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Abstract—Large scale active exploration has recently revealed
limitations of visual SLAM’s tracking ability. Active view
planning methods based on reinforcement learning have been
proposed to improve visual tracking robustness.

In this work, we expose the limitations of deep reinforcement
learning-based visual SLAM over longer routes. We demon-
strate that additional modalities (depth, scene layout) offer little
improvement. Furthermore, reward shaping is not the main
reason behind the shortsightedness of the state-of-the-art visual
SLAM tracker. We propose a novel video vision transformer-
based architecture that improves the farsightedness of the visual
tracker, which results in the completion of longer routes with
efficient paths.

Out of 60 challenging routes, our approach manages to
complete 56 routes, which is a three-fold improvement over
the state-of-the-art active view mapping (DI-SLAM) baseline.
Interestingly, ORB-SLAM3 was unable to complete a single
route without tracking failure. Our code is available at https:
/ftinyurl.com/w93Sspuz.

I. INTRODUCTION

There are a few well-known challenging scenarios for
visual tracking, including texture-less scenes [6], motion blur
[16] and dynamic content. Human-supervised datasets have
led to another bias, which has resulted in the overestimation
of visual tracking performance [31].

State-of-the-art SLAM algorithms successfully complete
tracking on long routes and are judged by the accuracy of
their performance. However, recently, multiple researchers
have revealed the weakness of these visual trackers on
relatively shorter routes (<10m) when the camera view is not
human-controlled [18, 21]. Interestingly, a blind navigation
agent, having a rough idea of the goal direction, performed
better than the agent having visual information [21].

The advent of realistic and high fidelity simulators [26, 27],
which consist of larger numbers of different environments,
as compared to well-known benchmarks [29, 8], has allowed
large-scale active evaluation, which has led to these findings.
These simulators have made active camera view planning
relatively easier to evaluate. Active navigation in the physical
world has numerous constraints [1], which has stunted the
growth of these algorithms. Furthermore, these simulators
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have also demonstrated acceptable simulation to reality per-
formance transfer [21].

In this work, we evaluate a state-of-the-art active vi-
sual SLAM approach called Deep Introspective SLAM (DI-
SLAM) [21]. In this work, Naveed et al. [21] developed a
deep reinforcement learning (RL) approach to avoid tracking
failures in visual SLAM. This active mapping approach
managed to improve the track length of the state-of-the-art
visual SLAM (ORB-SLAM [20]) by five times.

Our evaluation of DI-SLAM [21] reveals that this sys-
tem performs well over shorter routes. However, this active
mapping approach suffers over longer routes (Fig. 1). The
path generated by this active mapping approach has a zigzag
pattern (Fig. 1a), which makes the tracking relatively robust
but results in inefficient paths. Additionally, this zigzag path
requires a sudden change in navigating the agent’s direction,
which is difficult to achieve in the physical world, considering
the inertia of the moving agent.

Investigating the failure cases of DI-SLAM reveals that it
gets stuck in corners and closeups (Fig. 1), which ultimately
results in tracking failure. Intuitively, including depth of
information may improve the spatial understanding of the
agent and help avoid these closeups. Surprisingly, including
the raw depth information offers little improvement (Fig. Ic,
Table I).

Interestingly, providing the top view (layout [25]) of the
environment improves the planning of the agent. This indi-
cates that DI-SLAM is unable to transform raw depth into a
meaningful representation (layout) of the scene and requires
additional help. Previously, Salas et al. [25] demonstrated that
a high level of understanding of the scene improves tracking,
reconstruction and map management. However, extracting the
layout of the scene is limited to a few (mainly cuboid) scenes
[25]. Additionally, this affects the real-time requirement of
SLAM.

Crafting the reward function is another component that
shares the responsibility for the under-performance of rein-
forcement learning. This limitation of reward may be avoided
by leveraging imitation learning [6]. However, imitation
learning requires human involvement, limiting its effective-
ness in novel scenarios. Our results demonstrate that reward
shaping is not the main reason causing short-sightedness in
DI-SLAM [21].

