00) 1.96 (0.01) 2.67 (0.06) 2.85 (0.10) 3.46 (0.17) 149

As shown in Table I, the proposed FE-DeTr achieves the
best accuracy under extreme lighting conditions, while also
maintaining robust performance in terms of accuracy, failure
rate, and tracking time under blur conditions. Frame-based
methods face challenges due to the absence of mechanisms to
filter out mismatched points, leading to protracted tracking
times and a concomitant decrease in accuracy. The event-
based method Long-lived [21] achieves good accuracy in
low-noise and high-speed motion scenes (Blur). However, its
stability is compromised under extreme lighting conditions,
reflected by its high RFM and extremely low Track Time.
This performance degradation is especially pronounced in
dark (low light) scenes filled with event noise. By integrating
the complementary information of image frames and event
data, the proposed FE-DeTr achieves a balance between
accuracy and stability.

Furthermore, we qualitatively plot the tracking trajectories
of different methods in Fig. 3. On the one hand, the proposed
FE-DeTr exhibits smoother trajectories compared to frame-
based methods. On the other hand, our method achieves
longer tracking trajectories compared to event-based meth-
ods. These results further demonstrate the effectiveness of
our method under various challenging conditions.

C. Ablation Study

Impact of Consistency Peaky Loss. To validate the ef-
fectiveness of the proposed Consistency Peaky Loss in
eliminating false positives, we present the results of FE-
DeTr without L., in row (a) of Table II. Compared with
the full model in row (e), it can be observed that the
absence of this loss increases false responses, leading to a
greater number of incorrect point matches. While this extends
tracking lifetimes, it also decreases accuracy. Fig. 4 shows
a comparison between the output heatmaps generated by a
model trained without L, loss versus the full model.

Impact of MAH. We verify the effectiveness of the MAH
module by replacing the deformable convolution with regular
convolution and removing the iterative steps. The results are
shown in row (b) of Table II. Compared with the full model
in row (e), we can find a significant performance drop after
the modification, highlighting the strong capability of MAH
in utilizing motion information to improve the response’s
temporal consistency.

Fig. 4: Reference image frame (left); output heatmap after
training without L., (middle); output heatmap after L.,
supervision (right).

Impact of Input Modalities. To validate the effectiveness
of fusing images and events, we test the FE-DeTr on a single
modality with the other input to 0. The results of rows (c)
and (d) of each scene in Table II show the performance
on images and events, respectively. When using only the
frame input, a noticeable performance drop can be observed.
This is because using only the frame modality can’t generate
the high-temporal-resolution responses required for tracking.
When utilizing only the event modality, tracking accuracy is
improved, indicating that the keypoint localization accuracy
is somewhat influenced by low-quality images. However,
the higher RFM and extremely short tracking time suggest
poor stability when only using events, especially in extreme
lighting conditions with a high noise level. The fusion of
image frames significantly improves the stability of detection
and tracking.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we propose FE-DeTr, a keypoint detection
and tracking method that integrates both images and events.
The keypoint detection network is supervised based on
the relative motion relationships at different time instants,
enabling the exploitation of complementary information be-
tween two modalities. Compared to prior arts, FE-DeTr
achieves the best comprehensive performance with high
localization accuracy and stable tracking duration. Future
work will focus on applying FE-DeTr to the downstream
SLAM task.
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