In this work, we propose a memory-based approach, which
requires only visual input to improve the short-term planning
of DI-SLAM. We evaluate backbones based on long-short
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Fig. 1:

®)

Visual Tracking Over Longer Routes: (a) We evaluate the tracking performance of the state-of-the-art active view mapping

(DI-SLAM [21]) over a route that spans multiple rooms. The DI-SLAM agent starts well; however, when it is about to enter alley (b),
which requires multiple turns in quick succession, the agent gets confused and starts making random back-and-forth moments. This
indicates the short-term planning nature of DI-SLAM. This limitation is again visible in another episode (c), where the DI-SLAM agent
is unable to make a sharp turn (red line). Interestingly, providing the raw depth (orange line) results in tracking failure earlier along
the route. Providing the scene layout information improves the performance (green line) but fails around the sharp turn. Our proposed

approach (blue line) manages to reach the goal. S: Start, G: Goal.

term memory (LSTM) [10] and transformer architecture
[3]. Both these pipelines are known to improve long-term
reasoning.

Our proposed approach improves the performance of active
mapping 3 times. Out of 60 episodes, ORB-SLAM3 [4] was
unable to complete a single route, DI-SLAM [21] completed
the route 19 times, while our proposed approach managed to
complete the challenge on 56 scenes (Table I). Furthermore,
our approach takes 20 % fewer steps to reach the goal than
the DI-SLAM [21], indicating a reduced change in path
directions, making it more practical.

Contributions

o In this work, we reveal the short-term planning of DI-
SLAM [21], which results in shorter navigation routes
due to tracking failures. Furthermore, the aforemen-
tioned short-sightedness results in a zigzag motion,
resulting in inefficient path planning.

« We introduce long-term reasoning in active view map-
ping, which increases the success rate of tracking over
longer routes, as well as achieves more efficient path
planning using only a monocular camera.

II. RELATED WORK

ALVINN [22] is the pioneering work which incorporated
active planning for navigation agents. In another seminal
work, Michels et al. [17] demonstrated navigation using a
single camera. The aim of these agents was to complete
the navigation by either staying on the road and/or avoiding
obstacles. Maintaining visual tracking was not the focus of
these approaches.

There is a long history of improving the robustness of vi-
sual tracking. The classic approaches fall into two categories.
The first approach consists of planning safe paths [12], which
usually means paths having loops, which improves the quality
of the map and ultimately results in robust tracking. There are

a few approaches [19, 5] that try to choose a feature-rich path
a.k.a. next-best-view (NBV), leveraging the available 3D map
([19]) or the image texture [5]. However, these approaches
have limited utility, as shown in [11], especially for indoor
scenarios.

The second approach consists of post-failure tracking
recovery methods. PTAM [14] incorporated a relocalization
module to recover from tracking failures. ORB-SLAM [20]
has built an elaborated loop closing pipeline which has been
adopted by multiple SLAM pipelines and has become the de
facto recovery method. However, there are no guarantees that
the agent itself will be able to complete the loop and recover
from failures.

Standard benchmarks [8, 29] include long persistent revis-
its which make it easier for loop closing methods to recover
from the tracking loss [13]. Recently. Qureshi et al. [11]
demonstrated an active loop closing approach. However, this
approach requires recovery action to be initiated instantly,
which is not possible due to the inertia of the navigation
agent.

Above mentioned post failure recovery mechanisms offer
no guarantees of recovery. If the agent manages to revisit
the place only then these methods will come into effect. Our
focus is predicting the tracking failures beforehand thereby
avoiding them.

There are a few learning-based approaches proposed for
outdoor scenarios to avoid tracking failures. Hartmann et
al. [9] learned the match-ability of features, which allowed
maintaining only those features which will result in long-term
tracking. This approach is best suited for environments with
repeating textures (trees, leaves). Saxena et al. [28] learned
maneuvers to recover from tracking failures under sun glare,
large shadows, and closeups. Similarly, Rabiee et al. [24]
leveraged depth along with images to manage sun glare. The
focus of our work is reliable tracking in indoor scenarios,
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Fig. 2: Overview: Our Deeper Introspective SLAM (D?I-SLAM) leverages the large receptive field of the video transformer (dashed box)
to evaluate the safety of the action proposed by the path planner by considering a large batch (32) of images at a time. The previous active
mapping approach (DI-SLAM [21]) resulted in a reactive policy due to the limited receptive field of CNN architecture (b) deployed, which
considers a single image at a time. Deploying a much deeper network (c) having a combination of convolutional and long short-term
memory (LSTM) layers improves the farsightedness of the active mapping agent; however, the proposed video transformer-based approach

outperforms all the baselines.

which are mostly textureless, and generating recovery ma-
noeuvres is slightly more challenging.

There are a few custom solutions designed to avoid track-
ing failures in (texture-less) indoor scenarios. Prasad et al.
[23] proposed a Q learning-based approach to avoid tracking
failures around corners and sharp turns. Naveed et al. [21]
fused this Q-learning approach with deep networks. They
evaluated their deep reinforcement learning DI-SLAM on a
larger scale, leveraging the recently made available realistic
simulators which offer a large variety of indoor scenes. Dai
et al. [6] proposed an imitation learning approach to avoid
tracking failures indoors. The imitation learning approach
requires human input, which limits extending it to novel
scenarios. Therefore, similar to DI-SLAM [21], our focus
is an automatic reinforcement learning approach to improve
tracking over longer paths.

ITI. DEEPER INTROSPECTIVE SLAM (D?I-SLAM)

In this section, we describe in detail our novel approach
to improve long-term reasoning in active visual SLAM, lead-
ing to robust tracking performance over longer routes. The
training and experimental environment during deployment
are inspired by Naveed et al.[21] using ORB-SLAM3.

A. D?I-SLAM Deployment Policy

Our aim is to learn a Q4 (s, a) function which evaluates
the quality of action a given the current state s. At each
step, the selected action must avoid the tracking failure

(Fig. 2a). Prior work on active mapping [21] considers
an individual current frame as the current state, and the
action is selected from a set of six actions/moves, i.e.,
o/ = {forward/backwards, clockwise/anticlockwise rotation,
lateral left/right translation}. Given the start and the goal
position, the in-built path planner of simulator [26] provides
the navigation path (Fig. 2a). The agent uses the monocular
visual input to track its motion using ORBSLAM3 [4]. At
each step along the planned path, the agent evaluates the
safety of the recommended action o using the Q4(s,a)
function. If the corresponding Q value of action a is higher
than the threshold value (-28), the agent will perform the
recommended action a. Otherwise, the navigating agent takes
a random action. The path is re-planned at this stage from the
current location to the provided goal. The process is repeated
until the agent reaches the goal or loses tracking.
B. D2I-SLAM’s Leveraging Video Transformer For Farsight-

edness

As mentioned earlier, DI-SLAM [21] manages to improve
tracking of the state-of-the-art visual SLAM (ORB-SLAM3
[4]) over short paths; however, it has difficulty maintaining
tracking over longer paths. DI-SLAM deploys a convolu-
tional neural network (CNN) based architecture (Fig. 2b)
to learn the Q4(s,a) function. However, CNN is unable
to see the big picture (limited receptive field) as compared
to recurrent neural networks (RNN) and visual transformers
[30, 3].
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Therefore, we plan to overcome this shortsightedness by
leveraging the visual transformer-based architecture (ViViT
[3]) that takes a video segment as input (Fig. 2a) as compared
to a single image. As shown in the results, our proposed
approach outperforms even the architecture based on a
combination of convolutional and long short-term memory
(LSTM) layers (Fig. 2c).

More formally, at any given instant, our tracking agent
has access to the current frame and k-1 previous frames.
This set of k (32) frames will form the current state
st = {L;,L;_1,...,L;_p11}. Each frame I is divided into
16 x 16 patches (as per [7]) leading to a set 2~
{X1,X2,...,X16x16xk} for a frame of size 256x256. Em-
bedding e is generated for each patch x, leading to a set
& = {ej,eq,...,€16x16xk}- A position encoding vector
is added to each embedding. The resulting embeddings are
concatenated before feeding into the transformer encoder.
Following the transformer encoder, we add three fully con-
nected layers (Fig. 2a, Algorithm 1).

C. D?I-SLAM Training

Algorithm 1 Deeper Introspective SLAM

Initialize the main and target Q network with random
weight values ¢ and ¢’, respectively
Initialize experience replay buffer D
while max iteration is not reached do
forr=0,1,...,7— 1 do
for each state sy do
Z < getPatches(s;) > 2" = {x1,..,X16x16xk }
& <« getEmbeddings(27) > & = {e1, .., €256xk }
&, <« addPositionEncodings(&)

X <« transformerEncoder(&,) > X € R192x!
X <« FC_Layer(X) > X € R512x1
X <« FC_Layer(X) > X € R?6x1

Q4(s¢,a) <= FC_Layer(X)

With probability € select an action a;

Otherwise a; = argmax, Q(s¢,at)

Observe the next frame I;,; and reward r,

From I, create s;4

Store (s, at, r+,S¢+1) in the replay buffer D
Uniformly sample a random mini-batch B from D
Set the target

-

Minimize the mean square error loss

Lo =2t Y (- Qusia))?

2 |B| (st,at,mt,5¢+1)EB

if the episode terminates at sy
otherwise

Tt
Te+ymaxe, eor Qur (St41,at+1)

Every C steps, update the target variable: ¢’ < ¢
Set St+1 & St

Our visual navigation agent will explore the (simulated)
environment to gather experience. During exploration, at any
given instant, the action for the current state s¢ is selected

via ¢ greedy policy (Algorithm 1), after which the reward r;
and the next frame I;;; are observed.

This next frame I;;; will in return create the next state
St41 = {It+1, L, ..., Li_x}. The current state, the action
performed, the reward gained, and the next state observed
are stored as a tuple memory D (Algorithm 1).

Reward shaping is the next challenge in reinforcement
learning. We have adopted the reward (Eq. 1) provided by
[23, 21].

T(Sv a) = a1 Top + a2y + az, (D

where T,, represents the number of overlapping tracking
features between two consecutive images. o is the regulation
constant for Ty, with a value of 10/400, where 400 represents
the upper limit of overlapping tracking features. ag is a
constant term with a value -10 so that the reward remains
negative at all times. 1) is the SLAM failure indicator, with
the usual value of zero. Its value is raised to 1 when the agent
faces a SLAM tracking failure. It is then multiplied with a
constant ag = -10, thereby making the reward function highly
negative. This high negative reward helps in negative rein-
forcement, which, in turn, ensures SLAM failure avoidance.

As shown in the results, even with the adopted award, our
approach manages to maintain tracking over longer routes.
Therefore, we conclude that reward shaping is not the hurdle
behind the short-term reasoning of DI-SLAM [21].

To balance out the exploration of new actions that have
instantaneous rewards with the exploitation of known high-
reward actions, we need to keep in mind the role of future
rewards. This balancing act is achieved by setting the target
y using Eq. 2
2

y=ri+v max Qg (Sty1,041),
apy1€4

where v is the discount factor with a typical value ranging
between O and 1. It decides the weightage given to future
rewards.

In order to train our transformer-based Q-network (broken
line in Fig. 2a), we sample B tuples from Memory D. For
each experience (episode), the hidden states of the target
network are updated as per algorithm 1 by optimizing the
loss function L(¢) (Eq. 3). After every C steps, @, replaces

Qo

11

— 28] (y — Qo(st, ar))?

L(¢)

>

(st,at,rt,8¢4+1)€EB

3)

IV. EXPERIMENTS

A. Baselines

1) ORB-SLAM3 [4]: We evaluate the tracking perfor-
mance of the state-of-the-art visual SLAM (ORB-
SLAM3 [4]) over a variety of challenging scenarios,
including longer distances and sharp turns.
Safe-SLAM [23]: The Safe-SLAM approach avoided
tracking failures in ORBSLAM [20] .We have imple-
mented and tested Safe-SLAM in MINOS [26] using

2)
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Fig. 3: Additional Modalities for DI-SLAM [21]. Depth image
(a) and the 2D map (b) provided by MINOS [26].

ORBSLAM3 [4] with a fixed rotation angle of 0.40
rad.

3) DI-SLAM [21]: This approach incorporates a deep RL-
based network to predict dangerous actions. This ap-
proach utilized ORB-SLAM [20]. We have re-evaluated
DI-SLAM with ORB-SLAM3 [4] for a fair compari-
son.

4) DI-SLAM [21] with RGB-D input: We augmented
the RGB image with depth image (Fig. 3a) at the
input of the Deep RL network. We retrained the up-
dated depth-conscious approach for approximately ~60
hours, which is equivalent to the training time of DI-
SLAM [21].

5) DI-SLAM [21] with 2D map: In this method, we
updated the DI-SLAM [21] by augmenting the RGB
image, with a top view (layout) of the scene (Fig.
3b), at the input. We retrained the updated agent for
approximately ~60 hours.

6) DI-SLAM [21] with LSTM layer: In this method, we
updated the backbone of DI-SLAM [21] by replacing
the shallow network (Fig. 2b) with a much deeper net-
work RESNETS50 ([15]). In order to improve the long-
term reasoning, we used the long short-term memory
(LSTM) layer after RESNETS50 (Fig. 2c¢).

B. D?I-SLAM Qualitative Analysis

We evaluate our D?I-SLAM on a long route spanning
multiple rooms, containing multiple sharp turns, with a
distance of 15.62m between the start (S) and the goal (G)
(Fig. 4). In this experiment, the agent needs to enter a living
area from outside, cross the living area and enter a room via
a wide corridor.

The path provided by the inbuilt path planner (blue line in
Fig. 4) of the simulator has multiple sharp turns. Our agent
largely follows the path (red line in Fig. 4) closely except at
sharp turns (circles highlighted in Fig. 4). We investigate the
visual input at these crucial junctures.

Visual input from ORB-SLAM3 [4] shows that the number
of tracked features is limited in the region of the recom-
mended next step. Opting for the recommended action might
lead to tracking failure. The path planner recommends the
right step (purple, green, and yellow frames); however, the
number of tracked features is negligible in the right half of
the key frame. Hence, our agent avoided taking that action.

Our approach manages to reach the goal in longer routes
(~28 meters) spanning over multiple turns (Fig. 5). Previ-
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Fig. 4: D*I-SLAM in action. The blue line (a) represents the
recommended path from the start (S) towards a goal (G), while
the red line represents the path followed by our D?I-SLAM. Our
agent closely follows the optimal path except at sharp turns (circle
highlighted) where the recommended action is deemed dangerous
(highlighted by red box in (b)) by our approach, in which case the
agent makes a random manoeuvre (highlighted by black box in (b)).

(a) Path Length: 20.03m

(b) Path Length: 27.58m

Fig. 5: Our D*I-SLAM manages to successfully complete longer
routes (red line) extended over several rooms and multiple turns.

ously active mapping [21] was attempted on shorter routes
(~17 meters).

Our approach is real-time and processes the input image
with an average inference time of 21 milliseconds. Our
system details include the CPU: Intel(R) Core(TM) i5-9300H
CPU @ 2.40GHz and GPU: GeForce GTX 1650.

We also analyse the cases in which our approach failed
to reach the goal (Fig. 6). A closer look at the failure
frames (frontal view of failure point in Fig. 6) shows that
the agent fails when it is faced with tight alleys/entrances.
These situations have little room for recovery manoeuvres.
Additionally, it’s difficult to plan the path if the scene is not
visible from afar. An agent can only cross the bridge once it
reaches one.

C. Results Comparison

We collected 60 navigation episodes containing longer
distances (with a total path length of ~ 585 meters for
all episodes), sharp turns and texture-less scenes. The re-
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Fig. 6: Understanding limitations of our approach. Our agent
(red track) fails in scenarios where the prospective scene is not
visible from far away, as is the case in scene transitions with narrow
entrances.

TABLE I: Tracking Robustness: D?I-SLAM agent shows
resilience over all other baselines. The data is presented for
60 extensive experiments.

Method Success Number Short Textureless Sharp Longer

rate of steps routes routes turns routes

ORB-SLAMS3 [4] 0/60 1978 v X X X
Safe-SLAM (23] 9/60 2677 X X v X
DI-SLAM [21] 19/60 12049 v v v X
DI-SLAM+Depth (ours) 18/60 11243 v v v X
DI-SLAM+2D map (ours) 28/60 11585 v v v X
DI-SLAM+LSTM (ours) 45/60 12330 v v v

DZ2I-SLAM (ours) 56/60 9756 v v v vV

sults presented (Table I) show an average of all navigation
episodes.
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Fig. 7: Comparison with Baselines. Compared to previous DQN
variants, our Deeper Introspective-SLAM takes less steps and
achieves the goal in 56 out of 60 episodes, as evidenced by the
largest total distance covered towards the goal.

1) Tracking Robustness

We present an overall quantitative comparison of our
approach with other baselines in Fig. 7. We performed 60
experiments out of which our approach managed to reach
the goal in 56 experiments. Our approach (Fig. 7) manages
to complete episodes while taking lesser number of steps
as compared to other baselines. Moreover, Fig. 7 further
emphasizes our agent is actually moving towards the goal
instead of just roaming around because it has the least

TABLE II: Path Optimality: Our Deeper Introspective SLAM
achieves the most optimal path as indicated by SPL [2] value.

Method  ORB- Safe- DI- DI- DI- DI- D21
SLAM3 SLAM SLAM SLAM + SLAM + SLAM + SLAM
[4] 23] [21] Depth 2Dmap LSTM (ours)
(ours) (ours) (ours)
SPL 0.00 0.04 0.08 0.08 0.13 0.23 0.30

distance left towards the goal as compared to all other
approaches.
2) Path Optimality
According to Anderson et al. [2] SPL i.e. Success
Weighted by Path Length is an important parameter to gauge
the path optimality of any mobile agent, The metric is given
in Eq. 4.
1 l;
SPL= ; Si— i) (4)
where M is the total number of episodes, S; is the binary
indicator of success or failure (0,1) in episode ¢, I; is the
total distance (optimal) to goal in episode ¢, and p; is the
distance (optimal or otherwise) taken by the agent to reach
the goal. According to the SPL equation, it is important for
an agent to not only reach its goal but also attain it via an
optimal path. As evident from Table II, our approach yields
the maximum SPL out of all baselines.

V. CONCLUSION

We investigated the tracking limitations of deep reinforce-
ment learning-based visual SLAM (DI-SLAM) over longer
routes. We found that the existing methods, even when
augmented with additional modalities, do not significantly
improve tracking performance when the agent is faced with
longer distances. To address this issue, we focused on en-
hancing the farsightedness of the visual tracker and proposed
a novel video vision transformer-based deep reinforcement
learning architecture. Experimental results demonstrate that
our novel approach considerably improves the tracking ro-
bustness of Visual SLAM while outperforming other base-
lines on path optimality. We release our code to assist the
community in developing active solutions for robust visual
SLAM.
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